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Abstract

This paper introduces EvolvingWorld, a frame-
work and benchmark for character and world
co-evolution in interactive literary worlds. Ex-
isting systems either treat interactive literary
simulation as static persona imitation or iso-
lated scene generation, failing to capture how
characters and worlds evolve together over time.
To address this, EvolvingWorld models liter-
ary simulation as a long-horizon process where
characters interact, scenes progress, and char-
acter and world states are persistently updated.
Unlike prior systems relying on fixed schemas,
EvolvingWorld adopts an open-schema frame-
work to support simulation across diverse liter-
ary worlds. The framework consists of two cou-
pled modules: a Character Agent for multi-
character role-play and persistent profile evo-
lution, and an LLM-based World Model for
global and location/entity-level state mainte-
nance and scene progression. Based on this
architecture, we formulate 7 trainable tasks for
scene initialization, interaction generation, and
state update. We construct a dataset from 57
books, producing 138,596 supervised training
samples and 222 snapshots for testing. Further-
more, we introduce a trajectory-level LLM-as-
Judge evaluation protocol spanning 10 dimen-
sions and 20 metrics. Experiments show that
EvolvingWorld can improve long-horizon sim-
ulation by effectively maintaining persistent,
coherent character and world development. !

1 Introduction

Large language models (LLMs) have enabled flu-
ent role-playing agents that imitate fictional charac-
ters and sustain persona-grounded dialogue (Shao
et al., 2023; Wang et al., 2024, 2025b; Zhou et al.,
2024; Xu et al., 2026a,b). Yet simulating a literary
world poses a harder long-horizon challenge: as
a story unfolds, characters revise beliefs, motiva-
tions, and relationships, while locations, objects,
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Figure 1: A simulation case from EvolvingWorld. Start-
ing from a snapshot derived from a book, multiple char-
acters interact as both character and world states evolve.

and background conditions also change. The goal
is therefore not only to produce the next plausible
utterance, but to maintain coherent character and
world states across scenes.

Existing role-playing systems fall short in three
ways. First, most persona-based agents rely only
on static profiles or short dialogue contexts (Li
etal., 2023; Lu et al., 2024; Yang et al., 2025; Zhou
et al., 2025; Liu et al., 2026b). Second, multi-agent
environments often use manually specified sand-
boxes, making them hard to scale to diverse literary
worlds (Park et al., 2023; Yan et al., 2023; Yu et al.,
2025b). Third, prior book-grounded systems focus
on single-scene role-play (Wang et al., 2025b; Xu
et al., 2026b) or partial long-horizon updates. For
example, BookWorld (Ran et al., 2025) updates
characters’ goals and states, and global events, but
lacks full profile evolution, location/entity-level
world updates, and trainable subtask supervision.

We argue that literary world simulation requires
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Table 1: Comparison with representative role-play frameworks. Character columns cover explicit profiles, automatic
profile updates, and whether character states use open rather than fixed schema. Interaction columns cover multi-
character scenes and automatic scene initialization or switching. Message columns indicate whether generated
messages include speech, thought, action, environmental messages, and collective messages by multiple characters.
World columns cover support for diverse worlds, global world settings, global world state evolution, open-schema
world representations, and location/entity-level state modeling. Symbols indicate full support (v'), partial support
(®), or no support (X). Detailed clarifications for partial support are provided in Appendix A.

open-schema co-evolution. Open-schema means
that the system infers the relevant character and
world dimensions from each book rather than forc-
ing all stories into fixed slots: character dimensions
can differ between a detective’s investigative habits
and a Victorian orphan’s social position, while
world dimensions may shift from school rules and
class hierarchies to political orders or supernatural
systems. Once these dimensions are constructed,
co-evolution keeps character and world states cou-
pled: character actions can reshape locations or
social orders, while world changes can in turn alter
motivations and profiles. The key difficulty is de-
ciding which dimensions to track, when evidence
justifies profile updates, and how local events prop-
agate to global, location, and entity states. Thus,
we reframe interactive literary world from charac-
ters and worlds that remain largely static to ones
that can fully develop beyond their initial descrip-
tions as long as supported by ongoing interactions.

We present EvolvingWorld, a framework for
open-schema character and world evolution in in-
teractive multi-agent literary worlds. Given a book
snapshot, EvolvingWorld simulates the story for-
ward with two coupled modules: an open-schema
Character Agent for multi-character role-play and
profile evolution, and an LLM-based World Model
for global, location, and entity-level state tracking
and scene progression (Figure 1). Within the Char-
acter Agent, profile dimensions may evolve at dif-
ferent speeds: emotions can shift quickly, while
personality traits often require accumulated evi-
dence. We therefore use a hidden tracker to store
weak or emerging evidence separately before they

justify profile updates. We decompose the frame-
work into 7 supervised tasks covering scene initial-
ization, interaction generation, and state update.

We construct a dataset from 57 books, yielding
138,596 supervised training samples and 222 test
snapshots. We also introduce a trajectory-level
LLM-as-Judge evaluation framework covering 20
metrics, measuring persistent character and world
development beyond local role-playing quality. Ex-
periments show that EvolvingWorld reduces the
long-horizon performance degradation often ob-
served in previous frameworks (Figure 3).

Overall, we make 4 contributions: (1) a new for-
mulation of interactive literary world simulation as
a long-horizon process in which characters and the
world can fully develop beyond their initial descrip-
tions based on interactions rather than updating
only a few predefined fields, shifting the objective
from reproducing the original book toward sustain-
ing a grounded, continuously developing world;
(2) EvolvingWorld, a simulation framework that
couples an open-schema Character Agent with hid-
den trackers for multi-timescale profile evolution
and an LLM-based World Model that maintains
open-schema global and location/entity-level states
while guiding scene progression, decomposed into
7 trainable tasks; (3) a benchmark built from 57
books with 138,596 training samples and 222 test
snapshots, together with trajectory-level evaluation
framework covering 20 metrics; and (4) empirical
evidence that EvolvingWorld reduces long-horizon
performance degradation, demonstrating the value
of co-evolving character and world states.



Literary Data
Extraction

Training and Testing

2]

Samples

Data Extraction Pipeline

p
e Co-Evolution Simulation Pipeline

s N
0 Outputs and Evaluation

. Tack-cnecific Traini . f,_\ e " Generated Trajectory of scenes:
Literary A. Task-specific Training Data S (O ) Location_ ) 7
Books World Model Tasks Select |@ World Model | S;“[“"“’ t(scenc19)  t+1 (scene20)  t42 (scene 21) o+
- Select
SV ((Scene_Cast] [ Location_Scenario ) participants Z, [l State Sy, g location * * *
orend 1 ! ‘ £
= - - - et (Global State G, and plan i
(Next_Character ] ((World_Update ] \ Location States ) scenario 7;

3

pa— g Training Sample (Seene Cast) | | /7 o @ T T e [
EE) > 0=~ - = Messages Target (JSON/test) T
B2~ = ! | | World_Update Next_Character
5 3 You are the scene-cast . . . AN
Clean& Extract Model 00| | [ piomer e S| thas next scene”: e, Update world Choose next ~ &)
Segment Scenes  States z Tworld /eharactor state, | YoIved characters state S | = character i z, or ) A
g ["Nora”, "Torvald ...]} w end the scene =
previous_scene] Q:,.& (B
Constructed Data Resources o % y b4
{ ) m Character Agent Tasks Interaction_Gen
Scenes i ) )
! (Motivation_Update)  (Interaction_Gen ) Generate interaction yrc &
1 — (thought, speech, action) Ve ~N
{ Character_Update
i
i I . e | | €EN— - ===- Benchmark / Evaluation
e.g. Training Sample (Motivation_Update) o S 0 ivati
2. g Sample (M _Up: Character ) [ Character 1 Motivation )
f“"cg‘ s Ne“S Messages Target JSON/test) Update : ) Agent ! Update LLM-as-Judge Trajectory Evaluation
Scene Scene I T 1 ’ e I : °
¢ 4 You are morivation {"motivation": "My Update all i States (S ! Update
(look-ahead) /7’“'";‘;"/"/' Wik entire being is now participants’ | ! 1 Y ¥ Character Consistency
{world / character _state, | focused on ..."} ; 1 Hidden MO for all o .
§ current_scene_plan} state SLY i > n' participants o v Evolution Quality
Character States AP | v EBnvironment Grounding

Disambiguated Name
B. Testing Data

Open-schema profiles

]

+ Dynamic

Hidden-tracker Snapshots from books for each sample

Locati

Concrete Scene Example: A Doll’s House, scene 19
Participants: Torvald, Nora ...
: The Helmer Apartment

v Interaction Quality

Character - q
¥" Motivation Generation

v Instruction Compliance

book_name | A Doll’s House y
[ D00kt ] Scenario: It is late at night in the living room...
\ . . v Scene Planning
; " cene o

I{ World States i | Sceneindex ] 19 H [1 finally open it..] (Take out the contents of the @ ¢ Speaker Management

H y alobal: ation: ter bos and e 10 the kitchen) Helen! elon Speaker Manages
| - Global: Openschema | | world_state | {global: {..}, location: {...}} T letter box and go to the kitchen) Helen!—Helen, A e il
1 + Location / entity: i character_state | {Nora: {...}, Torvald: {...}, ...} Torvald putouiithellistitioventheliontdoor . v stion Compliance
i Al i [orevions sconc | - = = World Instruction Compliance
i et i previous_scene | (scene 18: ...) q ("2 World State: Letter box — empty )
!  Dynamic ! [ 1 .
S D, ID/0ODtag | ID ) \__ACharacter State: Nora — core personality JAR )

Figure 2: Overview of our EvolvingWorld framework. It contains following stages: Dataset Construction, parts 1-2
(Section 3.3); Simulation Pipeline, part 3 (Section 3.2); and Evaluation Method, part 4 (Section 3.4).

2 Related Work

Role-Play Agents. Role-playing language agents
have progressed from scripts (Wang et al,
2024) and self-alignment (Lu et al., 2024; Yang
et al., 2025) to training-based personality simula-
tion (Shao et al., 2023; Zhou et al., 2024; Wang
et al., 2025¢), multi-modality (Dai et al., 2025)
and memory retrieval (Gao et al., 2025; Yu et al.,
2025a). While these systems typically treat per-
sonas as static anchors, we enables open-schema
character evolution over long-horizon narratives.

Multi-Agent and World Model. Believable
simulation needs grounded interaction. While so-
cial (Park et al., 2023; Piao et al., 2026; Zhang
et al., 2025) and gaming (Yan et al., 2023; Wang
et al., 2025a) environments rely on fixed sand-
boxes, which do not scale to diverse worlds, role-
play agents like CoSER (Wang et al., 2025b) and
AdaMARP (Xu et al., 2026b) lack world mod-
eling. BookWorld (Ran et al., 2025) contains a
world agent but uses a predefined fixed schema
and only static world states. Recent advances ex-
plore LLM-based world models (Chu et al., 2026;
Li et al., 2026) and also open-schema in event ex-
traction (Bai et al., 2026; Lu et al., 2026), which
haven’t been studied in interactive literary worlds.
We bridge this gap by supporting LLM-based open-
schema world evolutions for diverse book worlds.

Role-Play Evaluation. Evaluation has shifted
from fluency toward behavior (Tu et al., 2024; Zhou

et al., 2025; Boudouri et al., 2025). While some
recent works have introduced trajectory-level evalu-
ation (Xu et al., 2026b; Ye et al., 2025), the quality
of state evolution remains underexplored. Evolv-
ingWorld introduces a trajectory-level framework
to further quantify persistent character and world
development in open-ended environments.

3 The EvolvingWorld Framework

Figure 2 provides an overview of EvolvingWorld,
with data construction, simulation pipeline, and
evaluation method. It unfolds a book from a chosen
narrative point into an evolving interactive literary
world. Given a structured state snapshot at that
point, it simulates scene-by-scene interactions over
persistent character and world states modeling.

3.1 Design Principles of EvolvingWorld

Table 1 compares EvolvingWorld with existing
role-play frameworks. Most prior systems face
two main limitations: their characters rely on fixed,
static profiles that cannot evolve over time; and
their worlds are either rigid sandboxes or lack de-
tailed entity-level state tracking. To address these
gaps, EvolvingWorld introduces two core compo-
nents, a Character Agent and a World Model, to
drive open-schema, long-horizon evolution.

3.1.1 Character Agent

The Character Agent represents each character with
an open-schema profile, since characters from dif-



ferent books vary a lot: a detective may have inves-
tigative habits, while a Victorian orphan is better
characterized by social position. Prior literary role-
play frameworks (Wang et al., 2025b; Xu et al.,
2026b; Ran et al., 2025) rely on fixed profile di-
mensions. In contrast, we provide only reference
dimensions when constructing profiles, allowing
LLM to select, merge, or introduce new fields ac-
cording to the book’s genre, setting, and style.

Beyond individual characters, the Character
Agent also supports the environment and character
groups as special acting units. They enable environ-
mental events and shared group interactions within
the same interaction loop.

The Character Agent further supports persistent
profile evolution. Unlike prior works (Ran et al.,
2025; Park et al., 2023) updating only several pre-
defined dimensions such as memory or psycholog-
ical state, we treat every dimension in the open-
schema profile as a potentially evolvable part of
the character state. Moreover, profile dimensions
may evolve at different speeds: mood may change
quickly, but personality requires accumulated ev-
idence. To model this multi-timescale evolution,
we introduce a hidden tracker that records weak or
emerging evidence separately from the profile. This
design prevents premature profile updates while
allowing repeated signals across scenes to accu-
mulate into later changes. During evolution, the
Character Agent considers both dimension-level
changeability and accumulated hidden evidence
before updating states.

3.1.2 World Model

The World Model maintains both a global world
state and location-level physical states. The global
state captures world-level settings, such as histori-
cal background and social institutions. Since liter-
ary works construct vastly different worlds, ranging
from school narratives to post-apocalyptic societies,
we adopt an open-schema design that avoids reduc-
ing the global state to fixed dimensions, unlike prior
systems like BookWorld (Ran et al., 2025).

In addition to global state, we explicitly model
the physical state of each location. Sandbox-based
environments such as Generative Agents (Park
etal., 2023) and LARP (Yan et al., 2023) depend on
a manually predefined single world, which limits
scalability across diverse worlds. We instead use
an LLM-based World Model to construct detailed
physical states for all locations and update them
throughout simulation. Locations can be nested

with sub-locations, such as a house with rooms, or
separate atomic locations, such as the road outside
the house. For each level of location, the frame-
work maintains a detailed description and tracks
all important non-character entities and their states,
such as a Christmas tree standing by the window.
Both global and location-level states are automati-
cally updated through character interactions.

Together, these evolving character and world
states enable long-horizon, cross-scene simulation
in interactive multi-agent literary worlds, where
characters are not constrained to static personas
and worlds are not treated as passive backdrops.

3.2 Simulation Pipeline and Task Formulation

We now formulate how Character Agent and World
Model are composed into a co-evolution simula-
tion pipeline. Starting from a snapshot of a book,
the simulator repeatedly plans a scene, generates
multi-character interactions, updates the world dur-
ing the scene, and revises character states after the
scene. This turns the design principles above into
a sequence of tasks, supporting end-to-end long-
horizon simulation. To keep it clear, we define the
states and modules’ observations, and present the
seven tasks in their execution order below.

States and observations. At scene step ¢, let 7
denote the full character set and L the set of loca-
tions. The simulator maintains a global world state,
one location state for each location ¢ € £, and one
character state for each character i € 7:

SEW = (GW, LY, rec,

SE0 = (PHO g O M0 e T,

Here Sfjj(t) denotes the world state at location £,
while Si’(t) denotes the state of character ¢. In par-
ticular, G®) is the open-schema global world state,
and L®®) stores the description of location £ and its
important entity states. For character i, P(®) is the
open-schema profile, H>(®) is the hidden tracker,
and M*®(®) is the scene-level motivation.

The observations are module-specific views con-
structed from these states. For any character subset
A C 7 and location subset B C L, the World
Model observation O{Z"B’(t) contains the global
state, the location states in B, and the character

states in A. For any character ¢ and location /,

the Character Agent observation Oi’e’(t) contains
the corresponding location-specific world state and



character state:
050 = (GW {15} e g, {82 Yica),
OivEV(t) — (Sﬁ;(t), Si’(t))'

Task sequence. Each scene is generated by the
following ordered tasks.

Task 1: scene_cast. The World Model selects
the participating character set z; C Z from the full
character set:

Z,2,(t
Ow () — Zt.

Task 2: location_scenario. Given the selected
cast, the World Model produces a scene plan that
specifies the location ¢; and scenario 7;:

(Off’ﬁ’(t)azt) — Ly, 1y

Task 3: motivation_update. Before the scene be-
gins, the Character Agent prepares each participant
with a scene-specific motivation:

(Oz7£t7(t)7rt) % MZ7(t)7

Task 4: next_character. During the scene, let
Y} < be the interaction history before turn k. The
World Model chooses the next acting character
from the selected cast:

(OO 1, Y, 1) i

Task 5: interaction_gen. Given the selected ac-
tor 4z ;,, which may be a character, the environment,
or a character group, the Character Agent generates
Yt k- Its content may mix thought [. . . ], speech as
plain text, and action (.. .). Only the character’s
own thoughts in Y; -, are visible:

1€ 2.

it 1oLty (t)
(Oc Tty Y <k) = Ytk

Task 6: world_update. After each interaction, the
World Model updates the global and location state:

o A

The completed scene history is denoted by Y; =
(Ye.15---» Yt K, ), Where Ky is the number of gener-
ated turns before the scene ends.

Task 7: character_update. After the scene, the
final in-scene world state becomes Sfj (1)
each participating character state is updated:

(00, %;, 5,10 = e+,

Non-participating characters and non-current loca-
tions keep their previous states.

, and

1€ z.

Together, these tasks define one scene-level tran-
sition over the persistent states and interactions,

(Si7(t)7 Sczv(t)) — (Sf;’(t'i'l)’ Sz-’(t+1), Yt)
= (050,

and repeated transitions produce the full trajectory,
1
T :(057‘67(0), Zl’ 741’ }/1, O£7L7( )’ ey
Z,L,(T
2T, T, YT7 Ou; 7( ))

The goal is to produce a grounded long-horizon
trajectory in which scene content, character evo-
lution, and world-state changes remain mutually
consistent. See Appendix E.1 for pseudocode.

3.3 Dataset Construction

Following Wang et al. (2025b), we select 57
chronologically narrated books. We use Gemini-
2.5-Pro as extraction LLM. Chronological narra-
tives allow later scenes to serve as look-ahead ref-
erences, so character and world-state changes are
grounded in textual evidence rather than LLM’s
knowledge. Detailed construction and prompts are
provided in Appendices C and K.1.

3.3.1 Structured Data Extraction

EvolvingWorld segments each book into text
chunks and uses the extraction LLM to build struc-
tured scenes with summaries, scenarios, key char-
acters, and multi-turn interactions. If a scene is
cut off at a chunk boundary, the truncated text is
prepended to the next chunk, so the LLM can con-
tinue the same scene.

For characters, the LLM first unifies different
names that refer to the same character from ex-
tracted mentions. It then builds each character’s
initial state from the first few relevant scenes, in-
cluding an open-schema profile and hidden tracker,
and updates this state scene by scene using later
narrative evidence as look-ahead. For example, if
an idle student reflects after a failure, a later scene
showing sustained effort confirms that the reflec-
tion led to a real character-state change.

World states follow the same principle. The
global world state tracks story-level settings and
systemic conditions, while location-level states
track each location’s description and important non-
character entities. The immediately following in-
teractions and scene provide reference evidence
for global-state changes, while interactions and the
next scene happening at the same location provide
evidence for location’s physical-state changes. The
LLM standardizes location names, initializes both
world states, and updates them after interactions.

3.3.2 Train/Test Split Construction

We then split them into training data, in-domain
(ID) test data from partially seen books, and out-of-
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Llama-3.1-8B-1 30.58=11.10 22.30 +836 30.71+12.65 21.87+16.04 20.36+1389 44.33 1888 46.19 2930 40.78+1236 40.77 +9.04 27.26+2246 14.55+17.16 30.88
Llama-8B (Coser) 30.36+16.76 22.26+1553 38.28+18.63 15.86+1621 15.94+1591 37.61 +857 31.04 +285 30.36+1455 37.27+11.12  4.07+1452 11.09 +4.60 24.92
Llama-8B (Crab) 29.37+1852 20.00+16.45 38.10+2005 1.26 +504 2.27 862 33.20 +508 32.67 +2.56 26.57+12.04 34.03 +7.19 10.45+2033 10.25 +1.88 21.65
Qwen-4B (EW-ours) 44.68+1021 37.24 +973 37.10 +845 35.24 +781 31.43+1020 40.09 +6.84 28.15 +541 35.64 +9.28 28.30 +5.88 40.57 +9.72 59.12+11.15 37.96
Qwen-7B (EW-ours) 54.07 +955 48.19+1044 47.15 844 41.24 +7.72 40.33+1006 45.44 +727 31.81 +6.14 48.61 +9.92 36.09 +6.68 42.12 +831 65.78 +9.45 45.53
Llama-8B (EW-ours) 50.94:+2032 44.90+1845 46.43+16.41 42.49+10.11 42.44+1066 46.47+11.92 33.75 +7.68 46.03+19.60 38.83+13.13 47.96 +7.72 65.62 +8.79 45.99
> 14B

Qwen2.5-14B-1 31.44=1064 14.71 763 30.43x10.11 43.95 1651 35.56=11.66 43.84 +8.65 38.79 0.18 32.83 +9.13 15.66 +622 53.36=11.16 39.78+1850 34.58
Qwen2.5-32B-1 19.49+11.17  7.42 2616 20.08 +9.81 35.85 4925 29.82+11.19 39.50 +8.48 32.63 840 24.55 4820 13.87 +6.75 45.12+12.65 38.14+1537 27.86
Qwen-14B (EW-ours) 62.39+1445 55.74+1359 55.63+13.02 49.82 +848 53.60+11.17 50.03 979 36.25 747 55.36+1426 44.04 1966 49.85 +7.98 66.27+1459 52.63
Qwen-32B (EW-ours) 67.81+1250 60.56+1220 61.34+1076 57.24 +7.83 58.62+1076 55.43 +928 39.22 +791 60.55+13.42 48.48 +952 54.93 +791 63.45+2236 57.06
Qwen2.5-72B-1 25.71+1042  9.55 4589 30.88+1099 37.77 4808 38.90 +6.64 46.31 +7.83 36.60 +7.27 36.50+1450 23.44+1029 43.86 +9.17 41.56+3231 33.73
Qwen3-32B 42.16+13.59 26.76+1291 58.39+1081 51.10 +9.07 35.24+1276 62.37+1082 69.64+12.52 65.99 +9.24 47.34+11.69 70.18 +9.74 54.14+19.77 53.03
Llama-3.3-70B-1 22.66 893 6.23 +4.10 27.03+11.61 36.36+1095 40.42 +532 46.90 +7.07 39.27 892 39.83x11.62 22.21+12.14 52.85+11.61 46.33+2849 34.55
Mistral-Small 54.19 +9.61 39.24 977 57.23 +762 46.02 +548 44.53 +8.14 68.46 627 70.89 701 61.67 +6.76 40.48 1678 52.40 +9.10 63.85 501 54.45
DeepSeek-V3-0324 66.22+13.05 56.23+1275 75.59 +832 55.73 +7.73 53.28+11.00 71.96 904 76.43+1032 72.48 +838 51.89+14.65 70.20 +8.05 55.04+1632 64.10

Table 2: Main benchmark results for Character Agent evaluation. I and P denote Instruct and Preview in model
names. The best performances within the same model scale are bold-faced, and the second-best are underlined.

domain (OOD) test data from books excluded from
training. Concatenating the extracted states along
each timeline yields 138,596 supervised training
samples for the seven tasks in §3.2; test samples are
selected from specific time points, each containing
the current character and world states from which
simulation can continue. The test split contains 222
samples. Appendix D details dataset statistics.

3.4 Evaluation Framework

EvolvingWorld evaluates systems with two top-
level score families, CHARACTER and WORLD,
covering 10 dimensions and 20 metrics (on a 0-100
scale). These dimensions target persistent simula-
tion quality beyond local persona imitation.

CHARACTER. The 6 dimensions are: (1) Char-
acter Consistency: Profile Fidelity, Speaking Style
Fidelity, Motivation-Driven Behavior; (2) Evolu-
tion Quality: Profile Update Fidelity, Profile Evo-
Iution Smoothness; (3) Environmental Grounding:
Environment Awareness, Environmental Utiliza-
tion; (4) Interaction Quality: Contextual Respon-
siveness, Narrative Progression; (5) Motivation
Generation: Motivation Quality; (6) Instruction
Compliance: Instruction Compliance.

WORLD. The 4 dimensions are: (1) Scene Plan-
ning: Cast Selection Rationality, Location & Sce-
nario Rationality, Scene Continuity & Coherence;

(2) Speaker Management: Turn & Scene Orches-
tration; (3) World State Maintenance: Global Up-
date Sensitivity, Global State Accuracy, Location
Update Sensitivity, Location State Accuracy; (4)
Instruction Compliance: Instruction Compliance.
For each trajectory 7, we use a per-metric inde-
pendent LLM-as-Judge design, where each judge
receives only relevant inputs and the rubric for one
metric. Scores are aggregated hierarchically to cap-
ture both scene-level quality and long-range char-
acter/world evolution. If a simulation terminates
early due to invalid output, we apply task-specific
penalties so that the failures are reflected in both
Instruction Compliance and the affected metrics.
Appendix E gives the full scoring process.

