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Abstract

Fine-tuning LLMs to inject new knowledge faces a critical challenge: LLMs
can quickly memorize new facts, yet fail to use them for downstream reasoning
tasks. We formalize this failure as the Knowing-Using Gap, characterized by
an accuracy gap and a temporal lag between memorization and generalization.
To understand this phenomenon, we fine-tune LLMs with unseen knowledge and
monitor the spatial permeation dynamics of the knowledge internally using a
novel intervention technique called self-patching. Self-patching identifies acti-
vation locations where relocating representations substantially improves failed
generalization cases. These results are consistent with a knowledge-circuit mis-
alignment hypothesis: memorized representations can exist internally but may
not be routed to computation-effective layers. To demonstrate the