4 Experiment

4.1 Experiment Setup

Training. We fine-tune open-source backbones
with supervised instruction tuning. Following prior
work (Wang et al., 2025b; Xu et al., 2026b), we
mix in Tulu3 (Lambert et al., 2025) general in-
struction tuning data at a 1:1 ratio to preserve gen-
eral capabilities. Our fine-tuned models span both
model family and size, including Llama-3.1-8B-
Instruct, Qwen2.5-7/14/32B-Instruct, and Qwen3-
4B-Instruct. For brevity, we refer to each model by



SP: Scene Planning  SM: Speaker Management
LSR: Location & Scenario Rationality

CSR: Cast Selection Rationality
TSO: Turn & Scene Orchestration

GUS: Global Update Sensitivity
LUS: Location Update Sensitivity ~ LSA: Location State Accuracy

WSM: World State Maintenance
SCC: Scene Continuity & Coherence
GSA: Global State Accuracy

IC: Instruction Compliance

Sp SM WSM IC
Models Avg.
CSR LSR SCC TSO GUS GSA LUS LSA IC

Closed-source

Kimi-K2.5 78.36 +7.78 80.61x1501 51.72+2595 58.84+1095 66.64 +7.53 59.85 822 68.90 +6.87 70.54 +0.77 77.94 994 68.16
Gemini-2.5-Flash 73.18 +695 84.09 +6.10 66.36+14.98 43.02+2456 60.41 +£7.49 56.78 +4.10 54.22+1127 56.25 631 43.49+2383 59.76
Gemini-2.5-Pro 78.86 +4.73 88.33 1627 70.34+20.14 75.66 +550 65.89 +4.69 56.99 1584 54.96 +s.66 68.20 +9.76 80.36 +7.15 71.07
Gemini-3.1-Pro-P 83.50 +3.17 91.60 +4.81 69.16+2097 72.70+10.18 65.60 +£9.89 55.13+1068 66.51 +£9.67 61.54+1084 85.55+13.49 72.37
GPT-40 77.80 881 85.33 +655 51.02+1690 61.44 +734 61.40 +832 52.86 +591 54.12 +9.96 51.44 +7.07 73.50+18.44 63.21
GPT-5-Chat 80.44 1688 88.30 +6.12 68.38+16.61 64.69+1727 60.57 +9.14 53.97 1621 52.59 +7.83 57.85 +7.87 77.51+22.07 67.14
GPT-5.3-Chat 80.04 +509 89.35 +4.81 68.40+1548 69.04 +6.41 70.02 +2.12 51.11 +548 75.21 630 64.77+1096 85.57 +4.92 72.61
Claude-4.6-Sonnet 81.89 546 92.90 +4.58 60.77+2533 79.84+1354 38.93+24.04 33.26+2037 30.33:2121 41.12426.94 58.83+3431 57.54
Claude-4.6-Opus 84.86 +534 96.66 +2.56 82.28+1337 84.98 +4.76 66.05 +5.74 58.48 1675 61.72 +9.46 75.49 +893 89.34 650 77.76
Open-source

< 14B
Qwen3-4B-1 60.20+15.88 52.50+23.75 20.71+1506 5.65 +6.64 41.98+23.54 35.56+2073 22.68+14.07 23.31+1357 25.78+1828 32.06
Qwen2.5-7B-1 61.07+1278 51.25+1471 14.09+1459 5.82 +4.92 53.53+11.52 44.53 +9.69 28.65 +9.43 31.53 +8.02 35.58+1683 36.23
Llama-3.1-8B-1I 60.56+17.34 68.01:17.31 34.16+1344 28.65=11.65 49.02+19.99 43.94+17.78 45.89+1933 41.12+1692 30.82+36.53 44.69
Qwen-4B (EW-ours) 61.78+1020 62.42+11.14 23.20+1620 30.81 +6.65 57.62 +7.97 44.15 +8.01 58.09 +7.59 46.55 +6.40 72.24+13.19 50.76
Qwen-7B (EW-ours) 63.90 1889 63.32+11.66 32.02+17.41 39.98 1679 61.21 +541 47.52 +6.02 61.20 +4.10 49.10 +4.44 76.59 +9.78 54.98
Llama-8B (EW-ours) 63.58 +791 67.57+11.51 38.41+2329 39.79+1131 56.59 +7.62 42.89 +7.78 60.19 +580 46.75 +4.99 72.90 +7.92 54.30
> 14B

Qwen2.5-14B-1 70.66+1008 67.37+1398 21.47+1564 16.95 +6.74 50.64+2159 41.28+17.15 23.71+1253 29.82+13.41 41.89+18.78 40.42
Qwen2.5-32B-1 69.55 +9.80 60.18+1446 17.69+1467 18.03 +7.14 61.21 +6.80 49.53 700 42.35+13.03 42.08 +758 51.12+17.99 45.75
Qwen-14B (EW-ours) 68.18 +7.96 70.67+10.66 39.24+18.05 45.19+1048 59.45 +7.84 46.76 +6.86 60.84 +6.83 49.08 +6.37 77.02+15.15 57.38
Qwen-32B (EW-ours) 69.77 +7.99 77.26 +9.58 45.42+17.69 48.21 +9.83 61.67 +338 49.92 +506 60.65 +4.40 51.95 +396 73.94+2458 59.87
Qwen2.5-72B-1 70.29 +927 69.52 +844 37.89+13.99 29.88=1159 39.85+26.68 31.12+2086 27.04+19.54 29.36+20.08 37.35+29.99 41.37
Qwen3-32B 67.59 +9.82 71.76+12.88 34.70+2055 43.60 959 54.41 +8.87 47.33 726 53.52 +9.16 49.02 048 51.34+2040 52.59
Llama-3.3-70B-1 75.62+1065 78.39+1261 36.76+14.19 23.47 +o.18 41.47+22.18 34.41+1874 22.41+1541 27.44+1572 34.90+2287 41.65
Mistral-Small 72.24 672 73.74 t6.86 41.38x16.00 42.39 1698 60.88 747 44.55 682 41.64 890 44.92 653 60.41 =850 53.57
DeepSeek-V3-0324 76.98 636 81.86 +8.43 51.00+1930 38.75+1505 63.48 5.1 48.79 670 47.32+1008 49.70 +8.14 60.33+1647 57.58

Table 3: Main benchmark results for World Model evaluation. I and P denote Instruct and Preview in model names.
The best performances within the same model scale are bold-faced, and the second-best are underlined.

its size in the table. Details are in Appendix B.
Models. We evaluate 10 closed-source APIs,
11 open-source models, prior role-playing base-
lines including CoSER (Wang et al., 2025b) and
Crab (He et al., 2025), and models trained on Evolv-
ingWorld (EW). For untrained settings, the same
LLM serves as Character Agent and World Model.
For the trained ones (with their training data spec-
ified in parentheses), since CoSER and Crab only
provide role-play data, we evaluate them as Charac-
ter Agents paired with the same untrained backbone
as World Model. EW models use separately trained
Character Agent and World Model with the same
backbone. Full results are in Appendix F.
Simulation. To evaluate long-horizon behavior, we
allow up to 20 scenes per sample and 50 interac-
tions per scene.

Appendix G reports ablation results, H reports in-
and out-of-distribution results, I examines different
judge-models, J demonstrates downstream video
generation, and L reports human evaluation.

4.2 Main Results

Tables 2 and 3 report the mean and standard devia-
tion scores. Claude-4.6-Sonnet is our main judge.
(1) EW gains come from modeling state evolu-
tion beyond role-play imitation. Across matched
backbones, EW-training improves both Character
Agent and World Model performance, showing the
effect of book-to-world supervision. The advantage

is especially clear over role-play-only baselines: on
both Qwen-7B and Llama-8B, EW-trained Char-
acter Agents substantially outperform CoSER and
Crab, indicating that long-horizon role-playing re-
quires modeling coupled character and world-state
evolution rather than only imitating dialogue.

(2) EW improves controlled character evolu-
tion and more precise environmental ground-
ing. For Character Agents, the main gains con-
centrate on character consistency, evolution, and
interactive progression. Models better preserve
stable traits such as profile, speaking style, and
motivations, while making profile updates and evo-
lution smoother under event-conditioned changes.
Although Environment Utilization sometimes de-
creases, Environment Awareness consistently im-
proves, suggesting more accurate grounding rather
than arbitrary use of environmental details.

(3) EW improves world modeling by targeting
structured state tracking which is underrepre-
sented in pretraining. For World Models, Claude-
4.6-Opus achieves the best overall score, but mod-
els generally perform worse on world-model tasks
than on character-agent tasks, reflecting the diffi-
culty of explicit structured state tracking, a capabil-
ity less covered by pretraining than narrative contin-
uation. EW training improves this most clearly in
long-range scene continuity, turn/scene orchestra-
tion, and location-level updates, showing that mod-
els learn to track how events reshape both global



CC: Character Consistency EQ: Evolution Quality
PF: Profile Fidelity =~ SSF: Speaking Style Fidelity = MDB: Motivation-Driven Behavior

EA: Environment Awareness ~EU: Environmental Utilization

EG: Environmental Grounding

CR: Contextual Re

1Q: Interaction Quality ~MG: Motivation Generation
PUF: Profile Update Fidelity ~PES: Profile Evolution Smoothness

sponsiveness ~ NP: Narrative Progression ~ MQ: Motivation Quality

Models Framework cc EQ EG 1Q MG Avg.
PF SSF MDB PUF PES EA EU CR NP MQ

Gemini-3.1-Pro-P BookWorld 84.83 +730 77.07 834 90.43 +4.06 36.97 +7.94 30.61 +7.26 83.40 +5.16 85.71 642 90.45 338 65.22+1089 63.60+11.14 70.83
o EvolvingWorld 89.79 +523 79.40 +691 93.09 +357 78.90 +587 66.29 +9.98 85.35 +6.17 83.90 +833 91.87 +362 67.74 963 83.04 641 81.94
GPT-5.3-Chat BookWorld 88.77 +440 83.79 +488 87.03 1448 40.58 870 31.28+11.96 88.89 +564 89.15 1668 86.97 +4.49 47.68 1769 62.22+11.75 70.64
: EvolvingWorld 94.71 +2.75 88.77 430 93.71 +295 77.90 +3.74 80.16 +6.62 91.62 +4.88 92.10 +7.54 92.27 374 59.98 1755 83.94 650 85.52
Llama-3.1-8B-I BookWorld 7.19 1667 4.55 +414  9.30 4586 7.86 +457 10.08 +6.66 23.09 1894 34.27 +846 13.92 +6.87 10.58 +721 12.99+1222 13.38
: EvolvingWorld 30.58=11.10 22.30 836 30.71x1265 21.87+16.04 20.36+13.89 44.33 =888 46.19 +930 40.78+1236 40.77 +9.04 27.26+2246 32.52
Qwen2.5-14B-1 BookWorld 27.87+1089 12.83 4818 27.96 +9.87 26.03 530 17.68 +827 41.88 +9.84 33.21 +9.59 28.39 +7.90 14.38 +451 37.21 4828 26.74
i EvolvingWorld 31.44+1064 14.71 +763 30.43+10.11 43.95 +651 35.56+11.66 43.84 +865 38.79 +9.18 32.83 +9.13 15.66 +622 53.36+11.16 34.06

Table 4: Comparison of Character Agent performance between EvolvingWorld (ours) and BookWorld.

SP: Scene Planning  SM: Speaker Management
LSR: Location & Scenario Rationality

GUS: Global Update Sensitivity

GSA: Global State Accuracy

WSM: World State Maintenance
SCC: Scene Continuity & Coherence

CSR: Cast Selection Rationality
TSO: Turn & Scene Orchestration

SP

SM WSM

Models Framework Avg.
CSR LSR Scc TSO GUS GSA
Gemini-3.1-Pro-P BookWorld 80.64 +571 88.51 +7.30 61.67+1820 70.83 673 62.31 +4.65 49.78 884  68.96
-3 EvolvingWorld 83.50 +3.17 91.60 +481 69.16+2097 72.70+10.18 65.60 +9.89 55.13+1068  72.95
GPT-5.3-Chat BookWorld 80.38 2458 87.63 +581 52.17+2007 56.57 +7.11 67.24 1394 50.69 +898  65.78
” EvolvingWorld 80.04 +509 89.35 +481 68.40+1548 69.04 +641 70.02 212 51.11 +548  71.33
Llama-3.1-8B-I BookWorld 42211195 44.16+13.19  4.49 1817  5.09 +285 45.72+1074 30.46 +808  28.69
o EvolvingWorld 60.56+17.34 68.01+17.31 34.16+13.44 28.65+11.65 49.02+1999 43.94+17.78  47.39
Qwen2.5-14B-1 BookWorld 70.57 1691 66.60 +845 14.97+11.99 14.45 1465 50.49 +587 40.87 +467  42.99
wens. EvolvingWorld 70.66+10.08 67.37+13.98 21.47+1564 16.95 +674 50.64+2150 41.28+17.15  44.73

Table 5: Comparison of World Model performance between EvolvingWorld (ours) and BookWorld.
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Figure 3: Length-wise comparison between Evolving-
World and BookWorld on Profile Evolution Smoothness
(PES) and Scene Continuity & Coherence (SCC). Shad-
ing denotes mean = std/4.

and location-level states. With this targeted super-
vision, Qwen-32B trained on EW reaches a World
Model Avg. of 59.87, surpassing even Claude-4.6-
Sonnet and Gemini-2.5-Flash.

4.3 Comparison with BookWorld

We further compare EvolvingWorld with Book-
World (Ran et al., 2025), a representative long-
horizon multi-agent role-play simulation baseline.
BookWorld updates only a few predefined charac-
ter fields, such as goals and states, while leaving
broader profiles and relationships unchanged; its
world agent also updates only a global event field
and does not maintain world state changes. In con-
trast, we support open-schema character updates
and world-state updates even to the entity level.

For a fair comparison, we evaluate both frame-
works on our test set with four representative un-
trained backbones. Tables 4 and 5 report metrics
shared by both frameworks. Across all backbones,
EvolvingWorld achieves higher average scores for
both character-agent and world-model evaluation,
with especially large gains in character evolution
metrics such as PUF, PES, and MQ. For world mod-
eling, the main improvements appear in long-range
scene continuity and turn/scene organization.

Figure 3 further examines PES and SCC as in-
dicators of long-horizon evolution, showing that
BookWorld degrades on both metrics as simula-
tions become longer. But our EvolvingWorld mit-
igates this trend, and its PES even improves over
longer trajectories, suggesting that structured state
updates better support long-horizon evolution.

5 Conclusion

We presented EvolvingWorld, a framework and
benchmark for simulating interactive, persistently
evolving worlds. By coupling a Character Agent
with a World Model, maintaining explicit open-
schema states, and decomposing long-horizon in-
teraction into seven trainable tasks, EvolvingWorld
provides a concrete foundation for studying persis-
tent world evolution beyond isolated role-play. Our
results show that this design leads to more coherent
long-horizon simulations across diverse backbones.
We hope EvolvingWorld can serve as a useful step
toward richer literary agents, controllable interac-
tive worlds, and long-horizon role-playing systems.



Limitations

EvolvingWorld has three main limitations. First, it
models the world as a single objective state shared
by all characters, whereas literary characters often
perceive and remember the same world differently.
For example, one character may view the world
as benevolent while another sees it as hostile, and
a character may misremember an object as being
on a table when it is actually on a chair. Such
subjective perceptions and imperfect memories can
shape character behavior, but maintaining separate
perceived worlds for individual characters would
substantially increase system complexity. We hope
future work will address subjective world modeling
in a comprehensive yet practical way.

Second, our world representation is constrained
by the limited context length of LLMs. The World
Model tracks only important entities at each lo-
cation, rather than all entities in the environment.
Future work may benefit from other modalities,
such as information-dense visual inputs, to con-
struct more detailed world representations.

Third, due to copyright constraints, our bench-
mark is built from public-domain classic books
from Project Gutenberg, and does not cover do-
mains such as modern novels, games, or user-
created worlds. However, this is mainly a constraint
of the data rather than of the framework. Since
EvolvingWorld is fully open-schema and uses no
domain-specific ontologies or predefined attribute
slots, it can in principle adapt to other narrative
domains. Even within the current corpus, the data
already span multiple genres. And our OOD exper-
iments (Appendix H) further show consistent gains
on entirely unseen books. Broader cross-domain
evaluation remains important future work.

Ethics Statement

Source Literary Works. EvolvingWorld is de-
rived from public-domain literary works obtained
from Project Gutenberg, a free digital library dedi-
cated to digitizing and providing access to books
whose copyrights have expired. The data consist of
transformed and abstracted representations rather
than verbatim reproductions of the original books.

Use of Human Annotations. Our institution re-
cruited native-English-speaking annotators to as-
sess the agreement between LLM judges and hu-
man judges. Throughout the annotation process,
we ensured that annotators’ privacy rights were re-

spected and that their participation was voluntary
and informed. Annotators received compensation
exceeding the local minimum wage and consented
to the use of the annotations they provided for re-
search purposes. We also maintained transparency
about the purpose of the study and how the annota-
tions would be used. Appendix L provides further
details on the human evaluation protocol and anno-
tation instructions.

Risks. EvolvingWorld is derived from literary
works and further augmented with LLM-generated
annotations, both of which may raise ethical con-
siderations. The source books may contain toxic,
stereotypical, or discriminatory language, and
LLMs may introduce or amplify biases during an-
notation. Therefore, although the data are used for
research purposes, we cannot guarantee that they
are entirely free from harmful content. The fic-
tional content, character behaviors, and generated
analyses in the dataset should not be interpreted as
representing the authors’ viewpoints. We encour-
age users of the dataset and benchmark to account
for these risks and to avoid deploying the data or
models in settings where harmful fictional content
or biased generations could affect real individuals.

Data Use Restrictions. We emphasize that our
dataset and benchmark are intended exclusively for
scientific research and not for commercial use. We
provide these resources solely for academic use
and disclaim responsibility for any misuse beyond
their intended research scope.
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Appendices

A Partial Support Clarifications

This section provides the rationale for the partial-
support marks in Table 1.

BookWorld (Ran et al., 2025). We mark Book-
World as partial support for profile updates because
it updates only several character fields, while leav-
ing broader profile information and relations un-
changed. For global world state updates, Book-
World maintains a global event, but other com-
ponents of the world setting remain static. For
location/entity-level state modeling, BookWorld
provides only a brief description for each location,
without entity-level modeling or updates to these
world states.

GenerativeAgents (Park et al., 2023). We mark
GenerativeAgents as partial support for profile up-
dates because it updates a character’s memory and
then queries the memory to infer the character’s lat-
est status, so the updated information is still limited
to predefined fields. We also mark it as partial sup-
port for scene initialization because its simulation
proceeds at the granularity of days: all characters
act each day, which differs from interactive liter-
ary worlds where updates occur scene by scene
and each scene usually involves only a subset of
characters. Its updates are therefore closer to ev-
eryday routines and minor daily activities than to
scene-level literary progression.

CharacterBox (Wang et al., 2025a). We mark
CharacterBox as partial support for profile up-
dates because it mainly updates predefined at-
tributes such as BDI (Belief-Desire-Intention) and
position, while leaving broader Profile & Traits
unchanged. We also mark it as partial support
for location/entity-level state modeling because it
simulates a single scene, with only one location-
level environment description and state update, and
therefore does not support long-horizon state up-
dates across multiple locations and scenes.

B Training and Inference Details

We fine-tune all EW models with supervised fine-
tuning using LoRA in LLaMA-Factory?. Unless
otherwise specified, we use LoRA rank 64, LoRA
alpha 128, and LoRA dropout 0.05. We train for 2
epochs with a learning rate of 2 x 1075, a max-
imum sequence length of 32,768 tokens, a per-

2https://llamafactory.readthedocs.io/en/
latest/
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device batch size of 1, and gradient accumulation
of 64, yielding an effective batch size of 64 per
GPU. We use bf16 precision, gradient checkpoint-
ing, and FlashAttention-2, and hold out 10% of the
merged training data as the validation set. After
training, we serve models with vVLLM? for test-time
inference and use 50 concurrent requests.

C Data Construction Details

This appendix expands the data construction
pipeline summarized in §3.3.1. We first present
the three main construction phases, then describe
additional cleaning steps that are interleaved in im-
plementation but separated here for readability.

C1

Book Selection. Following Coser (Wang et al.,
2025b) and AdaMARP (Xu et al., 2026b), we se-
lect 57 representative books from Goodreads’ Best
Books Ever list* and obtain their full texts from
Project Gutenberg®, a free digital library of public-
domain books. All selected books are narrated in
chronological order, which ensures that the tempo-
ral progression of scenes aligns with the reading
order, a prerequisite for our scene-by-scene state-
tracking pipeline.

Phase 1: Scene Extraction. The book text is split
into chunks for LLM processing. Each chunk is
used to extract structured scenes, where each scene
contains a summary, a scenario description, a list
of key characters with brief descriptions, and a se-
quence of multi-turn interactions. Each interaction
is represented as an actor-content pair: the actor can
be a single character or a character group, allowing
events such as an entire family entering together to
be captured as one shared interaction. The content
may include thought, speech, and action, marked
consistently with the simulation format: thoughts
are enclosed in [...], speech is written as plain
text, and actions are enclosed in (...). The ex-
traction supports cross-chunk continuation: when a
scene is truncated at the end of one chunk, the trun-
cated text is prepended to the next chunk, so the
LLM can continue the same scene with the missing
context.

Phase 2: Character Construction. For each char-
acter, we provide the LLM with extracted mentions
and descriptions to identify aliases and determine

Main Construction Phases

Shttps://vllm.ai/

4https://www.goodreads.com/list/show/1.Best_
Books_Ever

Shttps://www.gutenberg.org/

Statistic Count

Extracted Structured Data
Total Books 57

Total Scenes 9,763
Total Interactions 132,800
Extracted Entities
Unique Characters 3,311
Unique Locations 1,888
Constructed Dataset
Train 138,596
Test (ID / OOD) 222 (116/106)

Table 6: Overview of EvolvingWorld dataset statistics.

a single official name (e.g., “Mr. Smith”, “John”,
“Father” — “John Smith”). All references in scenes
are then replaced with standardized names for
cross-scene consistency. To initialize characters,
we provide the LLM with the first few scenes in-
volving each character and ask it to summarize an
open-schema profile before the main story events
unfold. Finally, profiles are updated scene by scene:
after each scene, the LLM revises the profile, short
description, and hidden tracker for every partici-
pating character based on what occurred and what
later scenes reveal.

Phase 3: World Construction. Locations are ex-
tracted from scenes and undergo the same alias-
standardization process as characters. The pipeline
then generates an initial world state with a global
state and per-location states. World states are up-
dated interaction by interaction: after each inter-
action within a scene, the LLM decides whether
persistent changes to the global or location state
should be recorded.

C.2 Interleaved Cleaning Details

The following steps are shown after the main
phases to keep the high-level pipeline clear, but
they are interleaved in implementation. In partic-
ular, scene and interaction cleaning is applied af-
ter initial scene extraction and before the cleaned
scenes are used for character construction, world
construction, and task generation.

Interaction Refinement. Each interaction’s con-
tent is sent to an LLM for refinement. The goal is
to improve the clarity, consistency, and readability
of interaction expressions while preserving their
semantic meaning and narrative voice. In particu-
lar, the refinement removes redundant thoughts that
are accidentally embedded in speech, keeps private
thoughts separated from spoken utterances, and nor-
malizes each interaction into the first-person per-
spective of its acting character or character group.
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Selected Books

1. A Doll’s House
4. Anthem
7. Dr Jekyll and Mr Hyde

2. A Little Princess
5. Black Beauty
8. Far From the Madding Crowd

3. A Tale of Two Cities
6. Don Quixote
9. Great Expectations

10. Gulliver’s Travels 11. Heart of Darkness 12. Jude the Obscure

13. Julius Caesar 14. Little Women 15. Madame Bovary

16. Mansfield Park 17. Middlemarch 18. Much Ado About Nothing
19. My Antonia 20. Northanger Abbey 21. Notes from Underground
22. Oliver Twist 23. Othello 24. Pride and Prejudice

25. Sense and Sensibility 26. Siddhartha 27. Tess of the D’Urbervilles
28. The Adventures of Tom Sawyer  29. The Age of Innocence 30. The Call of the Wild

31. The House of Mirth 32. The Jungle 33. The Metamorphosis

34. The Phantom of the Opera 35. The Picture of Dorian Gray ~ 36. The Pilgrim’s Progress
37. The Portrait of a Lady 38. The Scarlet Letter 39. The Secret Garden

40. The Sorrows of Young Werther ~ 41. The Sun Also Rises 42, The Tempest

43. The Three Musketeers 44. The Turn of the Screw 45. The Wind in the Willows
46. Treasure Island 47. Uncle Tom’s Cabin 48. White Fang

49. A Portrait of the Artist as a Young Man

50. Alice’s Adventures in Wonderland / Through the Looking-Glass

51. Around the World in Eighty Days
52. The Adventures of Huckleberry Finn

53. The Adventures of Sherlock Holmes (Sherlock Holmes, #3)
54. The Hound of the Baskervilles (Sherlock Holmes, #5)

55. The Importance of Being Earnest

56. The Murder of Roger Ackroyd (Hercule Poirot, #4)
57. Twenty Thousand Leagues Under the Sea (Captain Nemo, #2)

Table 7: The 57 selected books from Goodreads’ Best Books Ever list.

Consecutive interactions performed by the same set
of characters are also merged into a single interac-
tion, removing artificial turn boundaries introduced
by the chunked extraction process and producing
more natural multi-turn sequences.

Duplicate Scene Removal. Because chunk bound-
aries can cause the same narrative event to be ex-
tracted twice (once at the end of one chunk and
once at the beginning of the next), an LLM is used
to detect pairs of scenes describing the same event.
For each duplicate pair, the scene with less informa-
tion is removed while the richer version is retained.
Scene Enhancement. Each scene’s scenario de-
scription is enhanced by an LLM to add dra-
matic setup details, atmospheric context, and im-
plicit tensions that were present in the source
text but not captured during initial extraction.
This produces richer scenario descriptions for the
location_scenario training task.

C.3 Training and Test Data Construction

After obtaining the character states, global world
state, and location states sequentially updated along
the book timeline, we convert the timeline into
task-level supervision according to the simulator’s
execution order. At a scene boundary, scene_cast
takes the previous scene content together with the
current global state, location states, and character
states, and predicts whether the next scene exists

and which characters participate; conditioned on
this cast, location_scenario predicts the next
location and scenario. Once the next scene is fixed,
motivation_update uses the previous scene, the
planned next scene, and the character state to infer
each participating character’s entering motivation.

Within a scene, each interaction history is
used as input to supervise the next actor selec-
tion and interaction generation. next_character
predicts the next actor or scene termination
from the current scenario and visible interac-
tion history. interaction_gen then generates
that actor’s next interaction from the same his-
tory together with the actor’s character state and
motivation. After each generated interaction,
world_update decides whether the latest inter-
action requires a persistent update to the global
or location state. Finally, after a scene is com-
pleted, character_update updates each relevant
character state from the completed scene. Since
interaction_gen and character_update are
naturally formulated as multi-turn conversations,
we store them as ShareGPT-style conversation ex-
amples following CoSER (Wang et al., 2025b) and
AdaMARP (Xu et al., 2026b); the remaining tasks
use task-specific prompts with structured targets
under the same SFT interface. In this way, one
extracted timeline is decomposed into seven super-
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Figure 5: Two-level genre distribution of the 57 books
in EvolvingWorld. The inner ring shows five coarse
genres; the outer ring breaks each genre into thematic
sub-categories.

vised tasks defined in §3.2.

For evaluation, we instead extract simulation
snapshots at selected time points. Each snapshot
stores the current character states, global state, and
location states, together with the previous scene
used for reference. We split books into three
groups: 10% are held out as OOD books and never
used for training; among the remaining books, half
are train/test books and half are train-only books.
For train/test books, the first 70% of scenes are
used for training and snapshots are sampled from
the remaining 30% as in-domain tests. Train-only
books contribute all scenes to training. OOD books
contribute no training examples; their test snap-
shots are sampled from the latter 70% of scenes.
We sample only valid candidate scenes with at least

five interactions, using at most five ID snapshots
per train/test book and at most twenty OOD snap-
shots per OOD book.

D Dataset Statistics

D.1 Overview

Table 6 summarizes the key statistics of Evolving-
World dataset. Table 7 lists all 57 selected books.

Schema Distribution. A distinctive feature of
EvolvingWorld is that both character profiles and
global world states adopt an open schema: rather
than prescribing a fixed set of attributes, the ex-
traction model freely selects whichever dimensions
are most salient for a given character or narrative
context. Figure 4 visualizes the resulting dimen-
sion vocabularies as word clouds, where font size
reflects frequency across the corpus. Character pro-
files (left) are dominated by dimensions such as
Social Standing, Core Personality, Key Relation-
ships, and Professional Identity, while world states
(right) center on Cultural Values & Moral Expec-
tations, Social Order & Class, and Economy &
Material Survival. The long tail of less frequent
dimensions (581 unique character dimensions, 136
world-state dimensions) demonstrates the schema’s
flexibility in capturing diverse narrative elements.

Genre Distribution. To characterize the literary
diversity of the corpus, we categorize all 57 books
along two levels: a coarse genre layer and a finer
thematic layer. As shown in Figure 5, the collection
is dominated by Literary Fiction (59.6%), followed
by Adventure (21.1%), Mystery & Gothic (10.5%),
Drama (5.3%), and Fantasy (3.5%). Within each
genre, thematic sub-categories further distinguish
works by narrative focus. For example, Literary
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Figure 6: Distribution of extracted data statistics across four granularity levels. Each panel shows a histogram with
KDE curve; dashed lines indicate the mean (red) and median (blue).

fiction spans Social & Marriage, Identity & Exis-
tential, Growth & Innocence, Social Critique, and
Morality & Redemption. This breadth ensures that
the benchmark exercises a wide range of character
dynamics, world-building patterns, and narrative
structures.

Extracted Data Distribution. Figure 6 presents
the distribution of eight key statistics across the
extracted structured data, organized by four gran-
ularity levels. At the book level, the number of
scenes, characters, and locations per book varies
considerably (median 160 scenes, 43 characters,
and 25 locations), reflecting the diverse scale and
complexity of the source novels. At the scene level,
each scene typically involves a small number of in-
teractions and characters, though long-tail cases ex-
ist for densely populated scenes. At the character
level, profile update counts capture how frequently
each character evolves throughout the narrative. At

the world level, global state updates per book and
location-specific state updates per location quantify
the dynamism of the story world. Together, these
distributions confirm that EvolvingWorld covers a
broad spectrum of narrative complexity, from com-
pact novellas to sprawling multi-character epics.

D.2 Training Data Statistics

Table 8 summarizes the training data for each task
of the World Model and Character Agent. The
“Samples” column reports the number of ShareGPT-
format training conversations. For multi-turn tasks
(next_character and interaction_gen), each
sample contains multiple user—assistant exchanges
within a single conversation; the “Asst. Turns” col-
umn gives the total number of assistant responses
across all samples. Single-turn tasks have exactly
one assistant turn per sample.

Token Length Distribution. Figure 7 shows the
per-sample token length distribution for each of the



Module / Task Samples Asst. Turns
World Model
scene_cast 7,983 7,983
location_scenario 7,958 7,958
next_character 14,315 116,789
world_update 17,832 17,832
Subtotal 48,088 150,562
Character Agent
interaction_gen 40,554 108,831
character_update 24977 24,977
motivation_update 24,977 24,977
Subtotal 90,508 158,785
Total 138,596 309,347

Table 8: Training data statistics per task. “Samples” =
number of ShareGPT style conversations; “Asst. Turns”
= total assistant responses (equals Samples for single-
turn tasks).
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Figure 7: Token length distribution per task.

seven tasks, measured with the c1100k_base tok-
enizer (GPT-4 family). Each sample corresponds
to a complete ShareGPT-format conversation, in-
cluding all system, user, and assistant turns.

scene_cast exhibits the longest sequences
(median =~ 11.2k) because it must select the
next scene’s cast from all characters; to con-
trol input length, each character is represented
by the latest short description rather than the
full profile. location_scenario follows (me-
dian ~ 8.0k) for an analogous reason: it
chooses the scene location from all candidate lo-
cations; here each candidate location is repre-
sented by its description, without expanding the
states of all contained entities. The four mid-
range tasks, next_character, world_update,
interaction_gen, and motivation_update (me-
dians 4.9k—6.0k), are more compact because none
of them requires enumerating all characters or all

locations simultaneously. character_update is
the shortest (median ~ 2.8k) as it only updates
a single character’s profile based on one scene’s
events.

These distributions inform our choice of maxi-
mum sequence length and packing strategy for su-
pervised fine-tuning. We accordingly set the train-
ing cutoff length to 32,768 tokens to accommodate
the long-tail samples while keeping computation
tractable.

E Evaluation Framework

E.1 Simulation Protocol

We evaluate EvolvingWorld with a multi-scene
simulation protocol designed for persistent book-
to-world simulation. Starting from each held-out
structured snapshot, we run the simulator forward
to generate a multi-scene trajectory containing
scene plans, interaction histories, world-state up-
dates, and character-state updates. This design al-
lows us to evaluate not only local response quality,
but also whether a model can maintain coherent
world and character evolution across scenes.

Concretely, each evaluation sample provides the
initial simulator state, including the current World
State, character Full Profiles, and source scene. The
evaluated system then produces a complete gener-
ated trajectory which includes the scene cast and
location-scenario plan for each scene, the within-
scene interaction sequence, the updated World
State, and the updated Full Profiles written back
after the scene ends.

Algorithm 1 summarizes the full simulation pro-
cedure.

E.2 Trajectory-Level Evaluation

Because EvolvingWorld introduces explicit persis-
tent states and structured simulator outputs, scene-
level dialogue evaluation (Xu et al., 2026b) alone
is insufficient. We therefore adopt a trajectory-
level LLLM-as-Judge protocol that scores both the
Character Agent and the World Model on com-
plete simulated trajectories containing many scenes
rather than isolated responses. The evaluation sys-
tem comprises 10 dimensions and 20 sub-metrics,
divided into two scoring modules:

* CHARACTER Score (Character Agent Eval-
uation): 6 dimensions, 11 sub-metrics

*« WORLD Score (World Model Evaluation): 4
dimensions, 9 sub-metrics



Algorithm 1 EvolvingWorld simulation with a
World Model and a Character Agent
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27: end for

28: return 7

For Character Agent evaluation, the judge is
given the relevant character profile information,
scene motivations, world state context, and the gen-
erated trajectory segments needed for that metric.
For World Model evaluation, the judge receives
the initial simulator context together with the gener-
ated scene plans, turn orchestration decisions, and
persistent state updates. This separation mirrors the
modular structure of EvolvingWorld and allows us
to diagnose planning errors and embodiment errors
independently.

Each sub-metric is scored on a 0—100 scale with
a base score of 50. The judge first identifies Mer-
its (excellent aspects, each awarded 1 to 10) and
then Demerits (problematic aspects, each penal-
ized 1 to 10). The final score is computed as
min(100, max(0, 50 4+ ) merits — ) demerits)).

Error Penalties. When a simulation terminates
prematurely because a model fails to follow output
format specifications, we apply two complementary
penalties to ensure the error is reflected in the final
scores. The error message contains the failing task
name (e.g., world_update, interaction_gen),
which we use to attribute the fault to either the

Failing Task Penalized Metrics
scene_cast CSR, SCC
location_scenario LSR, SCC
next_character TSO

GUS, GSA, LUS, LSA
interaction_gen PF, SSF, MDB, EA, EU, CR, NP
character_update PUEF, PES

motivation_update MQ

world_update

Table 9: Task-to-metric mapping for the Metric Penalty.
When a task causes simulation termination, its cor-
responding metrics receive the additional penalty de-
scribed above.

World Model or the Character Agent. Infrastruc-
ture errors (e.g., API/Network error) are never at-
tributed to the model and incur no penalty.

(1) IC Penalty (Instruction Compliance). We
penalize the IC score of the responsible model us-
ing a logarithmic-decay formula based on n, the
total number of calls made by that model before
the failure point:

. 50
penaltyIC = min <50, ln(n_i_l)) (1)

The final IC score is max(0, ICjyqge — penalty;c),
where ICjyqge denotes the raw IC score assigned by
the LLM judge before any penalty. The logarithmic
decay provides a smooth curve: a model that fails
on its very first call receives the maximum penalty
of 50 (driving IC to zero), while a model that suc-
ceeds hundreds of times before failing still incurs a
meaningful penalty of ~8-10 points. This ensures
that “the model eventually crashed due to format
non-compliance” is always reflected in the score,
regardless of how many successful calls preceded
the failure.

(2) Metric Penalty (Task-Specific Metrics). Be-
yond IC, the failing task also maps to specific qual-
ity metrics via a fixed task-to-metric correspon-
dence (Table 9). For these metrics, we apply a
penalty that simulates the effect of an additional
failed scene:

N

N +1 @

SCOTE = SCOT€judge X
where scorejugge 18 the average score assigned by
the LLM judge over the N successfully completed
scenes, and score is the final reported score for that
metric. This is equivalent to appending a zero-score
virtual scene to the existing average. For samples
that fail before producing any scene (N = 0), the
affected metrics are set directly to 0. IC metrics



Character Agent (CHARACTER)

World Model (WORLD)

Dim I Character Consistency (PF, SSF, MDB) Dim I Scene Planning (CSR, LSR, SCC)

DimII  Evolution Quality* (PUF, PES) Dim II Speaker Management (TSO)

Dim IIT  Environmental Grounding (EA, EU) Dim III  World State Maintenance* (GUS, GSA, LUS, LSA)
Dim IV Interaction Quality (CR, NP) Dim IV Instruction Compliance (IC)

Dim V Motivation Generation (MQ)

Dim VI  Instruction Compliance (IC)

Total 11 sub-metrics 9 sub-metrics

Table 10: Overview of the evaluation framework. * denotes evaluation perspectives introduced by this framework.

Grand total: 10 dimensions, 20 sub-metrics.

are excluded from this penalty (already handled
above).

At aggregation time, scene-local metrics are
scored for each generated scene and averaged
across relevant scenes. Character-level trajec-
tory metrics are aggregated over the scenes in
which a character participates; specifically, Pro-
file Evolution Smoothness is scored over each
character’s participating scenes and then averaged
with weights proportional to character appearances.
Full-trajectory metrics are computed over the com-
plete generated trajectory; specifically, Scene Con-
tinuity & Coherence is scored over the full sim-
ulation to measure long-range scene organization
and world consistency. The final CHARACTER
and WORLD scores are simple averages over their
corresponding sub-metrics, with missing metrics
treated as invalid rather than silently imputed.

E.3 Evaluation Overview

Table 10 provides a summary of all evaluation di-
mensions and sub-metrics.

E.4 Character Agent Evaluation
(CHARACTER Score)

E.4.1 Dim I: Character Consistency

Evaluates whether the character consistently em-
bodies its profile throughout the interaction. Core
question: if character’s name was hidden, would
the output still be recognizable as the character?
Profile Fidelity (PF). Whether the character’s
knowledge, skills, and behavior are strictly con-
fined within the profile scope. Criteria: (a) Knowl-
edge Boundaries: no knowledge or skills beyond
profile settings (e.g., an ordinary farmer should not
demonstrate advanced magical theory); (b) Back-
ground Consistency: behavior matches the charac-
ter’s age, social class, and historical background;
(c) Ability Constraints: no abilities or privileges not
documented in the profile appear out of nowhere.
Speaking Style Fidelity (SSF). Whether the char-

acter’s speaking style is consistent with the profile,
natural, and free of obvious Al artifacts. Criteria:
(a) Style Markers: language features defined in the
profile are used (catchphrases, sentence patterns,
terminology, dialects); (b) Emotional Tone: tone
matches the character’s personality rather than a
generic “Al assistant” tone; (c) Naturalness: lan-
guage is fluent, human-like, avoiding templated or
mechanical artifacts.

Motivation-Driven Behavior (MDB). Whether
the core motivation continuously drives decisions,
and whether thought/action/speech are logically
consistent. Criteria: (a) Behavioral Attribution: de-
cisions traceable to core motivation rather than ran-
dom unmotivated behavior; (b) Trinity Coherence:
thought reasonably drives action and speech, with
no unexplained contradictions among the three;
(c) Value Stability: core values do not suddenly
change without a significant plot trigger.

E.4.2 Dim II: Evolution Quality*

Evaluates whether the dynamic updates to the char-
acter profile and hidden tracker are reasonable, co-
herent, and complete. Unique to this framework,
focusing on character growth quality during inter-
actions.

Profile Update Fidelity (PUF). Whether the pro-
file update and hidden tracker update jointly cap-
ture all changes that should be preserved from
the scene, with appropriate threshold judgment be-
tween the two. Criteria: (a) Causal Chain: ev-
ery item written to profile or hidden tracker has
a clear triggering event in the scene as evidence,
with no fabricated information (Liu et al., 2026d);
(b) Growth/Signal Capture: important changes that
have crossed the threshold are written to profile;
subtle signals that may accumulate in the future are
written to hidden tracker; (c) Threshold Judgment:
major persistent changes should not remain only in
the tracker without updating the profile; slight or
ambiguous signals should not be prematurely writ-
ten into the profile; (d) No Over/Under-Updating:



profile remains concise and stable, hidden tracker
does not become a meaningless log; together they
neither miss important changes nor over-react to
irrelevant details.

Profile Evolution Smoothness (PES). Whether the
profile and hidden tracker jointly exhibit gradual,
coherent, and appropriately-scaled evolution across
scenes. Criteria: (a) Magnitude Matching: casual
conversations should only leave light signals or no
change; major events trigger significant profile up-
dates; sub-threshold content settles in the tracker
first; (b) Gradualness: personality, attitude, and
relationship changes go through reasonable transi-
tional stages; hidden tracker preserves intermediate
evolution signals rather than allowing abrupt profile
jumps; (c) Directional Consistency: consecutive
profile updates and tracker accumulations are log-
ically coherent in direction; when tracker signals
accumulate sufficiently, conversion to profile up-
dates is natural and traceable.

E.4.3 Dim III: Environmental Grounding

Evaluates whether the character truly “lives” in
the current scene rather than conversing in a vac-
uum, reflecting the constraining effect of the World
Model on Character Agent behavior.
Environment Awareness (EA). Whether the char-
acter’s behavior is constrained by the current envi-
ronment (global world state + location states).
Non-Environment Character Agent:. (a) Global
Awareness: reacts reasonably to the global state
(e.g., tension during wartime, conservation during
resource scarcity); (b) Location Awareness: no-
tices the current state of the location (e.g., a shop-
keeper mentioning “last night’s storm blew the roof
off”); (c) State Change Response: when world state
changes between scenes, the character notices and
adjusts accordingly.

Environment Character Agent:. (a) Global State
Consistency: environmental descriptions are consis-
tent with the current global state; (b) Location State
Accuracy: environmental descriptions accurately
reflect the location card’s current state (e.g., dam-
aged buildings not described as intact); (c) State
Change Presentation: when world state changes
between scenes, environmental descriptions reflect
these transitions.

Environmental Utilization (EU). Whether char-
acters appropriately and meaningfully use environ-
mental elements when relevant to the scene.
Non-Environment Character Agent. (a) Environ-
mental Sensory Details: sensory descriptions con-

vey the character’s perception of their environment
rather than generic descriptions; (b) Prop Interac-
tion: items and entities in the location are used to
advance the plot; (c) Atmosphere Building: envi-
ronmental atmosphere enhances immersion rather
than conversing in a “blank room.”

Environment Character Agent: (a) Multi-Sensory
Richness: environmental descriptions engage mul-
tiple sensory dimensions (visual, auditory, etc.);
(b) Scene Element Usage: descriptions utilize
items and entities in the location; (c) Atmosphere-
Narrative Alignment: atmosphere matches the cur-
rent narrative pace and emotional tone.

E.4.4 Dim IV: Interaction Quality

Evaluates whether the character truly “listens” and
“responds” to other characters, and whether interac-
tions drive narrative development.

Contextual Responsiveness (CR). Whether re-
sponses closely follow context, and whether inter-
character attitudes match relationship settings and
adjust as profiles evolve. Criteria: (a) Information
Continuity: not ignoring key information or ques-
tions, not abruptly changing topics; (b) Logical
Continuity: reacting reasonably to others’ actions
(e.g., accepting/refusing a handed item rather than
ignoring it); (c) Relationship Matching: clear dis-
tinctions in tone and trust toward allies, enemies,
and strangers, dynamically adjusting with the plot.
Narrative Progression (NP). Whether interac-
tions advance the narrative and whether previously
planted foreshadowing is followed up on. Criteria:
(a) Information Increment: each round provides
new information, actions, or emotional develop-
ments rather than repeating known content; (b) Sus-
pense and Hooks: suspense created through silence,
conflict, or hints, leaving hooks for subsequent in-
teractions; (c¢) Foreshadowing Payoff: foreshadow-
ing from previous scenes is noticed and followed
up at appropriate moments.

E.4.5 Dim V: Motivation Generation

Motivation Quality (MQ). Whether the generated
scene motivation matches the current profile, world
state, and scene settings, and is specific and ac-
tionable. Criteria: (a) Profile Alignment: motiva-
tion aligns with the character’s current personality,
goals, and relationship status; (b) Situational Fit:
motivation considers the current world state and
scene settings (e.g., no leisure motivations in dan-
gerous scenarios); (c) Actionability: motivation
is specific enough to guide behavior in the scene



CC: Character Consistency  EQ: Evolution Quality ~EG: Environmental Grounding
SSF: Speaking Style Fidelity =~ MDB: Motivation-Driven Behavior
EU: Environmental Utilization

MQ: Motivation Quality

IC: Instruction Compliance  PF: Profile Fidelity
PES: Profile Evolution Smoothness  EA: Environment Awareness
CR: Contextual Responsiveness ~ NP: Narrative Progression

IQ: Interaction Quality MG: Motivation Generation
PUF: Profile Update Fidelity

Models CcC EQ EG 1Q MG IC Ave,
PF SSF MDB PUF PES EA EU CR NP MQ IC
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Qwen3-4B-1 15.31+1034  7.25 +6.89 13.57+1080 21.84+1054 26.89+11.14 30.11+11.88 32.68+1021 15.69+1249 12.47 +9.73 39.00+1849 24.76+17.68 21.77
Qwen-4B (EW-B) 43.30+11.99 36.44+11.02 35.73+10.17 35.66 +887 30.61+1023 41.26 +801 28.30 +543 36.58 £9.19 26.90 +736 40.02 +9.04 56.04 +9.21 37.35
Qwen-4B (EW-F) 44.68+1021 37.24 +973 37.10 4845 35.24 +781 31.43+1020 40.09 +6.84 28.15 +541 35.64 +9.28 28.30 +588 40.57 +9.72 59.12+11.15 37.96
Qwen2.5-7B-1 15.77 +668 7.69 +506 11.70 +698 32.25 +7.42 25.07+1049 30.45 641 28.53 1675 11.80 +731  9.69 +553 36.20+16.06 20.14+12.72 20.84
Qwen-7B (Coser)  16.59+11.97 12.20 +833 27.61+12.64 18.16+1658 17.91+1625 37.34 1869 25.20 +4.14 13.92 696 27.60+12.86 2.06 +9.94 10.26 +155 18.98
Qwen-7B (Crab) 14.25 +783  6.34 +443 15.76 +780 19.82 +722 15.89 +9.94 32.79+1041 20.28 +585 16.91 +8.45 17.74 +531 26.82+1205 14.91 +810 18.32
Qwen-7B (EW-B) 50.87 +933 45.47 +889 43.31 +878 40.13 +6.47 37.89+1131 43.00 +7.12 29.83 4503 46.09 821 32.98 +6.45 42.05 +7.76 65.16 +9.52 43.34
Qwen-7B (EW-F) 54.07 +985 48.19+1044 47.15 +844 41.24 +7.72 40.33+1006 45.44 +727 31.81 +6.14 48.61 +9.92 36.09 +6.68 42.12 +831 65.78 +945 45.53
Llama-3.1-8B-I 30.58+11.10 22.30 +836 30.71+1265 21.87+1604 20.36+13.80 44.33 +8.88 46.19 +9.30 40.78+1236 40.77 +9.04 27.26+2246 14.55+17.16 30.88
Llama-8B (Coser)  30.36+16.76 22.26+1553 38.28+18.63 15.86+1621 15.94+1591 37.61 +8.57 31.04 +2.85 30.36+1455 37.27+11.12  4.07+1452 11.09 +460 24.92
Llama-8B (Crab) 29.37+1852 20.00+1645 38.10+2005 1.26 +504 2.27 4862 33.20 +5.08 32.67 +2.56 26.57+12.04 34.03 +7.19 10.45+2033 10.25 +1.88 21.65
Llama-8B (EW-B) 51.23+1986 44.21+19.17 45.01+1742 42.15+1044 42.09+1077 45.01+1220 32.73 +7.00 46.21+2025 37.88+1449 47.31 +800 61.94+1574 45.07
Llama-8B (EW-F) 50.94:2032 44.90+1845 46.43+16.41 42.49+10.11 42.44+1066 46.47+11.92 33.75 +768 46.03+19.60 38.83+13.13 47.96 +7.72 65.62 +879 45.99
> 14B

Qwen2.5-14B-1 31.44+1064 14.71 +763 30.43+1011 43.95 +651 35.56+11.66 43.84 +865 38.79 +9.18 32.83 +9.13 15.66 +622 53.36+11.16 39.78+1850 34.58
Qwen-14B (EW-B) 63.50+1326 56.06+12.60 55.73+11.52 53.17 +8.10 56.68 +9.98 50.68 +8.45 35.47 +6.55 57.60+1380 44.90 +8.74 48.39 +7.69 69.32+1020 53.77
Qwen-14B (EW-F) 62.39+1445 55.74+1359 55.63+13.02 49.82 +848 53.60+11.17 50.03 +9.79 36.25 +747 55.36+1426 44.04 966 49.85 +798 66.27+1459 52.63
Qwen2.5-32B-1 19.49+11.17  7.42 4616 20.08 +9.81 35.85 +9.25 29.82+11.19 39.50 +848 32.63 +840 24.55 +820 13.87 +6.75 45.12+12.65 38.14+1537 27.86
Qwen-32B (EW-B) 67.80+11.60 60.68+12.84 61.76+1093 57.95 +7.89 59.52 +981 53.70 +7.73 37.68 +6.59 61.25+1224 47.75 +9.18 54.51 +8.48 65.39+1991 57.09
Qwen-32B (EW-F) 67.81+1250 60.56+1220 61.34+10.76 57.24 +783 58.62+1076 55.43 +9.28 39.22 +791 60.55+1342 48.48 +952 54.93 +791 63.45+2236 57.06
Qwen2.5-72B-1 25.71+1042  9.55 +589 30.88+1099 37.77 +8.08 38.90 +6.64 46.31 +7.83 36.60 +727 36.50+1450 23.44+1029 43.86 +9.17 41.56+3231 33.73
Qwen3-32B 42.16+1359 26.76+1291 58.39+1081 51.10 +9.07 35.24+1276 62.37+1082 69.64+1252 65.99 +9.24 47.34+11.69 70.18 +9.74 54.14+19.77 53.03
Llama-3.1-70B-1 32.95+1028 14.42 +761 39.02+12.63 22.42+17.06 23.05+17.16 46.35 +9.10 37.78+10.11 48.64+1257 26.93+1026 48.42+11.14 38.27+29.68 34.39
Llama-3.3-70B-1 22.66 +893 6.23 410 27.03+11.61 36.36+1095 40.42 +532 46.90 +£7.07 39.27 +892 39.83+11.62 22.21+12.14 52.85+11.61 46.33+2849 34.55
Mistral-Small 54.19 961 39.24 1977 57.23 +762 46.02 +548 44.53 814 68.46 +6.27 70.89 +701 61.67 +6.76 40.48 +6.78 52.40 +9.10 63.85 501 54.45
DeepSeek-V3-0324 66.22+13.05 56.23+12.75 75.59 +832 55.73 +7.73 53.28+11.00 71.96 +9.04 76.43+1032 72.48 +838 51.89+1465 70.20 +8.05 55.04+1632 64.10

Table 11: Full benchmark results for Character Agent evaluation. I and P denote Instruct and Preview in model
names. The best performances within the same model scale are bold-faced, and the second-best are underlined.

rather than being vague and abstract.

E.4.6 Dim VI: Instruction Compliance

Instruction Compliance (IC). Whether the char-
acter strictly plays itself without overstepping and
the output format is standardized. Criteria: (a) No
Overstepping: strictly outputting only one’s own
character content, not speaking or acting for oth-
ers; (b) Format Compliance: correct usage of
thought/action/speech, output structure meets re-
quirements; (c) Length Control: reasonable output
length, neither excessively verbose nor overly brief.
Error Penalty. When a simulation terminates pre-
maturely due to the Character Agent failing to pro-
duce valid output, both the IC Penalty and the Met-
ric Penalty described in §E are applied.

E.5 World Model Evaluation (WORLD Score)

E.5.1 Dim I: Scene Planning

Evaluates whether the World Model’s scene plan-
ning (Liu et al., 2026a,c) is reasonable, including
character selection, location/scenario generation,
and cross-scene coherence.

Cast Selection Rationality (CSR). Whether the
selected participating characters match the cur-
rent narrative state and character goals. Criteria:
(a) Narrative-Driven: appearing characters serve
the current narrative needs (e.g., opposing charac-
ters appear together in conflict scenes); (b) Goal
Relevance: selected characters are directly related
to the current narrative thread; (c) Avoid Redun-
dancy: no characters unrelated to the current narra-
tive are introduced; (d) No Missing Key Characters:
characters in the pool who should appear are not
overlooked.

Location & Scenario Rationality (LSR). Whether
the chosen location and generated scenario are ap-
propriate for the selected cast and current narra-
tive state. Criteria: (a) Location Appropriateness:
the location is a plausible place for the selected
characters to meet, serving narrative needs; (b) Sce-
nario Quality: the scenario provides a clear dra-
matic setup that is specific and actionable; (c¢) Con-
tinuity with Previous Scene: location/scenario fol-
lows naturally from the previous scene’s events;



SP: Scene Planning

SM: Speaker Management

CSR: Cast Selection Rationality

TSO: Turn & Scene Orchestration

LUS: Location Update Sensitivity ~LSA: Location State Accuracy

WSM: World State Maintenance
LSR: Location & Scenario Rationality
GUS: Global Update Sensitivity

GSA: Global State Accuracy

IC: Instruction Compliance
SCC: Scene Continuity & Coherence

SP

SM

WSM

IC

Models Avg.
CSR LSR SCC TSO GUS GSA LUS LSA IC

Closed-source

Kimi-K2.5 78.36 +7.78 80.61+1501 51.7242595 58.84+1095 66.64 +7.53 59.85 1822 68.90 +6.87 70.54 +9.77 77.94 1994 68.16
Gemini-2.5-Flash ~ 73.18 +6.95 84.09 +6.10 66.36+14.98 43.02+24.56 60.41 +749 56.78 +4.10 54.22+1127 56.25 +631 43.49+2383 59.76
Gemini-2.5-Pro 78.86 +4.73 88.33 +6.27 70.34+20.14 75.66 +550 65.89 +4.69 56.99 +584 54.96 +866 68.20 +9.76 80.36 +7.15 71.07
Gemini-3.1-Pro-P 83.50 +3.17 91.60 +4.81 69.16+2097 72.70+10.18 65.60 +9.89 55.13+1068 66.51 £9.67 61.54+1084 85.55+13.49 72.37
GPT-40 77.80 =881 85.33 +655 51.02+1690 61.44 734 61.40 +832 52.86 =591 54.12 £996 51.44 707 73.50+1844 63.21
GPT-5-Chat 80.44 +6.88 88.30 +6.12 68.38+16.61 64.69+1727 60.57 +9.14 53.97 621 52.59 +7.83 57.85 +787 77.51+2207 67.14
GPT-5.1-Chat 79.61 +563 85.17 +7.68 42.52+19.01 50.54 +9.47 68.69 +2.01 53.83 +4.19 69.82 +348 53.06 +6.28 81.69 +483 64.99
GPT-5.3-Chat 80.04 +5.09 89.35 +4.81 68.40+1548 69.04 641 70.02 +212 S1.11 548 75.21 +630 64.77+1096 85.57 +4.92 72.61
Claude-4.6-Sonnet  81.89 546 92.90 +458 60.77+2533 79.84+13.54 38.93+24.04 33.26+2037 30.33+2121 41.1242694 58.83+34.31 57.54
Claude-4.6-Opus ~ 84.86 =534 96.66 256 82.28+13.37 84.98 +4.76 66.05 +574 58.48 =675 61.72 +9.46 75.49 893 89.34 650 77.76
Open-source

< 14B
Qwen3-4B-1 60.20+15.88 52.50+23.75 20.71+1506 5.65 +6.64 41.9842354 35.56+2073 22.68+14.07 23.31+13.57 25.78+1828 32.06
Qwen-4B (EW-B) 61.06+10.75 60.69+12.10 22.63+17.51 29.73 646 55.63 +721 44.11 +7.51 57.07 £6.05 46.06 +464 71.62+11.81 49.84
Qwen-4B (EW-F) 61.78+1020 62.42+11.14 23.20+1620 30.81 665 57.62 +7.97 44.15 4801 58.09 +759 46.55 +6.40 72.24+13.19 50.76
Qwen2.5-7B-1 61.07+1278 51.25+1471 14.09+1459 5.82 +492 53.53+1152 44.53 969 28.65 +9.43 31.53 4802 35.58+1683 36.23
Qwen-7B (EW-B) 61.26+1029 61.48 978 29.34+17.50 37.26 +4.80 62.62 +3.69 47.21 +558 61.38 +4.10 48.15 +454 75.67 +9.70 53.82
Qwen-7B (EW-F) 63.90 +880 63.32+11.66 32.02+17.41 39.98 1679 61.21 +541 47.52 +6.02 61.20 +4.10 49.10 +444 76.59 +9.78 54.98
Llama-3.1-8B-1 60.56+17.3¢ 68.01£1731 34.16+13.44 28.65+11.65 49.02+19.99 43.94+17.78 45.89+19.33 41.12+1692 30.82+36.53 44.69
Llama-8B (EW-B) 63.78 +7.75 65.26+12.28 36.07+23.32 38.60+1093 59.52 +501 44.23 +682 59.53 +559 46.34 +506 71.45+1373 53.86
Llama-8B (EW-F) 63.58 +791 67.57+1151 38.41+2329 39.79+11.31 56.59 +7.62 42.89 +7.78 60.19 +580 46.75 +499 72.90 +7.92 54.30
>14B

Qwen2.5-14B-1 70.66+1008 67.37+13.98 21.47+1564 16.95 +6.74 50.6442159 41.28+17.15 23.71+12.53 29.82+1341 41.89+1878 40.42
Qwen-14B (EW-B) 68.55 +831 73.50 +880 46.14+1649 46.56+1000 61.12 +535 48.62 +552 62.13 +4.10 49.73 +468 79.89+1029 59.58
Qwen-14B (EW-F) 68.18 796 70.67+10.66 39.24+1805 45.19+1048 59.45 +784 46.76 +686 60.84 +6.83 49.08 +6.37 77.02+15.15 57.38
Qwen2.5-32B-1 69.55 1980 60.18+1446 17.69+1467 18.03 +7.14 61.21 +6.80 49.53 +7.00 42.35+13.03 42.08 +7.58 51.12+17.99 45.75
Qwen-32B (EW-B) 69.58 =840 78.03 +8.04 43.52+18.12 47.21 =856 61.60 +331 49.68 +528 60.62 +436 50.89 +436 75.47+2225 59.62
Qwen-32B (EW-F) 69.77 799 77.26 +9.58 45.42+17.60 48.21 +983 61.67 +338 49.92 +506 60.65 +440 51.95 +396 73.94+2458 59.87
Qwen2.5-72B-1 70.29 1927 69.52 1844 37.89+13.99 29.88+11.59 39.85+26.68 31.12+2086 27.04+19.54 29.36+2008 37.35+2999 41.37
Qwen3-32B 67.59 +9.82 71.76+12.88 34.70+20.55 43.60 +959 54.41 +8.87 47.33 +726 53.52 +9.16 49.02 +948 51.34+2040 52.59
Llama-3.1-70B-1 63.89+13.92 72.24+1237 30.85+1545 28.53+1052 50.82+18.89 40.32+1507 21.66 +9.96 35.75+13.93 31.37+2521 41.71
Llama-3.3-70B-1 75.62+1065 78.39+12.61 36.76+14.19 23.47 +9.18 41.47+22.18 34.41+1874 22.41+1541 27.44+1572 34.90+2287 41.65
Mistral-Small 72.24 672 73.74 +6.86 41.38+16.00 42.39 +6.98 60.88 +£7.47 44.55 682 41.64 £890 44.92 1653 60.41 850 53.57
DeepSeek-V3-0324 76.98 636 81.86 +8.43 51.00+1930 38.75+1505 63.48 +5.11 48.79 +670 47.32+1008 49.70 +8.14 60.33+1647 57.58

Table 12: Full benchmark results for World Model evaluation. I and P denote Instruct and Preview in model names.
The best performances within the same model scale are bold-faced, and the second-best are underlined.

(d) Character-Setting Fit: the setting is appropriate
for the selected characters.

Scene Continuity & Coherence (SCC). Whether
cross-scene planning forms a coherent narrative
arc (cross-scene metric evaluated over the full tra-
jectory). Criteria: (a) Narrative Arc: consecu-
tive scenes form a directional narrative progression
rather than random assembly; (b) Scene Transi-
tions: location choices and scene descriptions natu-
rally connect with the previous scene; (c) Pacing
Control: overall narrative pacing is reasonable, im-
portant plot points receive sufficient development;
(d) Thread Management: narrative threads are in-
troduced, developed, and resolved; no plot lines are
abandoned.

E.5.2 Dim II: Speaker Management

Turn & Scene Orchestration (TSO). Whether
speaker selection, environmental description tim-
ing, and scene ending timing are appropriate. Cri-
teria: (a) Speaker Selection: next_character se-
lects the character who should most appropriately
respond, not random rotation; (b) Environmental
Description Timing: environmental descriptions in-
troduced at appropriate moments (scene changes,

important events); (c) Group Character Actions:
in multi-character scenes, character combinations
are reasonably selected for joint interactions, fitting
the current situation and relationships; (d) Char-
acter Coverage Balance: core characters receive
participation proportional to their narrative impor-
tance; transient characters naturally fade out after
fulfilling their narrative function; (e) Ending Tim-
ing: the scene ends at a natural narrative juncture,
not abruptly during a climax or dragging when
nothing happens.

E.5.3 Dim III: World State Maintenance*

Evaluates whether the World Model’s maintenance
of global state and location state is accurate and
timely. Unique to this framework, evaluating global
state and location state separately.

Global Update Sensitivity (GUS). Whether the
timing of global state updates is appropriate. Crite-
ria: (a) No Over-Updating: casual conversations or
local events should not trigger global state updates;
(b) No Missing Updates: truly globally impactful
events (war, kingdom falling) must be captured;
(c) Trigger Judgment: correctly distinguishing “lo-
cal impact” from “global impact” events.



CC: Character Consistency EQ: Evolution Quality ~ EG: Environmental Grounding
MDB: Motivation-Driven Behavior
CR: Contextual Responsiveness

PF: Profile Fidelity =~ SSF: Speaking Style Fidelity
EA: Environment Awareness EU: Environmental Utilization

1Q: Interaction Quality MG: Motivation Generation
PUF: Profile Update Fidelity ~PES: Profile Evolution Smoothness
NP: Narrative Progression  MQ: Motivation Quality

Models Setting cc EQ EG 10 MG Avg.
PF SSF MDB PUF PES EA EU CR NP MQ

Full 94.71 +275 88.77 +430 93.71 295 77.90 +3.74 80.16 +6.62 91.62 +a.88 92.10 +7.54 92.27 +3.74 59.98 =755 83.94 650 85.52

GPT-5.3-Chat w/o Char State 88.48 +586 86.08 +592 86.54 +6.60 27.18 +888 25.54+1035 90.92 +4.75 91.94 +738 89.89 +452 53.60 +8.15 57.08+12.97 69.73
: w/o Both 86.38 +5.77 82.57 +7.18 83.63 +6.86 24.96+1045 25.36 +9.88 86.39 +7.18 84.29 o84 86.14 +561 52.61 +736 55.46+12.57 66.78

Full 30.58+11.10 22.30 +836 30.71+1265 21.87+16.04 20.36+1389 44.33 888 46.19 930 40.78=1236 40.77 +9.04 27.26+2246 32.52
Llama-3.1-8B-I w/o Char State 12.31+13.52 11.23+1097 15.37 4840 6.38+1287 13.61 +899 32.64+11.83 39.45 6.17 19.22+1123 21.09 +7.72 23.21+1415 19.45
o w/o Both 5.78 +594 4.83 4503 7.29 4575 5.68 358 7.01+1221 23.08 +7.68 30.55 735 11.93 +726 12.12 +644 20.64+2423 12.89

Table 13: Ablation study on Character Agent performance. “Full” denotes the complete EvolvingWorld framework;
“w/o Char State” removes character state updates; “w/o Both” removes both world and character state updates.

SP: Scene Planning  SM: Speaker Management

LSR: Location & Scenario Rationality ~ SCC: Scene Continuity & Coherence
LUS: Location Update Sensitivity ~LSA: Location State Accuracy

GUS: Global Update Sensitivity ~ GSA: Global State Accuracy

WSM: World State Maintenance

CSR: Cast Selection Rationality
TSO: Turn & Scene Orchestration

Sp

SM WSM

Models Setting Avg.
CSR LSR Scc TSO GUS GSA LUS LSA

Full 80.04 509 89.35 +4.81 68.40+1548 69.04 641 70.02 +2.12 51.11 +548 75.21 +630 64.77+1096 70.99

GPT-5.3-Chat  w/o World State 78.31 +4.42 87.63 +628 58.88+16.92 58.65 +7.10 43.48+1693 51.87 6.00 64.70 +7.35 44.47 +862 61.00

w/o Both 79.65 +4.93 87.81 4868 52.94+1752 56.18 684 42.20+2013 51.48 +721 64.60 +7.01 43.10 +832 59.75

Full 60.56+17.34 68.01=x17.31 34.16+13.44 28.65+11.65 49.02+1999 43.94+17.78 45.89+1933 41.12+1692 46.42

Llama-3.1-8B-I w/o World State 51.06+16.65 59.21x1429 27.02+12.89
7.73+11.71

w/o Both 41.94+11.16 43.51=x12.99

5.79 4581 18.82+1583 20.04+1571 29.80+18.99 15.27+2079 28.38
4.10 +284 20.31+1533 20.72+1115 28.4522052 17.57+14.14 23.04

Table 14: Ablation study on World Model performance. “Full” denotes the complete EvolvingWorld framework;
“w/o World State” removes world state updates; “w/o Both” removes both world and character state updates.

Setting PUF PES Avg.
Full 77.90+3.74 80.16+6.62 79.03
w/o Hidden Tracker 65.30+5.92 77.56+491 71.43
w/o Open Schema  76.65+2.94 7891+442 77.78

Table 15: Character-side component ablations with
GPT-5.3-Chat. Removing the Hidden Tracker or replac-
ing the open profile with a fixed schema both degrade
profile-update quality.

Setting CSR LSR GUS GSA Avg.
Full 80.04+509 89.35+481 70.02+2.12 51.11+548 72.63
w/o Open Schema  79.10+344 88.554+253 66.50+1.89 50.95+2.15 71.28

Table 16: World-side schema ablation with GPT-5.3-
Chat. Replacing the open global state with a fixed
schema reduces global-state maintenance.

Global State Accuracy (GSA). Whether the up-
dated global state content is accurate. Criteria:
(a) Factual Accuracy: global state accurately re-
flects occurred events without erroneous informa-
tion; (b) Timely Retirement: overturned or outdated
information is removed or updated; (c) Concise
Expression: descriptions remain concise without
accumulating redundant details.

Location Update Sensitivity (LUS). Whether the
timing of location state updates is appropriate. Cri-
teria: (a) No Over-Updating: temporary events
without lasting impact should not trigger updates;
(b) No Missing Updates: events with lasting phys-
ical or environmental changes must be captured;
(c) Persistence Judgment: correctly distinguishing
“temporary changes” from “persistent changes.”
Location State Accuracy (LSA). Whether the up-

Evaluation Target Model Untrained Trained
Avg. ID Avg. OOD Avg.

Qwen3-4B-1 21.77 38.80 36.95
Qwen?2.5-7B-1 20.84 45.28 45.88

Character Agent  Llama-3.1-8B-I ~ 30.88 49.62 41.08
Qwen2.5-14B-1  34.58 52.57 52.73
Qwen2.5-32B-1  27.86 56.63 57.61
Qwen3-4B-1 32.06 52.36 48.84
Qwen?2.5-7B-I 36.23 55.44 54.23

World Model Llama-3.1-8B-1  44.69 56.73 50.98
Qwen2.5-14B-1  40.42 58.44 55.91
Qwen2.5-32B-1  45.75 60.65 58.96

Table 17: ID and OOD performance after full-mixture
training on Character Agent and World Model. Un-
trained averages are included as references.

dated location state and Important Entities list are
accurate. Criteria: (a) Spatial Consistency: spa-
tial logic of location descriptions is self-consistent;
(b) Entity Accuracy: Important Entities list accu-
rately reflects entities currently present; (c) Cross-
Scene Continuity: descriptions of the same location
across scenes remain consistent.

E.5.4 Dim IV: Instruction Compliance

Instruction Compliance (IC). Whether the output
format is correct and the World Model acts within
its scope of responsibility. Criteria: (a) Format
Correctness: JSON format and fields for each task
output are complete and correct; (b) No Overstep-
ping: the World Model strictly acts within its own
responsibility, not generating character dialogue;
(c) Field Completeness: all required fields are filled
without omissions.

Error Penalty. When a simulation terminates pre-
maturely due to the World Model failing to produce
valid output, both the IC Penalty and the Metric



CC: Character Consistency EQ: Evolution Quality EG: Environmental Grounding
PF: Profile Fidelity

IC: Instruction Compliance

PES: Profile Evolution Smoothness
NP: Narrative Progression

CR: Contextual Responsiveness

EU: Environmental Utilization

1Q: Interaction Quality MG: Motivation Generation
SSF: Speaking Style Fidelity MDB: Motivation-Driven Behavior
EA: Environment Awareness
MQ: Motivation Quality

PUF: Profile Update Fidelity

Models CcC EQ EG 1Q MG IC Ave,
PF SSF MDB PUF PES EA EU CR NP MQ IC

Claude-4.6-Sonnet Judge

Claude-4.6-Opus ~ 97.81 +1.92 96.70 +2.79 99.00 +1.63 96.36 +2.83 84.62 +9.15 95.91 +336 98.73 +246 98.85 +1.49 89.76 +6.06 95.36 +363 91.53 +325 94.97
GPT-5.3-Chat 94.71 +275 88.77 +4.30 93.71 295 77.90 +374 80.16 +6.62 91.62 +4.88 92.10 +7.54 92.27 +374 59.98 +7.55 83.94 +6.50 83.85 +325 85.36
Gemini-3.1-Pro-P  89.79 523 79.40 +691 93.09 +357 78.90 =587 66.29 =998 85.35 +6.17 83.90 +833 91.87 £3.62 67.74 +9.63 83.04 +641 84.12+1290 82.14
Kimi-K2.5 80.79+10.84 61.45+19.00 87.52 +9.78 81.07 +863 54.51+16.38 81.29+1059 83.86+13.00 88.31 +827 56.02+16.66 77.12+1225 82.83 +568 75.89
GPT-40 7145 +684 54.13 +9.15 76.36 +6.76 57.66 +8.60 54.46 +862 75.80 +7.04 76.32 +9.16 77.94 +463 55.89+11.73 69.94 881 74.15+1639 67.65
DeepSeek-V3-0324 66.22+13.05 56.23+12.75 75.59 +832 55.73 +7.73 53.28+11.00 71.96 +9.04 76.43+1032 72.48 +838 51.89+14.65 70.20 +8.05 55.04+1632 64.10
Qwen-32B (EW-F) 67.81+1250 60.56+1220 61.34+1076 57.24 +783 58.62+10.76 55.43 +928 39.22 +791 60.55+13.42 48.48 +952 54.93 +791 63.45+2236 57.06
Mistral-Small 54.19 +9.61 39.24 977 57.23 1762 46.02 +548 44.53 +8.14 68.46 627 70.89 +7.01 61.67 +6.76 40.48 +£6.78 52.40 +9.10 63.85 +s501 54.45
Qwen-14B (EW-F) 62.39+1445 55.74+1359 55.63+13.02 49.82 848 53.60+11.17 50.03 +9.79 36.25 +7.47 55.36+1426 44.04 +9.66 53.36+11.16 66.27+1459 52.95
Qwen-7B (EW-F) 54.07 +985 48.19+1044 47.15 4844 41.24 +7.72 40.33+1006 45.44 +727 31.81 +6.14 48.61 +9.92 36.09 +6.68 42.12 +831 65.78 +945 45.53
Qwen2.5-14B-1 31.44+1064 14.71 +763 30.43+1011 43.95 +651 35.56+11.66 43.84 +865 38.79 +9.18 32.83 +9.13 15.66 +6.22 49.85 +798 39.78+1850 34.26
Qwen2.5-32B-1 19.49+11.17 742 +6.16 20.08 +9.81 35.85 2925 29.82=11.19 39.50 +848 32.63 840 24.55 +820 13.87 +6.75 45.12+12.65 38.14+1537 27.86
Qwen2.5-7B-1 15.77 +668 7.69 +506 11.70 +6.98 32.25 +7.42 25.07+1049 30.45 +641 28.53 +6.75 11.80 +731  9.69 +553 36.20+1606 20.14+1272 20.84
Gemini-2.5-Pro Judge

Claude-4.6-Opus ~ 84.65 +4.23 80.45 +£7.44 92.07 +336 86.92 +3.98 79.68 +7.17 88.46 +420 89.38 +399 91.09 340 86.53 £3.20 84.50 +324 64.04 +429 84.34
GPT-5.3-Chat 85.73 £330 82.87 +536 89.30 +2.81 75.39 +4.67 77.30 z6.04 88.39 383 88.41 +587 88.31 +293 73.48 x6.61 79.71 +431 72.01 +321 81.90
Gemini-3.1-Pro-P  83.60 +492 79.13 +781 88.93 +3.25 79.26 +4.93 73.80 +897 83.29 +441 83.16 +523 86.66 +359 78.22 +558 81.22 +4.83 73.42+11.74 80.97
Kimi-K2.5 83.36 +4.52 65.20+13.79 91.10 +3.02 82.50 511 74.97 +7.04 86.26 470 87.60 +3.94 87.90 +4.73 77.37 +7.42 82.68 +3.78 63.69 +6.71 80.24
GPT-40 79.47 +4.49 72.33+1033 86.74 £3.49 64.29 981 62.89+10.72 79.41 +593 81.52 +735 79.78 +4.63 68.53 +9.50 76.36 +6.16 60.28+13.10 73.78
DeepSeek-V3-0324 76.21 686 70.51+1072 84.34 +569 60.61 +899 62.68 ~9.68 79.85 +565 81.84 +676 69.09 +9.18 64.16+11.04 77.75 +6.07 48.10+14.71 70.47
Mistral-Small 69.87 +7.06 61.54 +9.15 76.86 +572 52.82 +6.84 54.97 +892 77.37 +541 84.20 +4.24 60.79 +7.67 53.46 647 68.34 +7.08 49.25 +6.690 64.50
Qwen-32B (EW-F) 59.80+1223 59.11+13.08 63.20+1235 64.66 +927 64.97=11.64 57.35 +9.26 43.79 +9.60 53.50+13.01 52.86 +9.26 71.36 +6.86 55.22+2203 58.71
Qwen-14B (EW-F) 55.79+1323 56.10+1247 59.67+12.60 58.05 +9.74 59.88+11.24 61.10 +8.13 42.41 +8.82 49.59+1253 49.92 4867 69.18 +8.06 59.81+1558 56.50
Qwen-7B (EW-F) 49.60+1042 50.63+1035 53.17 +9.290 50.98 4879 51.31+1088 47.81 +8.10 39.32 +6.66 42.38 +9.19 44.06 +740 65.12 +7.94 60.29+1258 50.42
Qwen2.5-14B-1 47.49 +9.73 34.93 +939 55.31 953 54.36 +925 51.94+11.02 54.19 +8.92 47.42+11.09 41.00 +7.11 33.45 +705 68.23 +921 37.60+18.63 47.81
Qwen2.5-32B-1 40.81 +9.85 26.48 +7.61 51.41+1066 50.30 +855 52.99+1069 57.30 +826 46.57 +£9.69 42.39 +8.14 32.81 +6.77 65.87 +8.80 36.38x14.19 45.76
Qwen2.5-7B-1 35.03 +7.12 29.50 +6.67 42.27 +7.71 39.44 +388 38.88 +858 47.83 +7.02 41.93 +951 29.21 +654 28.05 +5.17 52.62+17.56 25.37+1348 37.28
GPT-5.1-Chat Judge

Claude-4.6-Opus  93.08 +4.07 87.00 +7.84 97.43 +2.52 80.97+1070 81.42 +848 93.31 +4.59 92.54 +572 95.42 +2.85 89.45 +551 89.50 +4.73 63.83+10.68 87.63
GPT-5.3-Chat 93.93 4395 89.38 +4.85 93.20 +351 75.36 +654 81.52 +4.97 91.65 +6.45 88.97+11.99 90.46 +287 63.82+1064 81.21 +532 62.12 +578 82.87
Gemini-3.1-Pro-P  89.33 4552 77.65+1223 91.58 +3.67 69.95 846 71.13 +7.19 81.23 +7.92 75.67+11.12 87.92 +4.12 72.49+1098 80.96 +6.67 62.85+1229 78.25
GPT-40 82.65 641 72.47+1362 86.25 +547 55.34+1185 66.73 +878 80.17 +834 79.33+11.01 80.68 +321 63.14+13.16 74.43 1967 48.91+1232 71.83
Kimi-K2.5 81.63 +9.13 51.81+2147 90.70 +490 57.81+11.60 54.20+17.82 83.54 869 84.18 +853 87.42 +466 67.77+1499 78.64 652 42.85+1299 70.96
DeepSeek-V3-0324 74.51+11.46 59.83+19.41 85.28 +536 52.37+12.58 61.47+1267 77.05+11.41 78.01+12.23 78.82 +501 64.42+1464 77.11 +9.17 32.47+13.94 67.39
Mistral-Small 68.11 +9.92 43.64+14.56 73.56 +7.11 49.37 +800 63.48 +7.51 81.58 +7.16 82.79 +8.10 71.23 +502 53.21 +9.14 58.62+10.79 38.54 +6.82 62.19
Qwen-32B (EW-F) 64.74+1362 57.45+1220 64.08+11.40 42.90+11.75 62.89 +800 57.32+1248 44.93 +953 65.80+1037 55.89+1051 64.03 +861 51.10+21.57 57.38
Qwen-14B (EW-F) 59.28+1569 52.16+1353 60.09+11.25 51.83+1055 62.41 +7.04 59.63+1429 41.35 4832 61.47+11.91 52.11 4982 59.61 +9.91 55.20+1568 55.92
Qwen-7B (EW-F) 53.47+1121 42.70+1081 52.83 +9.70 31.90+1049 53.58 +8.71 44.88+11.78 39.14 +7.08 56.64 +8.11 45.50 +7.84 53.92 +9.69 55.96+12.78 48.23
Qwen2.5-14B-1 45.67+14.10 23.96=11.81 53.42+11.87 30.42+1072 47.84+1346 41.44=x1135 45.88=1428 52.11 £9.77 23.05 +7.55 58.44+13.63 30.09+1599 41.12
Qwen2.5-32B-1 37.63+1572 16.16+10.79 42.91+1504 37.02+1029 54.83+1293 47.41+1267 48.91+1357 50.08+1071 23.81 +801 56.38+14.54 31.85+14.74 40.64
Qwen2.5-7B-1 32.51+1205 15.01 +7.78 34.43+1135 24.62 +884 32.14+1272 36.76 +878 41.13+11.94 26.64 +880 17.98 +6.01 44.23+1847 18.16+1233 29.42

Table 18: Full Character Agent benchmark results under three judge models. Gray rows indicate the judge model;
all score rows are copied from the original per-judge tables, which are retained separately.

Penalty described in §E are applied.

F Full Results on EvolvingWorld

Benchmark

ture as the default setting in the main text and report
the balanced variant here for completeness.

G Ablation Study

Training mixture settings. Our main experiments
use the full EW data mixture (EW-F), which pre-
serves the natural task distribution of the con-
structed training set. For comparison, we also train
a balanced-mixture variant (EW-B), where each
task contributes the same number of training ex-
amples. Tables 11 and 12 provide the complete
EvolvingWorld benchmark results on 21 models
and their fine-tuned ones.

Analysis. Across both Character Agent and World
Model evaluations, EW-trained models consistently
improve over their corresponding open-source
backbones and role-playing-only baselines. The
full and balanced mixtures show similar overall
trends, with the better setting varying by backbone
and evaluation role; we therefore use the full mix-

We ablate the two core mechanisms in Evolving-
World: character state and world state updates, us-
ing GPT-5.3-Chat and Llama-3.1-8B-Instruct.
Tables 13 and 14 show that both mechanisms
matter but affect different parts of the simula-
tion. Removing character state updates sharply
reduces character evolution metrics such as PUF,
PES, and MQ, causing large character-agent drops
for both backbones. Removing world state up-
dates mainly hurts world-model metrics, including
scene continuity, turn/scene organization, and state-
maintenance. The two mechanisms are also cou-
pled: removing world updates weakens character-
side grounding and interaction, while removing
character updates further harms world-side continu-
ity and orchestration, indicating that long-horizon



SP: Scene Planning  SM: Speaker Management

GUS: Global Update Sensitivity ~ GSA: Global State Accuracy

WSM: World State Maintenance
CSR: Cast Selection Rationality ~ LSR: Location & Scenario Rationality =~ SCC: Scene Continuity & Coherence
LUS: Location Update Sensitivity ~LSA: Location State Accuracy

IC: Instruction Compliance
TSO: Turn & Scene Orchestration

SP SM WSM IC

Models Avg.

CSR LSR SCC TSO GUS GSA LUS LSA IC
Claude-4.6-Sonnet Judge
Claude-4.6-Opus 84.86 534 96.66 +2.56 82.28+1337 84.98 +476 66.05 +£574 58.48 £675 61.72 +946 75.49 +8.93 89.34 +650 77.76
GPT-5.3-Chat 80.04 +5.09 89.35 +4.81 68.40+1548 69.04 +641 70.02 £2.12 51.11 +548 75.21 +630 64.77+1096 85.57 +4.92 72.61
Gemini-3.1-Pro-P 83.50 +3.17 91.60 +4.81 69.16+2097 72.70+10.18 65.60 £9.89 55.13+1068 66.51 +9.67 61.54+1084 85.55+13.49 72.37
Kimi-K2.5 78.36 +7.78 80.61+1501 51.72+2595 58.84+1095 66.64 +7.53 59.85 +822 68.90 +6.87 70.54 +9.77 77.94 +994 68.16
GPT-40 77.80 +8.81 85.33 +6.55 51.02+1690 61.44 +£734 61.40 4832 52.86 +591 54.12 +996 51.44 +7.07 73.50+1844 63.21
Qwen-32B (EW-F) 69.77 +799 77.26 +958 45.42+17.69 48.21 +9.83 61.67 +338 49.92 +506 60.65 +4.40 51.95 4396 73.94+2458 59.87
DeepSeek-V3-0324  76.98 +636 81.86 +8.43 51.00+1930 38.75+15.05 63.48 +5.11 48.79 +6.70 47.32+1008 49.70 +8.14 60.33+1647 57.58
Qwen-14B (EW-F) 68.18 +7.96 70.67+10.66 39.24+18.05 45.19+1048 59.45 +7.84 46.76 +6.86 60.84 +6.83 49.08 +637 77.02+15.15 57.38
Qwen-7B (EW-F)  63.90 889 63.32+11.66 32.02+17.41 39.98 +6.79 61.21 +541 47.52 +6.02 61.20 +4.10 49.10 +444 76.59 +9.78 54.98
Mistral-Small 7224 672 7374 686 41.38+1600 42.39 £698 60.88 £747 44.55 +6.82 41.64 £890 44.92 +653 60.41 £850 53.57
Qwen2.5-32B-1 69.55 +9.80 60.18+1446 17.69+1467 18.03 £7.14 61.21 +6.80 49.53 £7.00 42.35+13.03 42.08 £7.58 51.12+17.99 45.75
Qwen2.5-14B-1 70.66+1008 67.37+13.98 21.47+1564 1695 +674 50.64+2159 41.28+17.15 23.71+12.53 29.82+13.41 41.89+18.78 40.42
Qwen2.5-7B-1 61.07+1278 51.25+1471 14.09+1459  5.82 +4.92 53.53+11.52 44.53 +9.69 28.65 +9.43 31.53 +8.02 35.58+16.83 36.23
Gemini-2.5-Pro Judge
Claude-4.6-Opus 76.83 +421 84.21 +291 76.99+1425 83.68 +£4.88 54.78 +£851 54.04 +9.69 44.52 +875 76.89 £7.02 62.69 +4.18 68.29
GPT-5.3-Chat 76.63 £294 82.79 £370 70.25+18.19 77.58+1020 57.94 +9.40 49.54+11.17 58.92 +9.80 58.87x11.32 59.67 +9.48 65.80
Gemini-3.1-Pro-P 76.40 £3.17 81.22 +597 62.39+1662 78.08 £582 59.69 +9.27 47.25+1146 60.65 £7.69 60.08 +9.34 59.77 +423 65.06
Kimi-K2.5 74.55 £394 80.72 +505 66.24+1949 78.22 +£5.14 60.29 +565 43.17 +630 61.23 £798 56.41+12.61 60.88 +291 64.63
GPT-40 7217 £706 80.52 +449 59.92+1848 72.19 +582 57.93 4673 49.92 +583 51.67 +7.83 48.83 +840 54.05+11.94 60.80
Qwen-32B (EW-F) 71.63 642 75.19 +6.69 44.57+1547 59.32 +9.97 58.53 +748 47.17 +6.12 5543 +535 47.57 4605 51.88+19.64 56.81
Qwen-14B (EW-F) 69.27 +961 73.98 +8.09 42.15+1652 58.99 +9.15 57.85 +549 45.89 +730 54.98 +466 45.71 621 55.36+1336 56.02
DeepSeek-V3-0324  72.79 +630 80.12 +449 63.91+18.77 48.67+1652 54.00 +8.16 45.09 +7.62 43.39 +7.69 47.63 +8.13 45.53+1320 55.68
Qwen-7B (EW-F)  65.21 +791 65.51+12.03 39.13+1585 55.50 +733 57.02 +4.43 43.25 +522 53.96 +428 44.25 +481 55.61+11.01 53.27
Mistral-Small 68.50 £7.89 73.45 +642 4531+19.01 54.63 £828 54.60 £6.78 40.76 £581 40.76 £535 37.47 +635 44.67 717 51.13
Qwen2.5-32B-1 68.32 £8.02 71.08 +9.11  44.55+1829 37.55 £9.41 57.32 £526 4531 605 41.75 £993 38.63 +£8.44 39.56+1565 49.34
Qwen2.5-14B-1 67.69 £798 66.63+£1002 41.13+1936 34.07 £822 47.30+2051 36.99+1534 28.05+12.87 28.09+13.09 32.80+16.30 42.53
Qwen2.5-7B-1 62.90+1120 61.27+1009 34.71+1783 23.34 +6.63 54.40+1054 43.94 832 35.02 £828 31.56 +7.73 34.45+16.02 42.40
GPT-5.1-Chat Judge
Claude-4.6-Opus 7446 £493 84.15 +561 87.84+1055 77.36 +5.15 70.37 £4.03 61.00 454 66.50 £7.22 69.27 +8.43 84.81 +£758 75.08
GPT-5.3-Chat 7847 +4.04 86.22 +450 79.80+1634 T76.78+1079 64.76 £927 59.89 +£796 58.88+11.37 64.98 +9.31 80.54+1474 72.26
Gemini-3.1-Pro-P 78.78 +656 90.78 +4.65 83.18+11.77 80.95 +£722 63.84 +723 58.76 +6.11 39.65+1147 69.03+1006 70.32+11.77 70.59
Kimi-K2.5 70.18 +9.64 82.49 +634 67.75+13.53 67.59 +£585 63.80 +8.09 56.94 +6.08 47.34+1395 54.09 +8.46 73.56+19.04 64.86
GPT-40 76.75 £535 79.72 +981 73.24+17.62 65.47 +9.63 61.46 +831 58.98 +649 50.13+1080 61.84 +9.77 53.25+1511 64.54
Qwen-32B (EW-F) 69.54 +820 75.29 +9.79 61.15+2052 60.45 +752 65.48 +862 55.95 +863 59.63 +736 57.30 +731 71.86+27.66 64.07
Qwen-14B (EW-F) 67.09+1007 74.38 4920 55.05+21.36 57.83 4872 59.94 +953 54.70 +7.22 60.69 +7.78 56.04 +8.08 76.61+19.13 62.48
DeepSeek-V3-0324  71.48 +£7.03 80.63 +6.44 69.51+16.65 44.03+1601 64.00 +7.78 54.70 +646 52.56+1591 52.82+13.05 61.68+19.99 61.27
Qwen-7B (EW-F) 6294 +869 66.13+1359 43.44+17.70 55.53 4545 63.53 +543 55.68 +652 60.07 +6.71 55.54 +7.01 77.26+1558 60.01
Mistral-Small 65.35 £8.86 72.99 +8.19 68.58+17.40 50.67 +£9.02 61.36+10.16 54.76 +742 28.60+11.15 42.50+11.45 50.84+1599 55.07
Qwen2.5-32B-1 66.21 +856 75.08 £7.86 52.36+19.60 33.10+1036 59.29+1000 54.30 +6.80 34.88+1599 44.21+13.90 45.73+2335 51.68
Qwen2.5-14B-1 66.01 +9.61 70.85+1083 46.51+18.19 28.42+10.12 53.14+2262 46.10+£1956 16.58+1062 29.33+1550 35.09+20.99 43.56
Qwen2.5-7B-1 58.42+11.48 64.34+1299 41.27+23.04 13.45 +6.19 57.16+1431 50.50+11.22 23.91+1016 30.31+11.15 35.35+19.17 41.63

Table 19: Full World Model benchmark results under three judge models. Gray rows indicate the judge model; all
score rows are copied from the original per-judge tables, which are retained separately.

simulation depends on their joint evolution.

Hidden Tracker. To validate the Hidden Tracker
specifically, we remove it from the initial character
states, simulation prompts, and character-update
outputs, while keeping scene-by-scene profile up-
dates unchanged, using GPT-5.3-Chat. As shown
in Table 15, removing the Hidden Tracker reduces
PUF by 12.60 and PES by 2.60, a 7.60-point drop
in their average. This confirms that accumulating
weak evidence before committing profile changes
is important for deciding when profile dimensions
should evolve across scenes.

Open vs. Fixed Schema. To isolate the ben-
efit of the open-schema design, we replace
the open schemas with fixed ones while
keeping all other settings unchanged, using

GPT-5.3-Chat. All books share the same
fixed schema, where each character profile
is compressed into background, personality,
relationships, goals, and current_state,
and the global world state into setting,
social_rules, institutions, conflicts, and
current_events. Tables 15 and 16 show that
fixed schemas consistently reduce the focused aver-
ages by 1.25 and 1.35 points, indicating that book-
specific dimensions provide a consistent advantage
over a single fixed schema.

H In- and Out-of-Distribution Results

We further compare the performance of Evolv-
ingWorld on in-distribution (ID) and out-of-
distribution (OOD) test examples. Table 17 reports
average scores for both Character Agent and World



Type Judge Model 1 2 3 4 5 6
Claude-4.6-Sonnet  Claude-4.6-Opus  GPT-5.3-Chat Gemini-3.1-Pro-P Kimi-K2.5  GPT-40  DeepSeek-V3-0324

Character Agent Gemini-2.5-Pro Claude-4.6-Opus GPT-5.3-Chat Gemini-3.1-Pro-P Kimi-K2.5  GPT-40  DeepSeek-V3-0324
GPT-5.1-Chat Claude-4.6-Opus GPT-5.3-Chat Gemini-3.1-Pro-P  GPT-40 Kimi-K2.5 DeepSeek-V3-0324
Claude-4.6-Sonnet  Claude-4.6-Opus GPT-5.3-Chat Gemini-3.1-Pro-P  Kimi-K2.5  GPT-40 Qwen-32B (EW-F)

World Model Gemini-2.5-Pro Claude-4.6-Opus  GPT-5.3-Chat Gemini-3.1-Pro-P  Kimi-K2.5 GPT-40 Qwen-32B (EW-F)
GPT-5.1-Chat Claude-4.6-Opus  GPT-5.3-Chat  Gemini-3.1-Pro-P  Kimi-K2.5  GPT-40 Qwen-32B (EW-F)

Table 20: Top-6 model rankings for Character Agent and World Model evaluations under three judge models, sorted
by the scores in the Average column of Tables 18 and 19.

Model evaluations. For each backbone, we include
its untrained performance as a reference and report
ID/OOD results after full-mixture training.

Across both evaluation targets, full-mixture train-
ing consistently improves over the corresponding
untrained backbones on both ID and OOD exam-
ples. Although OOD scores are sometimes slightly
lower than ID scores, they still show substantial
gains over the untrained models. In several Char-
acter Agent settings, OOD performance even sur-
passes the corresponding ID results. These trends
suggest that the learned book-to-world abilities are
not limited to the training distribution. The gains
are also stable for World Model evaluation, where
all trained models retain clear advantages over their
untrained counterparts despite the harder structured
state-tracking requirements.

I Comparison across Judge Models

We examine the robustness (Liu et al., 2025; Zong
et al., 2025b,a) of our LLM-as-Judge evaluation
by repeating it with three strong judge models
from different model families: Claude-4.6-Sonnet,
Gemini-2.5-Pro, and GPT-5.1-Chat. The complete
results for Character Agent and World Model are in
Tables 18 and 19, respectively. In both tables, the
gray rows indicate the judge model used for eval-
uation, and all models are sorted by their Average
scores in descending order.

For a clearer view of the rankings across judge
models, Table 20 lists the top six models selected
by each judge according to the Average score.

The leading-model rankings show strong agree-
ment across judges. In the Character Agent eval-
uation, all three judges identify the same top-six
models and the same top-three ordering; the only
variation is that GPT-5.1-Chat reverses the order
of Kimi-K2.5 and GPT-40. In the World Model
evaluation, the entire top-six ranking is identical
across all three judges. This consistency across
independent judge families suggests that our eval-
uation reflects a stable performance signal rather

than judge model’s specific bias.

J Downstream Application: Video
Generation

The structured scene representations produced by
EvolvingWorld can be directly leveraged for down-
stream creative applications. As a proof of con-
cept, we demonstrate automatic video generation
from the extracted scenes. Each scene generated
by our framework encodes rich structured informa-
tion, including world states, character states, and
fine-grained interactions among characters, which
can be fed as prompts to video generation models.

Figure 8 shows a four-scene video produced
from the structured scenes of Alice’s Adventures
in Wonderland. We generate a video clip for each
scene independently using LingBot and concate-
nate them in narrative order, yielding a logically
coherent short film. Crucially, EvolvingWorld is
not limited to replaying the original narrative. It
can continue evolving beyond the existing ending
to generate new scenes, or branch off from any in-
termediate point to produce alternative storylines.
Combined with video generation, this opens up the
possibility of automatically creating long, coherent
films with diverse narrative trajectories.

K Prompts

This appendix provides the complete prompts used
in the data construction pipeline, the simulation
pipeline, and the LLM-as-Judge evaluation frame-
work.

K.1 Data Construction Prompts

The data construction pipeline uses LLM prompts
at several key stages. We present the five most im-
portant prompts below: Scene Extraction, Charac-
ter Profile Initialization, Dynamic Character Profile
Update, Global World State Initialization, Loca-
tion World State Initialization, and Dynamic World
State Update. The complete prompts are given in
Tables 23 — 27.



The bored Alice, sitting by her sister on a riverbank, sees a peculiar White Rabbit in a waistcoat who is worried about
being late. Her curiosity is fully ignited when he pulls out a watch. She chases him across a field and, without a second

thought, impulsively jumps down a large rabbit-hole after him.

During a long, slow fall down a rabbit-hole that resembles a well, Alice
has ample time to observe shelves with cupboards and books. Finally,

She finds herself in a hall of locked doors.
After her initial attempts to open them fail,

Alice lands safely and briefly spots the White Rabbit before he vanishes.

After drinking from a 'DRINK ME' bottle, Alice shrinks to ten inches, only to find the key left on the unreachable table.
Following a brief cry, she discovers a cake labeled 'EAT ME' and eats it in hopes of changing size. After eating the cake,
Alice begins to grow at an alarming rate, her head eventually hitting the ceiling of the hall.

Figure 8: A four-scene video produced from the structured scenes of Alice’s Adventures in Wonderland. Each clip is
generated independently by LingBot from a single scene representation and concatenated in narrative order.

K.2 Simulation Prompts

The simulation pipeline consists of seven task-
specific prompts. Each task has multiple wording
variants in the codebase. We present one repre-
sentative variant per task below. Data placehold-
ers are shown as {variable_name}. To keep the
two broad-selection tasks tractable, scene_cast
receives all characters only as their latest short de-
scriptions, which are updated together with profiles,
and location_scenario receives all candidate lo-
cations only as location descriptions rather than
full per-entity states. The complete prompts are
given in Tables 28 — 31.

K.3 Evaluation Prompts

Each metric is evaluated independently with a ded-
icated system prompt and user prompt. The shared
scoring method, output format, scene summary
prompt, and system/user templates are shown in
Table 32. Per-scene evaluation criteria for Char-

acter Agent metrics are given in Tables 33 — 38,
and those for World Model metrics in Tables 39 —
43. The cross-scene evaluation criteria for PES and
SCC are in Table 44.

L  Human Evaluation

To validate the reliability of our LLM-as-Judge
evaluation, we conduct a human evaluation study
using pairwise comparison. Since Claude-4.6-
Sonnet serves as our main judge, we report its
agreement with human annotations in this anal-
ysis. We randomly sample 60 simulation trajec-
tories from our evaluation set, covering 3 model
pairs. Each sample is independently annotated by
3 trained native English speakers, resulting in 180
total annotations. Due to the length and complex-
ity of multi-scene simulation trajectories, annota-
tors spend approximately 1 hour per sample. The
complete annotator instructions are provided in Ta-
bles 45 and 46.



Model Pair Target Human Win Rate  Judge Win Rate = Agreement
Claude-4.6-Opus vs GPT-5-Chat Character Avg. 95.0% 100.0% 95.0%
Claude-4.6-Opus vs GPT-5-Chat World Avg. 90.0% 85.0% 85.0%
Gemini-3.1-Pro-P vs GPT-40 Character Avg. 95.0% 95.0% 100.0%
Gemini-3.1-Pro-P vs GPT-40 World Avg. 95.0% 90.0% 95.0%
Qwen-7B (EW-F) vs Qwen2.5-7B-1  Character Avg. 100.0% 100.0% 100.0%
Qwen-7B (EW-F) vs Qwen2.5-7B-1  World Avg. 100.0% 100.0% 100.0%

Table 21: Human—judge agreement. For each pair, the model before “vs” is the one with the higher judge-assigned
Average score. Winning rate is computed for this first model, with ties counted as wins. Agreement measures exact
sample-level agreement between the human majority preference and the judge preference.

Dimension  Judge
CcC 100.0%
EQ 93.3%
EG 100.0%
IQ 100.0%
MG 90.0%
IC_char 90.0%
SP 86.7%
SM 100.0%
WSM 95.0%
IC_world 81.7%

Table 22: Dimension-level agreement between human
majority preferences and judge preferences.

Human-judge agreement. For each annotated
trajectory, we aggregate the three human anno-
tations by majority vote and compare the result-
ing human preference with the preference implied
by the judge scores. Since the annotated exam-
ples are pairwise comparisons, we report the win-
ning rate of the model that receives the higher
judge-assigned Average score within each pair; ties
are counted as wins (ties are rare in our annota-
tions). We also report exact sample-level agree-
ment, where the human majority preference and
the judge preference must match as win, loss, or
tie. Table 21 shows the agreement results. Over-
all, human preferences strongly support the judge-
preferred models, and the exact agreement is espe-
cially high on the Average scores.

Dimension-level agreement. Table 22 further
compares human majority preferences and judge
preferences at the level of individual evaluation di-
mensions. Agreement is high for both Character
Agent and World Model metrics: Character dimen-
sions range from 90.0% to 100.0%, with CC, EG,
and IQ all reaching 100.0%, while World dimen-
sions range from 81.7% to 100.0%, with SM reach-
ing 100.0% and WSM reaching 95.0%. Although
World metrics show slightly greater variation, the
overall agreement still remains strong across both
modules.

Annotator agreement. Human annotations also
show strong internal consistency on the two Aver-
age scores, with 100.0% majority agreement and
Fleiss’ k = 0.8.



Data Construction Prompt

Scene
Extraction

Extract structured narrative information from this book chunk. Extract ALL content completely.

Tasks

* Identify Chapter Beginnings: Record exact first line if a new chapter starts in this chunk.

¢ Extract ALL Scenes (Chronological): Extract every scene, event, or narrative segment (major
and minor). Provide: first sentence, last sentence, chapter title, prominence (1-100), state (“fin-
ished”/“truncated”). If truncated scenes are provided from previous chunk, extend them with current
content.

¢ Extract Complete Scenes: For each scene, extract: scenario (time, location, atmosphere, background —

detailed, exclude details already in interactions), inferactions (all character turns, 15-20+ per scene),

summary (comprehensive scene summary), and key_characters (names, descriptions, experiences,
motivations — derived AFTER extracting all interactions: collect every named individual who appears
in interactions, then fill in their info).

Identify Next Chunk Start: Output None if last scene is truncated or finishes exactly at chunk end;

otherwise output first sentence of next unprocessed storyline.

Interaction Format: [thought] speech (action)

* [thought]: Internal perspective, emotions, motivations (REQUIRED, can repeat; but every interaction
MUST start with thought, instead of speech or action). Based on original text or reasonably inferred
from actions; avoid over-interpretation.

« speech: Exact spoken words (optional, can repeat).

* (action): Body language, facial expressions, tone, pauses, gestures, physical actions (optional, can
repeat). NOT simple tags like “(said/replied X)”.

Examples

¢ “[I wonder what she means]”

“[This makes me uncomfortable] (fidgets with hands)”

“[I need to be careful] Perhaps we should reconsider”

“[She seems upset] Are you alright? (reaches out gently)”

“[I can’t believe this is happening] This is outrageous! (slams fist) [I need to calm down] But let’s discuss

rationally.”

“[I need to investigate] (walks across room and examines painting)”

Extraction Rules

» Extract from BOTH dialogue scenes AND narrative descriptions. Convert summarized actions to

interaction format (e.g., “The Smith family had a wonderful evening.” — [Everything is perfect tonight]

(have a wonderful evening); “The children walked into room together” — [We need to stay together]

(walk into room together)).

Extract ALL interactions (15-20+ per scene minimum).

* Segment or supplement original text so each interaction’s content is from the corresponding character(s)’
perspective. Ensure content matches the subject in “characters” field.

* Merge consecutive turns from same character into ONE interaction. Don’t worry about long interactions;
use multiple [thought]/speech/(action) to represent them.

» Use “Environment” as character for atmosphere/weather/sound/non-character events. Exclude character’s
active thoughts/observations/actions from Environment.

* Each character in “characters” field MUST be a specific individual’s name — NEVER use vague group
labels like “other people”, “all guests”, “the crowd”, “everyone”, or pronouns. When multiple named
individuals act together, list ALL their names explicitly: “The Smith family” — [“Mr. Smith”, “Mrs.
Smith”, ...]. If the character group consists of minor/insignificant characters (e.g., unnamed passengers
on a bus) and animals (e.g., horses on a farm) not central to the plot, do NOT list them as characters;
instead incorporate their actions/presence into the Environment description.

* Use exact text from book; convert third-person narrative to interaction format. Match the chunk’s
language.

Extraction Order (Important)

1. First identify all key_characters in the scene — every specific named individual who appears (no vague
group labels). If a character group is composed of named individuals, expand into each individual’s
name separately.

2. Then extract all interactions — each interaction’s “characters” field MUST only contain names from
the scene’s key_characters list.

Output Format (JSON):
{
"chapter_beginnings”: [{"beginning_sentence”: "exact first line"}],
"scenes”: [
// Extend the truncated scenes from previous chunk, if any
{...%

Table 23: Data construction prompt. Part 1 of 5.



Data Construction Prompt

Scene
Extraction

(Continuing from the previous Table)

" ”n

{"chapter_title": "...", "first_sentence": "last_sentence”: "...
"prominence”: "1-100", "scenario”: "detailed scene setup”, "interactions”:
[{"characters”: ["name 1"] or ["name 1", "name 2", ...] or ["Environment"]
(Note: always a list; group actions include multiple), "content”: "[thought]
speech (action) ... (MUST be from the perspective of the character(s)
listed)"}], "summary”: "scene summary”, "key_characters”: [{"name”: "full name
without title”, "description”: "description before this scene (~20 words)",
"experience”: "role, thoughts, behaviors, development in this scene (~30
words)"”, "motivation”: "thoughts/feelings/goals before the above
interactions”}], "state”: "finished” or "truncated"}],

"next_chunk_start”: "first sentence or None"

n n
cee

3

Requirements

¢ Output MUST strictly follow the JSON format — the top-level object MUST contain exactly the three
keys above. Do NOT wrap in extra keys or change the structure.

 Valid JSON with escaped quotes. Full character names without titles. Chronological order.

» Extract ALL content — no skipping. Use exact book text when available.

¢ Scene key_characters = ALL named individuals who appear in the scene (no duplicates). MUST

be specific individual names — no vague group labels. If a character group is composed of named

individuals, list each individual separately. Each must have: name, description, experience, motivation.

Interaction “characters” MUST only reference names already in key_characters; unnamed characters go

into Environment.

Data construction input: Book title, author, text chunk, and truncated scenes from previous chunk (if any)

Character
Profile
Initialization

You are building an initial character profile — a snapshot of who {character_name} is at the very

START of the story, BEFORE any of the depicted events unfold.

Task

Based on the scene data provided below (summaries, interactions, and the character’s role in each scene),

infer and describe this character’s initial state at the beginning of the book.

Critical Rules

* No Spoilers: Do NOT reveal specific plot events, outcomes, deaths, betrayals, or any concrete story
developments. Describe only the character’s baseline state (personality, background, relationships, etc.)
as it would exist before the story begins. If a relationship, trait, belief, or any other characteristic only
emerges or is established during a specific scene in the story, do NOT include it in this profile.

* Infer backwards: Use what happens in the story to infer what the character must have been like at the
start — their traits, history, relationships — without narrating the events themselves.

* Select relevant dimensions: Choose only the dimensions that are meaningful for this character. You
are NOT required to cover all dimensions. Suggested dimensions for reference (use, skip, or add your
own as appropriate): Physical Description, Social Standing, Professional Identity, Core Personality,
Mental Health Status, Cognitive Biases, Moral Code, Speech Patterns, Signature Catchphrases, Core
Motivations, Core Fears, Skills & Expertise, Supernatural Powers, Wealth & Assets, Faction Loyalty,
Historical Baggage, Key Relationships, Emotional Debts, Backstory Milestones, etc.

* Format: Output a structured profile with clearly labeled dimensions. Be concise: avoid filler phrases,
redundant elaboration, or vague generalities — every sentence should carry specific, meaningful in-
formation. Do NOT include any preamble or meta-commentary (e.g., “This profile describes X at the
beginning of the story...”") — start directly with the first dimension.

* Language: Output in {language}.

* Grounding: Base the profile on the provided scene data and/or your existing knowledge of the character.
Do NOT fabricate details.

Data construction input: Book title, character name, and scene data (scene summaries, interactions, and
key_character entries for all scenes where the character appears)

Dynamic
Character
Profile Update

You are tracking how a character evolves throughout a story, scene by scene. Your goal is to build a
comprehensive foundation (dynamic profile, hidden tracker, description, motivation...) for dramatic
performance — providing the necessary background for actors to act out each scene.

Current State (before the scene below): Current Profile, Hidden Tracker (events/signals accumulated so
far), and Brief Description from Previous Scene.

Scene Just Completed: Scene summary, scenario, character’s motivation, and all interactions.

Next Scene (lookahead reference ONLY — use ONLY to judge whether current changes are meaningful
enough to update the profile now, and to infer what the character intends to do next; ALL outputs must
reflect the character’s state as of the END OF THE CURRENT SCENE; do NOT reveal, reference, or hint
at anything that happens in the next scene).

Tasks

Table 24: Data construction prompt. Part 2 of 5.



Data Construction Prompt

Dynamic
Character
Profile Update

(Continuing from the previous Table)

e Task 1 — Reason about dimensions: Identify which profile dimensions are STABLE (unlikely to
change across the whole story) vs. DYNAMIC (can change as events unfold). Examples of stable
dimensions: physical description, core fears, backstory milestones. Examples of dynamic dimensions:
relationships, goals, mental health, faction loyalty, wealth.

Task 2 — Update the Hidden Tracker: Based on the scene just completed, update the hidden tracker.
The tracker should record: (a) events, experiences, or interactions that signal a potential future change in
the character’s profile; (b) accumulated emotional/psychological pressure that hasn’t yet caused a visible
change; (c) unresolved tensions or decisions that may alter the character’s trajectory. Keep the tracker
concise (under 300 words). Overwrite the old tracker with the updated version.

Task 3 — Decide whether to update the profile: Decide if the character’s profile should be updated
NOW. Update the profile if: (a) a meaningful, observable change has occurred in this scene (e.g., a
relationship shift, a decision that changes their goals, a trauma that alters their personality); (b) the
hidden tracker shows accumulated signals that, combined with this scene, now cross a threshold for a
real change. Do NOT update the profile for minor, transient reactions that don’t reflect a lasting change.
Task 4 — Write a short description: 50-80 words, for use in a story simulation system where it will be
read alongside all other characters’ descriptions to decide which scene comes next. Cover: (1) Identity
— who is this character right now (role, key relationships, current situation as of the end of the current
scene); (2) Immediate goals/intentions — what does the character want or plan to do next (you may use
the next scene as a reference to infer their intentions, but do NOT reveal or hint at what actually happens
in the next scene). Be specific and concrete. Write in third person. The description must be grounded in
the current scene only — do NOT reveal future plot outcomes or any events from the next scene.

Task 5 — Enhance the motivation for the next scene: Based on what happened in the CURRENT
SCENE and the specific content of the NEXT SCENE (interactions, scenario, etc.), write an enhanced
motivation for the character at the START of the next scene. The enhanced motivation should: (a) be
grounded in the emotional state, decisions, and unresolved tensions from the current scene; (b) capture
the character’s complete mental and emotional state entering the next scene: their feelings, immediate
objectives, what they intend to do or say, who they plan to seek out, and what information or message
they want to convey or discuss; (c) naturally lead to and explain the character’s specific actions and
interactions in the next scene — you may hint at what the character intends to do (e.g., “plans to confront
X, “intends to seek out Y to discuss Z”) as long as it reads as the character’s internal drive, not a
spoiler of what actually happens; (d) feel psychologically authentic and specific to this character; (e) be
concise (1-3 sentences). IMPORTANT: The enhanced motivation must NOT reveal, reference, or hint at
the actual outcomes, results, or plot developments that occur in the next scene. It should describe the
character’s internal drive and intentions entering the next scene, as if the next scene has not yet happened.
Output null if there is no next scene.

Output Format (JSON)
{
"dimension_reasoning”: "Brief reasoning about which dimensions are stable vs.
dynamic”,

"hidden_tracker": "Updated tracker text, or null"”,
"should_update_profile”: true or false,
"updated_profile”: "Full updated profile as a plain Markdown string. Format:

**xDimension Namex*\nContent\n\n*xAnother Dimension**\nContent\n\n ... Include
all relevant dimensions. null if no update.”,
"description”: "Short description (50-80 words, third person, current identity +
immediate goals)”,
"enhanced_next_motivation”: "Enhanced motivation for the next scene (1-3
sentences), or null”
}
Rules

¢ Output MUST be valid JSON.

* ALL keys in the output format above MUST be present in the response — do NOT omit any key (e.g.,
“hidden_tracker”), even if its value is null.

ALL outputs (profile, description, tracker) must reflect the character’s state as of the END OF THE
CURRENT SCENE only.

The next scene is provided as a lookahead reference ONLY. Do NOT reveal, reference, or hint at any
events, outcomes, or details from the next scene in any part of the output.

Be selective: only update the profile when there is a genuine, lasting change. Avoid over-updating.
updated_profile MUST be a plain string in Markdown format — do NOT output a JSON object or
nested dict for this field.

* Output in {language}.

Additionally, two auxiliary prompts are used: (1) an Initial Description prompt that generates a 50-80
word description from the initial profile before any scene, and (2) a First Scene Motivation Enhancement
prompt that generates an enhanced motivation for the character’s first scene based on the initial profile and
scene content.

Table 25: Data construction prompt. Part 3 of 5.



Data Construction Prompt

Dynamic (Continuing from the previous Table)
Character Data construction input: Character name, current profile, hidden tracker, current short description, scene
Profile Update summary/scenario/interactions, character motivation, and next scene data (lookahead)
Global World | Build a Global World State: the shared world-level backdrop for a story simulation system.
State Character profiles and location states already exist. This state covers only the global layer — stable world
Initialization knowledge, systemic constraints, social logic, and broad conditions that shape behavior across the entire
story.
Goal: Enable a model to role-play characters consistently and simulate plausible story evolution.
Rules
* Describe the world’s initial state BEFORE the story begins. NO spoilers — no plot events, twists,
deaths, or resolutions.
¢ Infer backwards from the scenes: use them to deduce the world’s norms, structures, and tensions, but do
NOT narrate the scenes.
 Focus on world-level context only. Skip details that belong in a character profile or location state unless
they reflect a broader pattern.
* Select only dimensions that matter for this book. Possible dimensions (use, skip, merge, or rename
freely): Social Order & Class, Historical Background & Tensions, Political Power & Institutions, Cultural
Values & Moral Expectations, Family, Kinship, Duty & Reputation, Economy & Material Survival,
Technology & Infrastructure, Religion, Belief & Ideology, Law & Social Consequences, Geography
& Environmental Conditions, Important Factions & Organizations, Conflict Patterns & Behavioral
Constraints, Special World Rules / Magic, Narrative Tone (only if critical for simulation).
* Be concise. Every sentence must carry specific, useful information. No filler, no literary praise, no
meta-commentary.
» Stay grounded in the scene data and/or your knowledge of the book. Do not fabricate.
* Output in {1anguage}.
Data construction input: Book title, author, and scene data (summaries, scenarios, and interactions for all
scenes)
Location Build a Location World State for one specific location in a story simulation system.
World State A global world state and character states already exist. This state covers only location-specific knowledge
Initialization that complements them — what this place is like, how it works, and what matters inside it.

Goal: Enable a model to role-play characters at this location and simulate plausible interactions here.

Rules

* Describe this location’s initial state BEFORE the story begins. NO spoilers.

* Infer backwards from the scenes — deduce the place’s character, layout, atmosphere, and important

entities, but do NOT narrate the scenes.

Important Entities must NOT include characters/people. Character profiles are maintained in a

separate system. Only include non-human entities such as objects, artifacts, animals, institutions,

mechanisms, environmental features, etc.

¢ Use all provided inputs: Name (the official location), Description (high-level information about it),
Aliases (alternative names merged into this location; some may hint at sub-locations, e.g. bedrooms,
gardens, offices within a home or estate — treat these as useful clues, not an exhaustive list).

 Stay grounded. Do not fabricate unsupported details.

* Output in {1anguage}. Keep JSON keys exactly as specified; write values in {1anguage}.

JSON Output — choose ONE structure:

Structure A (flat) — use when sub-location grouping adds little value:

{
"Detailed Description”: "Concise, vivid description of the location’s initial
state: appearance, atmosphere, layout, sensory details, stable conditions.”,
"Important Entities”: [{"name”: "entity name”, "state": "initial condition /
position”}]
}

Structure B (grouped) — use when the location clearly contains important sub-locations:

"Detailed Description”: "Overall description of the location and how its
sub-locations relate to the whole.”,

"Sub Locations”: [{"name"”: "sub-location name”, "description”: "what it is like
and how it functions”, "Important Entities”: [{"name"”: "entity name"”, "state":

"initial condition / position”}1}]

3

The presence of the “Sub Locations” key distinguishes the two structures. Do NOT force sub-locations if
weakly supported. Output valid JSON only — no text before or after.

Data construction input: Book title, location name, location description, location aliases, and scene data
(summaries, scenarios, and interactions for scenes at this location)

Table 26: Data construction prompt. Part 4 of 5.



Data Construction Prompt

Dynamic
World State
Update

You are tracking how the world evolves in a story, interaction by interaction. Your goal is to maintain an
accurate, up-to-date global world state and location world state as events unfold — providing the necessary
world context for actors to role-play characters and for the simulation to evolve the story plausibly.
Input: Current global world state, current location state, scene context (summary, scenario), a batch of
interactions (numbered 0, 1, 2, ...), and two types of lookahead interactions (reference ONLY — use to
judge whether the current interaction has impacted the world; do NOT reveal or incorporate these future
events into the states):

* Global State Lookahead: Next sequential interactions (possibly from the next scene).

* Location State Lookahead: Next interactions at the same location (possibly from a future scene).

Important: The LOOKAHEAD section is strictly for reference. Do NOT include any information from

the lookahead interactions in your state updates. Do NOT produce updates for any lookahead interaction —

only update states for interactions in the current batch.

Tasks: For each interaction in the batch, decide:

¢ Should the global world state be updated? Update only for meaningful, lasting changes to the world’s
systemic state (e.g., power shift, social norm broken, faction destroyed, new law enacted, economic
upheaval). Do NOT update for character-level events that don’t affect the broader world.

* Should the current location state be updated? Update only for meaningful, lasting changes to the
physical environment, atmosphere, or important entities at this location (e.g., object destroyed, room
state altered, new entity introduced, major environmental change). Do NOT update for transient actions
that leave no lasting mark.

Reminder: “Important Entities” in location states must NEVER include characters/people. Character

profiles are maintained separately. Only track non-human entities (objects, artifacts, animals, institutions,

mechanisms, environmental features, etc.).

State Maintenance Principle: Updating a state is NOT simply appending new information. You must

also:

* Remove outdated or superseded information — if a previous state is no longer true (e.g., a building
was destroyed, a political regime was overthrown, an object was taken away), delete or replace the old
description rather than keeping both old and new.

* Use concise, summarized language — describe world states in brief, high-level terms. Avoid verbose
narratives or blow-by-blow recounting of events. The state should capture the current state of the
world/location, not a history log.

» Keep states compact — the state should NOT grow indefinitely as the story progresses. Consolidate and
compress information when updating.

Output Format (JSON): Only include interactions that trigger at least one update. If no interaction

triggers any update, output empty lists.

"global”: [{"interaction_id": <integer index>, "state": "Full updated global
world state as a Markdown string”}],

"location”: [{"interaction_id": <integer index>, "state": <Full updated location
state as a JSON object (same structure as input)>}]

3

Rules

¢ Output MUST be valid JSON with exactly two keys: “global” and “location”, each being a list.

Only include entries for interactions that actually trigger an update. Omit interactions that cause no
change.

When updating a state, output the COMPLETE updated state (not a diff). Reflect the current world state
accurately — this means modifying what changed, removing what is no longer true, and keeping what
still holds. Do NOT blindly preserve all old information.

Be highly selective — most interactions should NOT trigger updates. Only update when there is a
genuine, lasting change to the world or location state.

Keep states concise and compact. Use summarized, high-level descriptions rather than detailed event
narrations. The state should read like a current-state snapshot, not a chronological log. If the state is
growing too long, consolidate and compress older entries.

The location state JSON must follow the same structure as the input (flat with “Detailed Description” +
“Important Entities”, or grouped with “Detailed Description” + “Sub Locations”).

state in “global” must be a plain Markdown string. state in “location” must be a JSON object.

Do NOT produce updates for any interaction outside this batch (especially not for lookahead interactions).
Important Entities in location states must NEVER include characters/people.

Output in {1language}.

Data construction input: Current global world state, current location name and state, scene summary/sce-
nario, batch of interactions, global lookahead interactions, and location lookahead interactions

Table 27: Data construction prompt. Part 5 of 5.



Simulation Prompt

Scene Cast
(World
Model)

You are the scene-cast planning module for a story simulation. Your job is to decide whether another scene

should happen and, if so, which characters should be in that scene’s cast.

Task

Determine whether a next scene exists, and if it does, choose the full set of characters who should participate

in that scene.

Output

» has_next_scene: Boolean. Output false only if there is no subsequent scene.

* involved_characters: List of the characters participating in the next scene. Include this only when
has_next_scene is true.

Rules

» Base the decision on continuity and plausibility rather than novelty alone.

¢ Use the current world state and each character’s latest visible description to decide which characters
belong in the next scene’s cast and why.

* Pay close attention to the previous scene’s scenario and interactions to ensure the next scene follows
naturally from what just happened. The cast should reflect the narrative momentum and unresolved
threads from the previous scene.

 This is a scene-level casting decision made before the scene starts, not a turn-by-turn next-actor prediction
inside the scene.

* Do not choose a cast that clearly contradicts the current world state or the characters’ latest visible states.

¢ If has_next_scene is false, do not include involved_characters.

* Return JSON only.

Simulation input: Global World State, All Characters (Short Description Only), Previous Scene Scenario,
and Previous Scene Interactions

Location &
Scenario
(World
Model)

You are the second-stage scene planner for a story simulation. Your job is to place the already-selected

characters into a concrete next scene.

Task

Choose the most plausible location for the selected characters and generate the next scene’s scenario.

Output

* location: The next scene’s location. Output null only if there is no valid next-scene location to assign.

* scenario: A concise but usable dramatic foundation for the next scene. It should establish the immediate
setup, atmosphere, and enough background for downstream actors to perform the scene. Even if location
is null, still output a scenario whenever the next scene itself is valid.

Rules

» Base the decision on continuity and plausibility rather than novelty alone.

» Use the selected characters’ current visible descriptions and the global world state to justify why this
location makes sense now.

* Pay close attention to the previous scene’s scenario and interactions. The new scenario should follow
naturally from what just happened — continuing unresolved conflicts, reacting to recent events, or
advancing the narrative arc established in the previous scene.

* The scenario should describe what kind of situation is unfolding, not script the dialogue itself.

* Keep scenario concise but informative enough for downstream acting.

« If there is no valid next scene to set up, output location=null and scenario=null.

* If the next scene exists but the exact location is unknown or unspecified, you may output location=null
while still providing a concrete scenario.

¢ Return JSON only.

Simulation input: Global World State, All Location Descriptions, Selected Character Descriptions, Previous
Scene Scenario, and Previous Scene Interactions

Motivation
Update
(Character
Agent)

You are the pre-scene motivation planner for “{character_name}”. After the next scene cast, location,

and scenario are fixed, determine “{character_name}”’s motivation entering that scene.

Task

Use the character’s current profile, hidden tracker, short description, the previous scene context, and the

fixed next-scene setup to generate the motivation they carry into that scene.

Output

* motivation: The character’s complete inner drive entering the next scene (1-3 sentences): emotional
state, immediate objectives, action intentions, who they intend to seek out, and what they want to do.

Rules

» This is not a post-scene state summary; it is a pre-scene motivation generation step after the next scene
has already been planned.

» Use the fixed next-scene cast, location, and scenario as constraints.

» Use the previous scene scenario and interactions to maintain continuity with what just happened.

» Keep the motivation specific to this character’s own perspective and goals.

¢ Return JSON only.

Simulation input: Current Profile, Hidden Tracker, Current Short Description, Global World State, Previous
Scene Scenario, Previous Scene Interactions, Next Scene Location, Next Scene Location Description, Next
Scene Scenario, and Other Characters In Next Scene (Short Description Only)

Table 28: Simulation prompt. Part 1 of 4.



Simulation Prompt

Next
Character
Selection
(World
Model)

Task: choose who acts next RIGHT NOW in the current scene.

Output only one JSON list and nothing else.

Allowed outputs: {allowed_names}.

- Use one present character name for a normal turn.

- Use [“Environment”] only for a non-character environmental beat.

- Use [“<SCENE_END>"] only if the scene should end now.

- Output multiple characters together only when the very next beat is one indivisible shared interaction that
must be realized by those characters together right now.

- Do not output a character group just because multiple characters are present, aligned, nearby, or likely to
act one after another.

- If one character can naturally act first and the others can respond afterward, choose only that one character.
- A multi-character output should include only the characters who must jointly produce the same immediate
beat, with no extra passengers.

Decision priorities:

1. Continue directly from the latest visible interaction cue.

2. Keep the scene moving forward; do not restart the scene or repeat an already completed beat.

3. Use character motivations and the current world state as support for what most naturally happens next.
4. When unsure, prefer a single-character turn over a group turn unless the next beat genuinely requires
simultaneous or jointly authored participation.

5. Choose a multi-character list only for cases like a joint physical action, a jointly delivered line, or a
tightly coupled shared reaction that belongs in one beat rather than split turns.

6. Do not choose the same role as the current last speaker; avoid consecutive turns by the same character or
actor group unless no other continuation is plausible.

Timeline:

- The scene scenario and character states are from scene start.

- Prior interactions happened after scene start.

- The current world state is the result of those prior interactions.

- The live conversation after this prompt continues immediately after that point.

Conversation protocol:

- Each user message is an interaction in the format [“CharA”, “CharB”, ...]: content.

- The content may contain [...] for inner thoughts, plain text for speech, and (...) for visible actions.

- A multi-character list means one shared interaction beat, not separate consecutive turns.

- Return raw JSON only. No markdown. No explanation.

Final reminder before the live segment starts: choose the next actor only, and identify the current last
speaker from the full interaction history available at this moment, including the prior interactions above and
any live conversation after segment start; do not select the same role as that last speaker for the next turn.

Simulation input: Characters At Scene Start, Scene Scenario, Current World State, and Prior Interactions

Before Current World State. Interactions after the current world state are provided as multi-turn messages:
each user message is a character’s interaction, and each assistant message is the predicted next character.

Interaction
Generation
(Character
Agent)

Task: roleplay {actor_label} and write exactly one next interaction turn RIGHT NOW.

You are {actor_label} now. Continue directly from the latest visible interaction cue. Do not restart the
scene. Do not repeat or paraphrase an already completed beat.

When the actor is a multi-character group, additional shared-turn rules apply:

- Only write one truly shared beat: one local moment jointly realized by the acting group, not a bundle of
separate back-to-back turns.

- The group should do or say one thing together (e.g., a joint action, a jointly delivered line, or one tightly
coupled shared reaction).

- Do not split into separate mini-turns for each character, do not serialize the group into first X then Y then
Z, and do not give unrelated contributions from different members in the same output.

- Include only material that belongs to this one shared moment. If a member’s contribution would naturally
happen later as a follow-up, leave it out.

- Thoughts from members of the acting group may be used inside this shared turn, but only when they
support the same shared moment.

Priority rules:

1. Stay in character.

2. React or act from the latest visible cue, not from the beginning of the scene.

3. Keep the whole scene logically continuous. The new turn must advance or react within the same ongoing
scene.

4. Do not restate, replay, or slightly reword an earlier beat.

5. Use world state and character state only as support for continuity; follow the interaction flow most
closely.

6. Keep the turn short and local. No summary. No jump ahead.

Table 29: Simulation prompt. Part 2 of 4.



Simulation Prompt

Interaction
Generation
(Character
Agent)

(Continuing from the previous Table)

Output format:

- Write exactly one full turn.

- Start with a real inner-thought block in square brackets.

- Put spoken dialogue in plain text with no speaker label.

- Do NOT put spoken dialogue inside square brackets, and do NOT wrap speech-only text in parentheses
such as [Who is that?] (I say).

- Put visible physical actions in parentheses.

- These elements can be interleaved naturally.

When the actor is “Environment”, the output format changes: focus on atmosphere, background movement,
physical changes, crowd reaction, sound, weather, or setting consequences. Do not take over the deliberate
dialogue or private thoughts of the main characters.

Conversation protocol:

- The first user message is only ‘===Segment Start==="and should not be answered literally.

- Every later user message is a new visible interaction that happens after the snapshot below.

- Each user message uses the format [“CharA”, “CharB”, ...]: content.

- Other characters’ private thoughts are already removed unless the acting group overlaps with them.
Final reminder before the live segment starts: you are roleplaying {actor_label}. Do not repeat any
interaction beat already covered in the prior interactions above or in the live conversation after segment
start, including anything this same role has already done or said there; continue with one new turn only.

Simulation input: Actor State, Other Characters, Scene Scenario, Current World State, and Prior Inter-
actions Before Current World State. Interactions after the current world state are provided as multi-turn
messages: each user message is an interaction from another character, and each assistant message is the
current actor’s previous interaction. When the world state is updated, a new segment starts with refreshed
context.

World State
Update
(World
Model)

You are the world-state update judge for a story simulation. Your job is to decide whether an interaction

causes a lasting change to the persistent world state.

Task

Given the scene context, prior interactions, current world state, and the latest interaction, decide whether

the global world state and/or the current location state must be updated.

Output

* update_global: Boolean. True only when the latest interaction changes the persistent global world state
in a meaningful way.

* global_state: The complete updated global state as a single plain-text string when update_global is true,
otherwise null.

» update_location: Boolean. True only when the latest interaction changes the persistent state of the
current location in a meaningful way.

* Jocation_state: The complete updated location state as a JSON object when update_location is true,
otherwise null.

Rules

» Update the global world state only for broad, lasting systemic changes.

» Update the location state only for lasting local changes to environment, atmosphere, or important non-
human entities.

* Do not update for transient actions that leave no persistent consequence.

* When updating, output the full new state rather than a diff.

* Be conservative: most interactions should not force a world-state update.

* Return JSON only.

Simulation input: Scene Scenario, Prior Interactions, Global World State, Current Location, Location
State, and Latest Interaction

Character
State Update
(Character
Agent)

You are tracking how “{character_name}” evolves throughout a story, scene by scene. Your goal is to
maintain a comprehensive, up-to-date internal state that captures who this character is and how they change
over time.

Task

Follow these steps in order:

1. Reason about dimensions: Identify which profile dimensions are STABLE (e.g., physical description,
backstory) vs. DYNAMIC (e.g., relationships, goals, mental state) for this character.

2. Update the Hidden Tracker: Record events, unresolved tensions, accumulated emotional pressure, or
signals from this scene that may lead to future profile changes — even if the profile itself doesn’t change
yet.

3. Decide whether to update the profile: Only update if a meaningful, lasting change occurred (e.g., a
relationship shift, a major decision, a trauma). Do NOT update for minor or transient reactions.

4. Write a short description: Summarize who this character is NOW in 50-80 words, third person. Focus
on identity, current situation, key relationships, and immediate condition at the end of the scene.

Table 30: Simulation prompt. Part 3 of 4.



Simulation Prompt

Character Output

State Update ¢ hidden_tracker: Updated tracker of accumulated events/signals (experiences, emotional pressure, un-
(Character resolved tensions) that may lead to future profile changes. Overwrite the old tracker with the updated
Agent) version. Null if there are no signals worth tracking.

profile_updated: Boolean: true only if the scene caused a meaningful, lasting change to the character’s

profile. Be selective; do not update for minor or transient reactions.

» updated_profile: The full updated profile as a plain text string when profile_updated is true. Include all
relevant dimensions. Null if profile_updated is false.

* short_description: A brief description (50-80 words, third person) of the character as of the end of this
scene: current identity, key relationships, situation, and immediate goals/intentions.

Rules

* Follow the step-by-step reasoning order: dimension reasoning — hidden tracker — profile decision —
description.

* All outputs must reflect the character’s state as of the END of the current scene only.

» Keep hidden_tracker private and internal-facing — it tracks accumulated signals, not public information.

» Update the profile only when the scene justifies a persistent, lasting character-level change. Accumulated
tracker signals combined with this scene may cross the threshold.

* Do NOT update the profile for minor, transient reactions that don’t reflect a lasting change.

* Return JSON only.

Simulation input: Scene Scenario, Scene Interactions, Current Profile (State At Scene Start), Hidden
Tracker (State At Scene Start), and Current Motivation (State At Scene Start)

Table 31: Simulation prompt. Part 4 of 4.

Shared Evaluation Prompts

Scoring Use the following scoring method: Base score: 50. First, identify Merits (excellent aspects): each merit
Method awards 1 to 10 points. Then, identify Demerits (problematic aspects): each demerit penalizes 1 to 10
points. Final score = min (100, max (0, 50 4+ Y (merits) — > (demerits))). Output: (1) A list of merits
with their point values; (2) A list of demerits with their point values; (3) The final score (integer 0—100).

99, LIS

Output {“merits”: [{“description”: “<what was done well>”, “points”: <1-10>}, ...], “demerits”: [{‘“description”:

9 99, <

Format “<what was problematic>", “points”: <1-10>}, ...], “reasoning”: “<brief explanation>"}

Do NOT output a “score” field — the score is computed automatically from merits and demerits.

Scene You are an expert summarizer for interactive fiction simulations. Your task is to produce a concise
Summary summary of a single scene that captures the key events, character actions, emotional shifts, and narrative
developments. This summary will be used as context for evaluating subsequent scenes and cross-scene
coherence. Aim for a concise paragraph — typically a few hundred words is sufficient. Do NOT retell
every interaction turn-by-turn; focus on the overall arc and key turning points.

Evaluation input: Scenario, Involved Characters, Previous Scene Summary, and Interactions.

Per-Scene You are an expert evaluator for interactive fiction simulation systems. Your task is to evaluate a single
Template scene from a simulation on ONE specific dimension: {Dimension_Name}.

{Dimension_Criteria}

{Scoring_Method}

{Evaluation_Input}

{Output_Format}

Cross-Scene You are an expert evaluator for interactive fiction simulation systems. Your task is to evaluate a single char-
Template for acter’s evolution trajectory across multiple scenes on ONE specific dimension: {Dimension_Name}.
PES Same as Above

Cross-Scene You are an expert evaluator for interactive fiction simulation systems. Your task is to evaluate the global
Template for world state evolution and scene planning coherence across the entire simulation on ONE specific
SCC dimension: {Dimension_Name}.

Same as Above

Table 32: Shared evaluation prompts and templates. All metric-specific prompts share the scoring method and the
JSON output format. The scene summary prompt generates context for cross-scene evaluations. Three evaluation
templates are provided: (1) per-scene template for the 18 per-scene metrics (Tables 33 to 43), (2) cross-scene
template for PES (Table 44), and (3) cross-scene template for SCC (Table 44).



Per-scene Evaluation Criteria for Character Agent

Profile Evaluate whether each character’s behavior remains consistent with their established profile and hidden

Fidelity (PF) tracker. Specifically:

1. Knowledge Boundaries

* Does the character demonstrate knowledge or skills that are NOT documented in their profile?

* Does the character reference events, technologies, or concepts they should not know about given their
background?

* Example flaw: A medieval peasant character discussing quantum physics without any profile basis.

2. Background Consistency

* Does the character’s behavior match their age, social class, education level, era, and historical back-
ground?

* Watch for anachronistic behavior, tone mismatches with the character’s class/era, or emotional maturity
inconsistent with their age.

* Example flaw: A sheltered noble character showing street-smart survival skills not mentioned in their
profile.

3. Ability Constraints

* Does the character perform actions requiring abilities (physical, intellectual, social) not documented in
their profile?

* Characters should not suddenly display undocumented competencies (e.g., combat skill, medical knowl-
edge, leadership).

4. Hidden Tracker Alignment

* Does the character’s behavior align with their current psychological state, motivations, and internal
conflicts as described in the hidden tracker?

¢ Contradictions between behavior and hidden tracker state (e.g., acting boldly when the tracker says
fearful, confiding in someone they distrust) are profile violations.

5. Profile Drift

* Does the character gradually drift from their profile as the scene progresses — starting in-character but
slowly becoming more generic, more "helpful”, or more emotionally balanced than warranted?

* A pattern of small deviations accumulating over the scene should be penalized even if no single turn is a
clear violation.

Length Neutrality: Do NOT favor longer or more detailed interactions. A character’s response length and

level of detail should match the speaking style established in their profile and the original book examples.

A terse character who speaks in short, clipped sentences should not be penalized for brevity, nor should a

verbose character be rewarded simply for producing more text. Evaluate fidelity to the character’s authentic

style, not output volume.

Evaluation input: Character Profiles, Character Hidden Trackers, and Interactions

Speaking Evaluate whether each character speaks in a way that matches their profile and sounds natural. Specifically:
Style Fidelity Important Note: In this simulation system, each character’s interaction output (thoughts, actions, speech)
(SSF) is written in the FIRST PERSON from that character’s perspective. This is the expected output convention

non

— do NOT penalize the use of first-person pronouns ("I", "my", "myself") in character outputs. This
metric evaluates STYLE, not output format — format compliance is evaluated separately under Instruction
Compliance (IC).

Reference Sources: When evaluating a character’s speaking style, you should jointly consider TWO
sources: 1. Character Profile — the personality traits, background, and style descriptions defined in the
profile. 2. Original Speaking Style Examples — these are reference interaction excerpts taken directly
from the original source book, showing how the character speaks in the canonical text. They provide
useful evidence for the character’s vocabulary, sentence structure, tone, verbal habits, and overall speaking
manner. The character’s simulated interactions should be consistent with these examples in style.

1. Style Markers

* Does the character use the language features defined in their profile AND demonstrated in the original
book examples (catchphrases, terminology, dialects, speech patterns)?

Is their vocabulary level appropriate for their background (e.g., a scholar uses formal language, a street
urchin uses slang)?

Do they maintain consistent verbal tics or habits throughout the scene?

Example flaw: A character defined as speaking in short, gruft sentences suddenly delivering eloquent
monologues.

2. Emotional Tone

Does the character’s tone match their personality type (e.g., a cynical character sounds cynical, not
cheerful)?

Is the emotional expression authentic to the character, not a generic "Al assistant" tone?

Does the character avoid being unnaturally helpful, verbose, didactic, or moralistic unless that’s their
personality?

Example flaw: A cold, reserved character suddenly becoming warm and effusive without narrative
justification.

Table 33: Per-scene evaluation criteria for Character Agent metrics. Part 1 of 6. Each criterion is plugged into the
shared system prompt template (Table 32) as the Dimension_Criteria field.



Per-scene Evaluation Criteria for Character Agent

Speaking
Style Fidelity
(SSF)

(Continuing from the previous Table)

3. Naturalness

* Does the dialogue sound like something a real person (with this character’s background) would say?

* Is the language free of Al artifacts — both obvious ("As an AL..", "I’d be happy to help...") and subtle
(overly diplomatic phrasing, unnecessary hedging like "It’s worth noting that...", formulaic emotions,
unnaturally smooth turn-taking, restating before responding)? Even mildly Al-flavored language should
be penalized.

* Are there natural speech imperfections (hesitations, interruptions, incomplete thoughts) where appropri-
ate?

* Example flaw: A street-tough character saying "That’s a really valid point, and I understand where you’re
coming from" — polished language no such character would use, despite lacking explicit AI markers.
Length Neutrality: Do NOT favor longer or more detailed interactions. A character’s response length,
verbosity, and level of detail should match the speaking style established in their profile and the original
book examples. A terse character who speaks in short, clipped sentences is being faithful to their style —
do not penalize brevity. Conversely, do not reward a character simply for producing longer, more elaborate

text if that does not match their canonical style. Evaluate style fidelity, not output volume.

Scope Exclusion: Do NOT evaluate output format compliance (tag usage, structure, etc.) — that belongs

to Instruction Compliance (IC). Do NOT evaluate whether the character’s behavior matches their profile —

that belongs to Profile Fidelity (PF) and Motivation-Driven Behavior (MDB).

Evaluation input: Character Profiles, Character Hidden Trackers, Interactions, and Original Speaking
Style Examples

Motivation-
Driven
Behavior
(MDB)

Evaluate whether characters’ behaviors are driven by their established motivations. This metric focuses
specifically on the MOTIVATION — BEHAVIOR link. Every action, decision, and reaction should be
traceable to the character’s documented motivations.

1. Behavioral Attribution

» Can each major decision or action be traced back to the character’s core motivation or scene-specific
motivation?

* Are there actions that seem random, unmotivated, or driven by plot convenience rather than character
motivation?

* Does the character act in a way that reflects their goals or inner drive? If a character remains purely
reactive despite having an established motivation that should influence the scene, treat it as a motivation
issue. Passive or restrained behavior is acceptable when it fits the character’s profile, situation, or
motivation.

» Characters who act "helpfully" or "cooperatively" without motivational basis are exhibiting generic Al
behavior, not motivation-driven behavior.

2. Trinity Coherence (Thought — Action — Speech)

* Are the character’s inner thoughts, physical actions, and spoken words logically consistent with each
other AND with their motivations?

* Do thoughts reveal motivations that explain the subsequent actions and speech?

Is there appropriate tension when a character’s public speech differs from private thoughts (e.g., deception,

hidden agendas)?

* Incoherence between thought and action is a serious flaw — if a character thinks one thing but does the
opposite without justification, this is a motivation failure.

3. Motivation Persistence & Drift

* Do core motivations remain active and visible throughout the scene, not just at the beginning?

* If a character’s motivation is strong (e.g., revenge, survival, ambition), it should color their behavior
consistently — not appear once and then be forgotten.

* Are motivation shifts (if any) caused by significant in-scene events, not arbitrary? Sudden unmotivated
changes in goals or priorities are serious violations.

Length Neutrality: Do NOT favor longer or more detailed interactions. A character’s response length and

level of detail should match the speaking style established in their profile and the original book examples.

Motivation-driven behavior can be expressed concisely — a character who acts decisively with few words

is not inferior to one who deliberates at length. Evaluate whether motivations drive behavior, not whether

the output is verbose or detailed.

Scope Exclusion: Do NOT evaluate general conversational continuity or context-following — that belongs

to Contextual Responsiveness (CR). Do NOT evaluate whether the character’s knowledge or abilities

exceed their profile — that belongs to Profile Fidelity (PF). Focus strictly on whether MOTIVATIONS
drive BEHAVIOR.

Evaluation input: Character Profiles, Character Motivations, Character Hidden Trackers, Interactions,
and Original Speaking Style Examples

Profile Update
Fidelity (PUF)

Evaluate whether the post-scene profile update and hidden tracker update work together as a faithful
persistence mechanism. The primary focus of this metric is the quality of PROFILE UPDATES. The
hidden tracker is an auxiliary tool that supports profile updates — evaluate it with appropriate leniency.
Specifically:

Table 34: Per-scene evaluation criteria for Character Agent metrics. Part 2 of 6.



Per-scene Evaluation Criteria for Character Agent

Profile Update
Fidelity (PUF)

(Continuing from the previous Table)

1. Causal Chain

* Does each change in the updated profile have a clear triggering event in the scene’s interactions?

¢ Does each hidden tracker entry also have a concrete basis in the scene? (The tracker entries must be
truthful/factual, but minor redundancy is acceptable.)

» Can you trace every persisted item (whether in profile or tracker) back to a specific moment in the scene?

* Example flaw: A profile or hidden tracker entry introduces information that never appeared in the scene.

2. Growth / Signal Capture

* Are important, threshold-crossing developments captured in the updated profile? Including:

* Significant emotional shifts or realizations

* New or changed relationships

» Key information the character learned

* Changes in goals or priorities

» Are meaningful but still sub-threshold signals captured in the hidden tracker? Including:

* Subtle emotional fluctuations that may accumulate later

» Unresolved tensions or contradictions

 Early signs of attitude or relationship change

» Example flaw: A major revelation happens but neither the profile nor the tracker records it in any form.

3. Threshold Judgment

* Are major, lasting changes written into the profile rather than left only in the hidden tracker?

* Are minor or still-ambiguous signals kept in the hidden tracker rather than over-promoted into the
profile?

¢ Is the boundary between "lasting profile change" and "sub-threshold signal" judged appropriately?

* Only major events (betrayals, revelations, life-changing decisions) should trigger significant profile
modifications.

» Example flaw: A worldview-changing event is recorded only in the tracker, or a momentary irritation is
written into the profile as a stable trait.

4. No Over-Updating / No Under-Updating

* Does the profile stay concise and focused on lasting changes?

* Do the profile and tracker together avoid both omission and overreaction?

* Example flaw: Both profile and tracker fail to preserve an obviously important signal.

Hidden Tracker Leniency: The hidden tracker is a supporting mechanism for profile updates. As long

as its entries are truthful (traceable to scene events), minor redundancy or verbosity in the tracker should

receive only light penalties (1-2 points). Reserve heavier penalties for the tracker only when it contains

fabricated information or completely misses critical signals.

Compare the profile BEFORE the scene with the post-scene reflections, and evaluate whether the profile

update and hidden tracker update together correctly preserve what should carry forward from this scene.

Evaluation input: Character Profiles, Interactions, and Post-Scene Character Reflections

Environmental
Utilization
(EU)

Evaluate whether characters make good use of the environment. This metric assesses whether characters

use environmental elements in ways that are relevant, grounded, and natural for the scene.

Note: In this simulation, there are two types of Character Agents:

¢ Non-Environment Character Agents: Regular characters who participate in dialogue and actions.

* Environment Character Agent: A special agent that generates environmental descriptions (narration
about the setting, atmosphere, sensory details).

Evaluate each type with the appropriate criteria below.

For Non-Environment Character Agents:

1. Environmental Sensory Details

* Do characters convey their perception of the environment through sensory descriptions (e.g., smelling
kitchen grease, hearing distant sirens, feeling the ground shake)?

* Are sensory details specific and character-appropriate, rather than generic visual/auditory descriptions?

* Example merit: A character noting the smell of old books in a library, the creak of floorboards, dust
motes in sunlight.

2. Prop Interaction

* Do characters interact with items and entities present in the location to advance the plot (e.g., using a
streetlight to examine a wound, using cover to hide)?

¢ Are these interactions natural and serve the narrative (not forced)?

* Example merit: A nervous character fidgeting with a quill on the desk, or using a map on the wall to
explain their plan.

3. Atmosphere Building

¢ Is the environmental atmosphere used to enhance immersion, rather than conversing in a "blank room"?

* Do characters’ perceptions of the environment shift with the emotional tone?

« Example merit: A tense negotiation scene where a character notices the flickering candlelight and
howling wind outside.

Table 35: Per-scene evaluation criteria for Character Agent metrics. Part 3 of 6.



Per-scene Evaluation Criteria for Character Agent

Environmental | (Continuing from the previous Table)
Utilization For Environment Character Agent:
(EU) 1. Multi-Sensory Richness
* Do environmental descriptions engage multiple sensory dimensions (visual light and shadow changes,
auditory wind and rain sounds, olfactory earth scents, tactile biting cold)?
* Are descriptions limited to only visual descriptions, or do they create a rich sensory tapestry?
* Example merit: Describing not just what the room looks like, but the musty smell, the cold draft, and the
distant sound of thunder.
2. Scene Element Usage
* Do environmental descriptions specifically utilize items and entities in the location (e.g., describing
candlelight flickering on a table, flags being torn by wind outside the window)?
* Are descriptions grounded in the specific scene rather than generic and detached?
* Example flaw: Generic descriptions like "the room was dark" when the location has specific candles,
furniture, and windows to reference.
3. Atmosphere-Narrative Alignment
* Does the atmosphere of environmental descriptions match the current narrative pace and emotional tone?
* Example merit: Describing oppressive silence and distant thunder during a tense standoff; describing
soft twilight and cooking smoke in a warm scene.
¢ Example flaw: A cheerful, sunny environmental description during a funeral scene.
Length Neutrality: Do NOT favor longer or more detailed interactions. Environmental utilization quality
is about relevance and naturalness, not quantity. A single well-chosen sensory detail or prop interaction that
fits the character’s style can be sufficient; multiple forced or generic descriptions should not be rewarded.
The length and detail level of each character’s interaction should match their speaking style as established
in their profile and the original book examples. Evaluate utilization quality, not output volume.
Evaluation input: Global State Update Timeline, Location State Update Timeline, Interactions, and
Original Speaking Style Examples
Environment Evaluate whether characters demonstrate awareness of and respond appropriately to the environment. This
Awareness metric assesses whether characters truly "live" in the current scene rather than conversing in a vacuum.
(EA) Note: In this simulation, there are two types of Character Agents:

* Non-Environment Character Agents: Regular characters who participate in dialogue and actions.

* Environment Character Agent: A special agent that generates environmental descriptions (narration
about the setting, atmosphere, sensory details). This agent’s output appears as environmental/narrative
text rather than character dialogue.

Evaluate each type with the appropriate criteria below.

For Non-Environment Character Agents:

1. Global Awareness

* Do characters react appropriately to global conditions (e.g., showing tension during wartime, being
mindful of conservation during resource scarcity)?

* Do their plans and decisions account for global constraints?

* Example flaw: Characters planning an outdoor festival while the global state indicates a severe storm.

2. Location Awareness

* Do characters notice and respond to their current location’s features (e.g., a shopkeeper mentioning "last
night’s storm blew the roof off," a fisherman complaining "the river’s been polluted")?

* Do they interact with the environment in ways consistent with the location description?

* Example flaw: A character searching for a book in a location that has no library or bookshelf.

3. State Change Response

* When the world state changes between scenes, do characters notice and adjust accordingly?

¢ Do they acknowledge environmental changes (e.g., if a fire breaks out, do they react)?

* Example flaw: Characters continuing a casual conversation while the location description indicates the
building is collapsing.

For Environment Character Agent:

1. Global State Consistency

* Are environmental descriptions consistent with the current global state (e.g., describing distant beacon
fires and fleeing crowds during wartime, describing deserted streets during a plague)?

* Example flaw: Describing a bustling marketplace when the global state indicates the city is under siege.

2. Location State Accuracy

* Do environmental descriptions accurately reflect the current state of the location state (e.g., damaged
buildings should not be described as intact, streams should not be described as flowing during a drought)?

* Example flaw: Describing a pristine garden when the location state says it was destroyed by fire.

3. State Change Presentation

* When the world state changes between scenes, do environmental descriptions reflect these transitions
(e.g., post-war scenes adding descriptions of ruins and scorched earth, seasonal changes in natural
landscapes)?

* Example flaw: The environment description remains identical despite major world state changes.

Table 36: Per-scene evaluation criteria for Character Agent metrics. Part 4 of 6.



Per-scene Evaluation Criteria for Character Agent

Environment (Continuing from the previous Table)
Awareness Length Neutrality: Do NOT favor longer or more detailed interactions. Characters’ environmental
(EA) awareness can be expressed concisely — a brief but accurate reference to the surroundings is just as valid
as a lengthy description. The length and detail level of each character’s interaction should match their
speaking style as established in their profile and the original book examples. Evaluate awareness quality,
not output volume.
Evaluation input: Global State Update Timeline, Location State Update Timeline, Interactions, and
Original Speaking Style Examples
Narrative Evaluate whether the scene’s interactions advance the story. Specifically:
Progression 1. Information Increment
(NP) * Does each turn provide new information, actions, or emotional developments?
 Are there turns that merely repeat what was already said or known?
* Does the conversation avoid circular patterns where the same points are rehashed?
« Example flaw: Three consecutive turns where characters repeat the same argument without any new
perspective.
2. Suspense and Hooks
* Does the scene create anticipation for future events?
* Are there unresolved tensions, unanswered questions, or promises of future conflict?
* Does the scene end with narrative momentum rather than a flat conclusion?
¢ Example merit: The scene ends with a character discovering a clue that raises new questions.
3. Foreshadowing Payoff
« If earlier scenes or earlier parts of this scene planted foreshadowing, is it followed up on?
* Are narrative threads picked up and advanced rather than abandoned?
» Example flaw: A mysterious letter mentioned at the start of the scene is never referenced again.
4. Pacing
* Is the scene’s pacing appropriate (not too rushed, not too slow)?
* Do important moments get adequate attention while routine moments are handled efficiently?
* Example flaw: A climactic confrontation resolved in a single turn, while a mundane greeting takes five
turns.
Scope Exclusion: Do NOT evaluate output format compliance (tag usage, structure, etc.) — that belongs
to Instruction Compliance (IC). Do NOT evaluate speaking order or turn management — that belongs to
Turn & Scene Orchestration (TSO). Focus strictly on whether the NARRATIVE CONTENT progresses
meaningfully.
Evaluation input: Previous Scene Summary and Interactions
Contextual Evaluate whether characters respond appropriately to the immediate conversational and narrative context.
Responsive- This metric focuses on turn-by-turn responsiveness within the scene.
ness (CR) 1. Information Continuity
* Do characters remember and reference information shared earlier in the conversation?
¢ Do they avoid ignoring key revelations, questions, or events?
* Do they follow up on important topics rather than letting them drop?
» Example flaw: Character A reveals a shocking secret, but Character B never acknowledges or reacts to it.
2. Logical Continuity
* Do characters react logically to others’ actions and statements?
* Are cause-and-effect chains maintained (e.g., if someone is insulted, they show some reaction)?
 Are there non-sequiturs or responses that don’t connect to what was just said?
* Example flaw: Character A asks "Where is the treasure?" and Character B responds with an unrelated
philosophical musing.
3. Relationship Matching
* Does the tone and content of interactions match the established relationship between characters?
* Do power dynamics, familiarity levels, and emotional bonds influence how characters speak to each
other?
¢ Do attitudes naturally adjust as the conversation evolves within the scene?
* Example flaw: A servant speaking to their king with casual familiarity when their relationship is formal
and hierarchical.
Scope Exclusion: Do NOT evaluate output format compliance (tag usage, structure, etc.) — that belongs
to Instruction Compliance (IC). Do NOT evaluate whether a character’s overall personality is consistent
with their profile — that belongs to Character Consistency (PF, SSF, MDB). Focus strictly on whether each
response appropriately follows the CONTEXT of the conversation.
Evaluation input: Character Profiles and Interactions
Motivation Evaluate the quality of the motivations generated for each character in this scene. Specifically:
Quality (MQ) | 1. Profile Alignment

¢ Does the motivation align with the character’s current personality, goals, and values?
* Is it consistent with the character’s recent experiences and development?
* Example flaw: A pacifist character given a motivation to "seek violent revenge" without any profile basis.
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Motivation
Quality (MQ)

(Continuing from the previous Table)

2. Situational Fit

¢ Does the motivation consider the current world state, location, and scene scenario?

* Is it responsive to recent events and the current narrative context?

» Example flaw: A character motivated to "enjoy a peaceful day" when the scenario describes an urgent
crisis.

3. Actionability

* Is the motivation specific enough to guide concrete behavior in the scene?

* Does it suggest clear goals or intentions rather than vague feelings?

* Can the character realistically pursue this motivation given the scene’s constraints?

* Example flaw: A motivation like "feel things" that provides no behavioral guidance.

4. Diversity

 Are different characters given distinct, non-overlapping motivations?

* Do the motivations create interesting dynamics (complementary, conflicting, or orthogonal goals)?

* Example flaw: All characters in the scene given nearly identical motivations.

Evaluation input: Character Profiles, Character Motivations, Scenario, and Global State

Instruction
Compliance -
Character
(IC_char)

The Character Agent is responsible for three tasks: (1) generating interaction content each turn, (2) updating

character motivations, and (3) updating character profiles after the scene. Evaluate whether ALL outputs

follow the expected rules.

Note: The data you see has already been parsed from the model’s raw JSON output. If parsing failed

entirely, that error is handled separately. Your job is to evaluate the FORMAT and COMPLIANCE of the

successfully parsed content shown to you.

Area 1: Interactions

You will see the interactions section formatted as: [Interaction 0] (CharacterName): [inner thoughts]

spoken dialogue (visible actions)

[Interaction 1] (CharacterName): ...

The expected format within each interaction turn is:

* Inner thoughts in square brackets: [I wonder if he’s telling the truth...]

* Spoken dialogue in plain text with no speaker label: Good morning, how are you?

Visible physical actions in parentheses: (picks up the letter and examines it)

* These elements can be interleaved naturally in any order within a single turn.

1. No Overstepping

* Does each character only output their own content (thoughts, actions, speech)?

* Does any character narrate or control another character’s behavior?

* Example flaw: Character A’s interaction includes "Character B nodded in agreement" — controlling
another character.

2. Format Compliance

* Are inner thoughts enclosed in square brackets [...]?

¢ Is spoken dialogue written as plain text (not inside brackets or parentheses)?

* Are visible physical actions enclosed in parentheses (...)?

* Are these three elements clearly distinguishable and not mixed up?

* Example flaw: [Who is that?] (I say) — speech incorrectly placed inside brackets and action
parentheses.

Area 2: Post-Scene Profile Updates

You will see the profile update section formatted as: Profile Updated: YES (or NO) Profile AFTER scene:

(the updated profile text)

The expected profile format is structured Markdown prose organized under section headers (e.g., Social

Standing, Core Personality, Historical Baggage, Key Relationships, Core Motivations, Moral Code),

with bullet points or paragraphs under each section.

3. Profile Update Format Compliance

¢ Is the updated profile well-structured Markdown prose with clear section headers and organized content?

* Isit free of garbled text, raw JSON artifacts (e.g., "name”: ...), or broken formatting?

* Does the output actually look like a character profile (not a scene summary, world state description, or
other unrelated content)?

« Example flaw: The profile text is a raw JSON dict instead of Markdown prose, or the output is clearly
not a character profile at all.

Area 3: Character Motivations

You will see the motivations section formatted as: (motivation text)

The expected motivation is 1-3 sentences describing the character’s inner drive entering the next scene.

4. Motivation Format Compliance

* Does the output actually contain a character motivation (not a scene summary or other unrelated content)?

* Is the format a short prose passage (1-3 sentences)?

¢ Example flaw: The motivation field contains a full scene script or a copy of the character’s profile instead
of a concise inner drive statement.

Evaluation input: Interactions, Post-Scene Profile Updates, and Character Motivations
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Cast Selection
Rationality
(CSR)

Note: In the simulation pipeline, character selection happens FIRST (before location and scenario are

decided). The system selects characters based on the global world state and each character’s current short

description. Evaluate whether this selection is appropriate.

1. Narrative-Driven Selection

» Are the selected characters essential to advancing the current narrative?

 Given the world state and character descriptions, does this cast make sense for what should happen next?

* Example merit: Selecting characters whose unresolved tensions from previous scenes need to be
addressed.

2. Goal Relevance

* Does each selected character have a clear reason to be involved (plot connection, relationship, unfinished
business)?

* Are there characters whose inclusion seems arbitrary or forced?

* Example flaw: Including a character who has no connection to any ongoing narrative threads.

3. Avoid Redundancy

¢ Are there characters who serve the same narrative function (redundant roles)?

¢ Could the scene work with fewer characters without losing anything?

» Example flaw: Three characters all serving as "the voice of reason" with no differentiation.

4. Missing Key Characters

 Are there characters from the available pool who should logically be present but were excluded?

* Would the narrative be significantly improved by including a specific available character?

» Example flaw: A scene about a family crisis that excludes a key family member who is available.

Review both the selected characters AND the available character pool to assess whether the selection is

optimal.

Evaluation input: Global State, Involved Characters, Character Profiles, Available Character Pool, and
Previous Scene Summary

Location &
Scenario
Rationality
(LSR)

Note: In the simulation pipeline, location and scenario are decided AFTER characters have been selected.

The system chooses a location and writes a scenario based on the global world state, available locations,

the selected characters’ descriptions, and the previous scene’s context. Evaluate whether these choices are

appropriate.

1. Location Appropriateness

* Is the chosen location a plausible and logical place for the selected characters to meet?

* Does the location serve the narrative needs (e.g., a private room for a secret conversation, a marketplace
for a public confrontation)?

* Is the location consistent with the characters’ current situations and the world state?

* Example flaw: Characters who are supposed to be in hiding meeting in a crowded public square.

2. Scenario Quality

* Does the scenario provide a clear dramatic setup that gives characters something to do?

* Is the scenario specific enough to guide the scene without being overly prescriptive?

* Does it establish the right atmosphere and stakes for the selected cast?

» Example flaw: A vague scenario like "characters meet and talk" that provides no dramatic foundation.

3. Continuity with Previous Scene

* Does the location/scenario follow naturally from what happened in the previous scene?

* Are there logical transitions (characters don’t teleport without explanation)?

* Does the scenario build on unresolved threads from previous events?

* Example flaw: Characters who just had a dramatic confrontation suddenly appearing in a completely
unrelated setting with no transition.

4. Character-Setting Fit

* Is the setting appropriate for the selected characters’ abilities and backgrounds?

* Does the environment create interesting dynamics for the specific cast?

» Example flaw: Placing aquatic characters in a desert with no narrative justification.

Evaluation input: Scenario, Location State, Global State, Involved Characters, Character Profiles, Avail-
able Locations, and Previous Scene Summary

Turn & Scene
Orchestration
(TSO)

Evaluate the World Model’s orchestration of the scene — specifically its decisions about WHO speaks

WHEN and WHEN the scene ends. This metric evaluates the World Model’s turn management, NOT the

quality of what characters say (that belongs to other metrics).

1. Speaker Selection

* At each turn, does the most appropriate character respond?

¢ Are there moments where a different character should have spoken but didn’t?

* Example flaw: A question directed at Character A is answered by Character B for no reason.

2. Environmental Description Timing

* Are environmental descriptions introduced at appropriate moments (scene changes, important events
occurring)?

* Are they integrated naturally rather than dumped in large blocks?

* Example flaw: A long environmental description interrupting a tense dialogue exchange.
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Turn & Scene

(Continuing from the previous Table)

Orchestration | 3. Group Character Actions
(TSO) * In multi-character scenes, are character combinations reasonably selected for joint interactions (e.g.,
a group applauding together, several characters entering a door together, two people simultaneously
turning to look somewhere)?
* Does the combination selection fit the current situation and character relationships?
4. Character Coverage Balance
* Is each character’s participation level consistent with their identity, role, and narrative importance in the
scene?
* A character with higher authority or more at stake may reasonably speak more; a minor or observing
character may speak less.
* Core characters should receive participation proportional to their narrative importance, avoiding being
neglected for extended periods.
* Transient characters (e.g., a passing delivery person, a chance-encountered beggar) should naturally fade
out after fulfilling their narrative function rather than being forced into excessive screen time.
* Are there characters who are present but contribute nothing at all (no speech, no action, no reaction)?
* Example flaw: A king summoned to a council meeting who never speaks, while a servant dominates the
entire discussion without narrative justification.
5. Ending Timing
* Does the scene end at a natural narrative juncture (resolution, clifthanger, transition point)?
¢ Is the ending abrupt or does it drag on past its natural conclusion?
* Example flaw: The scene ending mid-sentence or mid-conflict without any narrative reason.
Scope Exclusion: Do NOT evaluate the dramatic quality or content of dialogue — that belongs to Narrative
Progression (NP) and other character metrics. Do NOT evaluate narrative continuity or repetition in content
— that belongs to Narrative Progression (NP). Do NOT evaluate time/space logic of the scenario — that
belongs to Location & Scenario Rationality (LSR). Focus strictly on the World Model’s ORCHESTRATION
decisions: who speaks, when environment is described, and when the scene ends.
Evaluation input: Interactions, Involved Characters, and Character Short Descriptions
Global Evaluate whether the global state was updated at the right times during this scene. This metric focuses
Update ONLY on the TIMING of updates (when to trigger and when not to trigger), NOT on the accuracy of the
Sensitivity updated content (that belongs to Global State Accuracy, GSA).
(GUS) The global state may be updated multiple times within a single scene (after different interactions). You will

see the complete update timeline.

1. No Over-Updating

* Were routine conversations or minor events incorrectly treated as globally significant? Were trivial
interactions triggering unnecessary global state changes? Example flaw: Two characters having a private
chat triggers a global state update.

2. No Missing Updates

* Did globally significant events (wars, political changes, natural disasters, major discoveries) correctly
trigger updates? Were there interactions with globally significant events that were not reflected in global
updates? Example flaw: A king’s assassination occurs in the scene but the global state is not updated.

3. Trigger Scope

* Was the distinction between "local impact" and "global impact" correctly made? Events that only affect
the current location/characters should not trigger global updates; events that affect the broader world
should. Example flaw: A tavern brawl triggers a global state update about "rising violence."

4. Update Timing Within Scene

* Were updates triggered at the right interaction points (not too early, not too late)?

* If multiple updates occurred, was each one justified by new events?

Scope Exclusion: Do NOT evaluate the FORMAT of the global state output (JSON structure, field

completeness), as that belongs to Instruction Compliance (IC). Do NOT evaluate the ACCURACY of

the updated content, as that belongs to Global State Accuracy (GSA). Focus strictly on WHETHER and

WHEN updates were triggered.

Handling Redundant Updates (triggered but content unchanged): Determine the root cause — if no

globally significant event occurred before that update, the trigger itself was wrong — this is a GUS issue

(penalize here); if a globally significant event did occur but the content failed to reflect it (i.e., trigger was

correct but content update failed), that is a GSA issue — do NOT penalize here.

Interaction Count Consideration: Take the number of interaction turns in this scene into account when

scoring. Longer scenes expose the model to more update opportunities and routine-versus-significant

event distinctions, increasing the risk of over-triggering, missing updates, or triggering at the wrong time.

Therefore, maintaining mostly correct update timing over many turns should be interpreted in that context

rather than judged as if the scene were short. Do not penalize length itself; focus on whether observed

timing errors are substantial relative to the amount of evidence and number of update opportunities. For

very short scenes, there may be limited evidence for assessing this metric, so avoid over-interpreting the

absence of errors as strong evidence of capability.

Evaluation input: Interactions and Global State Update Timeline
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Global State
Accuracy
(GSA)

Evaluate the ACCURACY of the global state content when updates occur. This metric focuses on

WHETHER THE CONTENT IS CORRECT, not on whether the update should have been triggered (that

belongs to Global Update Sensitivity, GUS).

You will see the complete update timeline (the state may be updated multiple times within a single scene).

Handling Redundant Updates (triggered but content unchanged): If a globally significant event did

occur but the content failed to reflect it — this is a GSA issue (penalize here); if no globally significant

event occurred (the trigger itself was wrong) — this is a GUS issue (do NOT penalize here). Only evaluate

updates where the content actually changed, unless the redundant update falls into the GSA category above.

1. Factual Accuracy

* Does each updated global state accurately reflect the events that occurred up to that point? Are there
distortions, exaggerations, or fabrications?

* Example flaw: The global state says "war has ended" when the scene only showed a temporary ceasefire.

2. Timely Retirement

* Has outdated information been removed or updated? Are there stale entries that no longer reflect the
current world state?

* Example flaw: A character has been found in this scene, but the global state still lists them as "missing."

3. Concise Expression

* Is the global state expressed concisely without unnecessary verbosity? Does it capture the essence of
changes without excessive detail?

e Example flaw: A full paragraph describing a minor political shift that could be summarized in one
sentence.

4. Incremental Accuracy

* If multiple updates occurred, does each one build correctly on the previous state?

* Are there contradictions between successive updates within the same scene?

Scope Exclusion: Do NOT evaluate the FORMAT of the global state output (JSON structure, field

completeness), as that belongs to Instruction Compliance (IC). Do NOT evaluate whether the update

SHOULD have been triggered, as that belongs to Global Update Sensitivity (GUS). Focus strictly on

whether the CONTENT of each update is accurate and well-maintained.

Interaction Count Consideration: Take the number of interaction turns in this scene into account when

scoring. Longer scenes expose the model to more state changes, incremental updates, and opportunities for

factual inconsistency. Therefore, maintaining mostly accurate global-state content over many turns should

be interpreted in that context rather than judged as if the scene were short. Do not penalize length itself;

focus on whether observed content errors are substantial relative to the amount of evidence and number of

state-change opportunities. For very short scenes, there may be limited evidence for assessing this metric,

so avoid over-interpreting the absence of errors as strong evidence of capability.

Evaluation input: Interactions and Global State Update Timeline

Location
Update
Sensitivity
(LUS)

Evaluate whether the location state was updated at the right times during this scene. This metric focuses

ONLY on the TIMING of updates (when to trigger and when not to trigger), NOT on the accuracy of the

updated content (that belongs to Location State Accuracy, LSA).

The location state may be updated multiple times within a single scene (after different interactions). You

will see the complete update timeline.

1. No Over-Updating

* Were temporary events (a character sitting down, a brief sound) incorrectly treated as persistent location
changes?

* Were minor, reversible actions triggering unnecessary location state updates?

» Example flaw: A character picking up a cup triggers a location state update that removes the cup from
entities entirely.

2. No Missing Updates

* Were persistent physical changes (structural damage, new objects placed, important entities arriving/leav-
ing) correctly captured?

* Were there persistent location changes that were not reflected in updates?

* Example flaw: A fire destroys part of the building during the scene, but the location state remains
unchanged.

3. Persistence Judgment

* Was the distinction between temporary and persistent changes correctly made?

* Temporary: character positions, momentary sounds, brief weather

* Persistent: structural changes, added/removed objects, lasting environmental effects

* Example flaw: Recording "Character A is standing by the window" as a permanent location feature.

4. Update Timing Within Scene

* Were updates triggered at the right interaction points?

* If multiple updates occurred, was each one justified by new physical changes?

Scope Exclusion: Do NOT evaluate the FORMAT of the location state output (JSON structure, field

completeness), as that belongs to Instruction Compliance (IC). Do NOT evaluate the ACCURACY of the

updated content, as that belongs to Location State Accuracy (LSA). Focus strictly on WHETHER and

WHEN updates were triggered.

Table 41: Per-scene evaluation criteria for World Model metrics. Part 3 of 5.



Per-scene Evaluation Criteria for World Model

Location
Update
Sensitivity
(LUS)

(Continuing from the previous Table)

Handling Redundant Updates (triggered but content unchanged): Determine the root cause — if no
persistent physical change occurred before that update, the trigger itself was wrong — this is a LUS issue
(penalize here); if a persistent physical change did occur but the content failed to reflect it (i.e., trigger was
correct but content update failed), that is an LSA issue — do NOT penalize here.

Interaction Count Consideration: Take the number of interaction turns in this scene into account when
scoring. Longer scenes expose the model to more update opportunities and temporary-versus-persistent
event distinctions, increasing the risk of over-triggering, missing updates, or triggering at the wrong time.
Therefore, maintaining mostly correct location-update timing over many turns should be interpreted in
that context rather than judged as if the scene were short. Do not penalize length itself; focus on whether
observed timing errors are substantial relative to the amount of evidence and number of update opportunities.
For very short scenes, there may be limited evidence for assessing this metric, so avoid over-interpreting
the absence of errors as strong evidence of capability.

Evaluation input: Interactions and Location State Update Timeline

Location State
Accuracy
(LSA)

Evaluate the ACCURACY of the location state content when updates occur. This metric focuses on
WHETHER THE CONTENT IS CORRECT, not on whether the update should have been triggered (that
belongs to Location Update Sensitivity, LUS).

You will see the complete update timeline (the state may be updated multiple times within a single scene).

Handling Redundant Updates (triggered but content unchanged): If a persistent physical change did

occur but the content failed to reflect it — this is an LSA issue (penalize here); if no persistent physical

change occurred (the trigger itself was wrong) — this is a LUS issue (do NOT penalize here). Only evaluate
updates where the content actually changed, unless the redundant update falls into the LSA category above.

1. Spatial Consistency

* Is the updated spatial layout self-consistent (no contradictions in where things are)?

* Do the updated sub-locations and their relationships make physical sense?

» Example flaw: An entity listed as being in two different sub-locations simultaneously.

2. Entity Accuracy

» Does the important entities list accurately reflect the important entities currently at the location?

* Have important entities that arrived/departed been correctly added/removed?

* Are entity states (conditions, positions) accurately described?

* Note: Only track important, lasting entities. Trivial or transient details (e.g., character clothing, briefly
mentioned objects) do not need to appear in the important entities list; not recording them is normal and
should not be penalized. Example flaw: A destroyed building still listed as intact in the entities list.

3. Scene Consistency

* Is the location description consistent with what happened in the scene?

» Example flaw: After an intense fight, the description still reads "the room is spotless."

4. Incremental Accuracy

* If multiple updates occurred, does each one build correctly on the previous state?

* Are there contradictions between successive updates within the same scene?

Scope Exclusion: Do NOT evaluate the FORMAT of the location state output (JSON structure, field

completeness), as that belongs to Instruction Compliance (IC). Do NOT evaluate whether the update

SHOULD have been triggered, as that belongs to Location Update Sensitivity (LUS). Focus strictly on

whether the CONTENT of each update is accurate.

Interaction Count Consideration: Take the number of interaction turns in this scene into account when

scoring. Longer scenes expose the model to more state changes, incremental updates, and opportunities

for spatial or entity-level inconsistency. Therefore, maintaining mostly accurate location-state content
over many turns should be interpreted in that context rather than judged as if the scene were short. Do not
penalize length itself; focus on whether observed content errors are substantial relative to the amount of
evidence and number of state-change opportunities. For very short scenes, there may be limited evidence
for assessing this metric, so avoid over-interpreting the absence of errors as strong evidence of capability.

Evaluation input: Interactions and Location State Update Timeline

Instruction
Compliance -
World
(IC_world)

The World Model is responsible for four tasks: (1) selecting the cast of characters for each scene, (2)

choosing a location and generating a scenario, (3) selecting the next speaker each turn, and (4) updating

global/location state. Evaluate whether ALL outputs follow the expected rules.

Note: The data you see has already been parsed from the model’s raw JSON output. If parsing failed

entirely (e.g., invalid JSON), that error is handled separately via an error penalty. Your job is to evaluate

the FORMAT and COMPLIANCE of the successfully parsed content shown to you.

Area 1: Involved Characters

Involved Characters: CharA, CharB, CharC. This is the parsed result of the cast selection task.

1. Cast Selection Compliance

¢ Is the character list non-empty and reasonable in size for a scene?

¢ Example flaw: An empty character list, or an absurdly large number of characters (e.g., 15+) that would
make a scene unmanageable.

Area 2: Scene Scenario

Scene Scenario (scenario text). This is the parsed scenario from the location & scenario selection task.
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Instruction
Compliance -
World
(IC_world)

(Continuing from the previous Table)

2. Scenario Format Compliance

* Is the scenario a readable prose passage (not garbled, not containing raw JSON artifacts)?

* Does the output actually look like a scene scenario (not a world state or other unrelated content)?

» Example flaw: The scenario field contains raw JSON syntax or is clearly not a scenario description at all.

Area 3: Speaker Selection Sequence

Speaker Selection Sequence Turn 0: CharA Turn 1: CharB Turn 2: CharA, CharC Turn 3: Environment

This is the sequence of speaker selections made by the World Model throughout the scene.

3. Speaker Selection Compliance

* Is each selected speaker one of the involved characters listed above (or "Environment")?

* Are there any turns where an invalid or non-existent character name appears?

¢ Are multi-character turns (e.g., "CharA, CharB") used sparingly and only for genuinely shared beats?

* Example flaw: A speaker name that doesn’t match any of the involved characters.

Area 4: Global State Update Timeline

The global state is a structured Markdown document describing the world’s rules, norms, and conditions,

organized under thematic section headers (e.g., ### 1. Social Order & Class or Economy & Trade),

with bullet points or paragraphs under each section.

You will see one of two cases:

Case A — Update(s) occurred: ## Global State Update Timeline Global State BEFORE scene: (Mark-

down prose)

Global State Updated: YES (N update(s) during this scene) (updated Markdown prose)

Case B — No update: ## Global State Update Timeline Global State BEFORE scene: (Markdown prose)

Global State Updated: NO (unchanged)

4. Global State Format

* Is the global state presented as readable Markdown prose (not garbled, not containing raw JSON artifacts
like "key": "value")?

* Does the output actually look like a global world state description (not a character profile, scenario, or
other unrelated content)?

» Example flaw: The global state text contains raw JSON syntax or is clearly not a world state description.

Area 5: Location State Update Timeline

The location state supports two structural variants depending on the location:

Variant 1 — With Sub Locations: The state has a "Description" line, followed by "Sub Locations"

formatted as [SubLocationName]: description, each containing "Important Entities" formatted as -

EntityName: entity state.

Variant 2 — Without Sub Locations: The state has a "Description" line, followed directly by "Important

Entities" formatted as - EntityName: entity state (no sub-location grouping).

You will see one of two update cases:

Case A — Update(s) occurred (Variant 1 example): ## Location State Update Timeline: LocationName

Location State BEFORE scene: Description: ... [SubLocationName]: ...

¢ EntityName: entity state

Location State Updated: YES (N update(s) during this scene) Description: ... [SubLocationName]: ...

¢ EntityName: entity state

Case A — Update(s) occurred (Variant 2 example): ## Location State Update Timeline: LocationName

Location State BEFORE scene: Description: ...

* EntityName: entity state

Location State Updated: YES (N update(s) during this scene) Description: ...

* EntityName: entity state

Case B — No update: ## Location State Update Timeline: LocationName Location State BEFORE scene:

Description: ... (entities and/or sub-locations as applicable)

Location State Updated: NO (unchanged)

5. Location State Format

* Does the location state follow one of the two expected structural variants?

* Variant 1 (with Sub Locations): Description — Sub Locations (each with Important Entities)

* Variant 2 (without Sub Locations): Description — Important Entities directly

* If sub-locations are present, are they structured with names, descriptions, and entities with states?

* If no sub-locations, are Important Entities listed directly after the Description with names and states?

* Does the output actually look like a location state (not a global state or other unrelated content)?

» Example flaw: Entities listed without states, or the output is clearly not a location state at all.

6. No Overstepping

* Do world state updates (both global and location) avoid generating character dialogue or controlling
character behavior?

* Are updates purely descriptive of the environment, not prescriptive of character actions?

* Example flaw: The location state includes "Character A decides to leave" — overstepping into character
territory.

Evaluation input: Involved Characters, Scenario, Speaker Selection Sequence, Global State Update
Timeline, and Location State Update Timeline
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Profile
Evolution
Smoothness
(PES)

Evaluate the SMOOTHNESS of this character’s cross-scene evolution by considering BOTH the profile

trajectory and the hidden tracker trajectory together. This metric focuses on whether the evolution

TRAJECTORY is smooth and coherent over time, NOT on whether individual scene updates are accurate

(that belongs to Profile Update Fidelity, PUF). Specifically:

1. Gradualness

* Do changes in personality, attitude, and relationships go through reasonable transitional stages across
scenes? Does the hidden tracker preserve intermediate stages before they eventually become pro-
file changes? Are there abrupt jumps where a character goes from one extreme to another without
intermediate signals in either profile or tracker?

* Example flaw: Scene 3 shows mild doubt, but Scene 4 profile suddenly declares complete distrust with
no accumulated intermediate signals.

2. Magnitude Proportionality Across the Timeline

* Looking at the full evolution timeline, is the magnitude of each profile change proportional to what
happened in the corresponding scene(s)? Are there scenes where nothing significant happened but the
profile changed dramatically, or vice versa?

* Example flaw: A profile undergoes a massive rewrite after a routine conversation, while remaining
unchanged after a life-altering event.

3. Directional Coherence Across Profile + Tracker

* Do the profile and hidden tracker point in compatible directions over time? When tracker signals
accumulate enough to justify a profile update, does that transition feel traceable? Are there contradictions
where the tracker implies one trajectory while the profile jumps to another without explanation?

* Example flaw: The tracker repeatedly records growing trust, but the next profile revision abruptly claims
deepening hostility with no causal basis.

Scope Exclusion: Do NOT evaluate whether individual scene updates are accurate or whether the right

things were captured — that belongs to Profile Update Fidelity (PUF). Focus strictly on whether the

OVERALL TRAJECTORY across all scenes is smooth, gradual, and directionally coherent.

Scene Count Consideration: Take the total number of scenes into account when scoring. Longer

trajectories expose the model to more profile and hidden-tracker updates, accumulated signals, and

opportunities for drift or contradiction. Therefore, maintaining mostly smooth and coherent profile

evolution over many scenes should be interpreted in that context rather than judged as if the trajectory were

short. Do not penalize length itself; focus on whether observed trajectory errors are substantial relative

to the amount of evidence and number of update opportunities. For very short trajectories, there may

be limited evidence for assessing this metric, so avoid over-interpreting the absence of errors as strong

evidence of capability.

Review the complete profile evolution timeline and hidden tracker timeline together, and assess whether

they form one coherent and smooth character development arc.

Evaluation input: Initial Profile, and Scene-by-Scene Evolution Timeline (Motivation, Scenario, Scene
Summary, Description, Hidden Tracker, Profile After Scene)

Scene
Continuity &
Coherence
(SCO)

Evaluate the overall narrative coherence across all scenes. You are provided with each scene’s summary

(including location, scenario, involved characters, and what happened) to assess cross-scene coherence.

1. Narrative Arc

* Do consecutive scenes form a directional narrative progression? Is there a discernible story arc (setup —
rising action — climax — resolution)? Do scenes build upon each other rather than being disconnected
episodes? Example flaw: Scenes that feel like random, unconnected vignettes with no overarching story.

2. Scene Transitions

* Do location choices and scene descriptions naturally connect? Are transitions between scenes logical
(characters move to locations that make sense)? Is there narrative justification for each scene’s setting?
Example flaw: Characters teleporting between distant locations without travel time or explanation.

3. Pacing

* Is the story pacing appropriate across the full simulation? Are there sections that feel too rushed or
too slow? Do important plot points get adequate development time? Example flaw: The climactic
confrontation happening in Scene 2 of 10, with the remaining 8 scenes being anticlimactic.

4. Thread Management

* Are narrative threads introduced, developed, and resolved (or intentionally left open)? Are there
abandoned plot threads that were set up but never followed through? Example flaw: A mystery
introduced in Scene 1 that is never mentioned again in any subsequent scene.

Scene Count Consideration: Take the total number of scenes into account when scoring. Longer

simulations expose the model to more narrative arcs, pacing decisions, scene transitions, and thread-

management challenges. Maintaining mostly coherent narrative development over many scenes should

be interpreted in that context rather than judged as if the simulation were short. Do not penalize length

itself; focus on whether observed coherence errors are substantial relative to the amount of evidence and

number of long-range narrative dependencies. For very short simulations, there may be limited evidence

for assessing this metric, so avoid over-interpreting the absence of errors as strong evidence of capability.

Evaluation input: the complete scene sequence with Scenario, Involved Characters, and Scene Summary
for each scene

Table 44: Cross-scene evaluation criteria for PES and SCC.



Human Evaluation: Annotator Instructions

Task You will evaluate EvolvingWorld, an interactive fiction simulation system in which LLMs drive characters
Overview from classic novels through Al-generated storylines. The simulation is jointly produced by two model
components:

World Model, which directs the story and models the world:

* Scene Planning: selects the cast of characters for each scene based on their profiles and current
motivations; then chooses a location and writes a dramatic scenario.

» Speaker Management: within each scene, decides who speaks next (or when to insert an environment
narration / end the scene). May also select character groups for simultaneous actions.

* World State Maintenance: after key events, updates two kinds of state:

— Global State: free-form Markdown prose; the model may freely choose which aspects to describe
(e.g. era background, social atmosphere, major events).

— Location State: structured JSON in one of two variants: (a) without sub-locations: fields “name”,
“description”, and “important_entities” (each entity has a “name” and “state”); (b) with sub-locations:
fields “name”, “description”, and a “sub_locations” list, where each sub-location contains ‘“name”,
“description”, and “important_entities”.

Character Agent, which plays each character:

* Motivation Generation: before each scene, generates a scene-specific motivation for every participating
character.

e Interaction Generation: produces each character’s turn. The output uses three format markers: [brackets]
for the character’s inner thoughts, plain text for spoken dialogue, and (parentheses) for visible physical
actions.

* Profile & State Updates: after each scene, updates two records for each character:

— Profile: free-form Markdown prose recording established, persistent character changes (e.g. personal-
ity traits, relationships, significant experiences, current goals). The model may freely choose which
aspects to cover.

— Hidden Tracker: Markdown prose recording sub-threshold psychological signals that have not yet
risen to the level of a permanent profile change, such as accumulating emotional stress, unresolved
inner conflicts, subtle impressions from a conversation, or seed events that may later trigger a character
shift. These signals accumulate across scenes and, once sufficient, trigger a formal profile update.

The simulation loop for each scene proceeds as follows:

1. World Model selects the cast of characters.

2. World Model chooses a location and writes the scenario.

3. Character Agent generates a scene-specific motivation for each character.

4. Repeat until the scene ends:

a. World Model selects the next speaker (or inserts an environment narration).
b. Character Agent generates that character’s interaction turn.
c. World Model optionally updates the global/location state.

5. Character Agent updates each character’s profile and hidden tracker.

Within a single simulation, both components use the same underlying LLM. You will compare two different

LLMs (Model A vs. Model B, presented in randomized order) and judge which performs better on each

evaluation dimension.

Available You will receive a folder with the following structure:
Materials

output/
+-- readme.txt
+-- annotation_{modelA}_vs_{modelB}.x1lsx (*3)
+-- reference/
+-- book_scenes/ (one .txt per book)
+-- test_inputs/ (one .txt per sample)

For each sample, you will receive:

¢ Annotation Excel file (annotation_{modelA}_vs_{modelB}.x1sx): contains complete scene-by-
scene outputs for both models, including: (1) interaction content (character dialogue, thoughts, actions);
(2) character state changes per scene (profile updates, short description, scene motivation, hidden tracker);
(3) world state changes (global state and location state updates, annotated with the interaction turn after
which they occurred). The file also contains the scoring rows where you fill in your 0—100 scores for
each dimension; the spreadsheet will automatically compute the average score and the comparison result
from your inputs.

¢ Reference files: (a) book_scenes/{book_title}.txt, the source novel’s scene content (scenario,
character interactions, chapter info), useful for verifying character speaking style and story context;
(b) test_inputs/sample_XXXXXX. txt, the identical starting point given to both models (world state,
all character profiles with motivations and hidden trackers, and the previous scene for narrative context).

Table 45: Human evaluation annotator instructions. Part 1 of 2.



Human Evaluation: Annotator Instructions (continued)

Scoring Use a 0-100 scale for each dimension. The absolute scores serve only as personal note-taking aids to help

Method you organize your thoughts. The final collected annotation is the comparison result per dimension (A
better / B better / Tie). You need not agonize over exact numeric values; only the relative judgment matters.

Annotation Recommended procedure for each sample:

Workflow 1. Read metadata: check the book title, number of generated scenes, and stop reason (“completed”,

“error”, or “max scenes reached”) for both models. Also note the Sample Index for locating the
corresponding reference files.

2. Consult reference files (recommended): (a) read the previous scene in the initial state file to understand
the narrative context at simulation start; (b) skim the initial world state and character profiles to
understand the shared starting point.

3. Read both models’ outputs: go through all scenes for Model A and Model B to form an overall
impression. Focus on: whether dialogue is natural and in-character; whether the story progresses
meaningfully; whether state updates are reasonable; whether there are obvious format errors or Al
artifacts.

4. Score each dimension: Write down a 0—100 score for each dimension for both models. Remember,
these scores are only personal notes to help you organize your thoughts. Only the final comparison
result (A better / B better / Tie) per dimension matters.

Key guidelines:

* Model A/B order is randomized per sample; judge purely on output quality.

* Do NOT prefer longer outputs; faithfulness to the original book’s style should be rated higher.

* For CC: you may look up the character’s lines in the original book scenes for speaking style reference.

Evaluation You will evaluate 10 dimensions: CC (Character Consistency), EQ (Evolution Quality), EG (Environment
Dimensions Grounding), IQ (Interaction Quality), MG (Motivation Generation), ICehar (Instruction Compliance,
Character) for the Character Agent; and SP (Scene Planning), SM (Speaker Management), WSM (World
State Maintenance), ICyora (Instruction Compliance, World) for the World Model. Each dimension
contains multiple sub-metrics; their definitions and detailed scoring criteria are identical to those used by
the LLM-as-Judge, as presented in Tables 33—-38, Tables 39—43, and Table 44.

Table 46: Human evaluation annotator instructions. Detailed scoring criteria for each sub-metric are identical to the
LLM-as-Judge criteria presented in the preceding tables. Part 2 of 2.
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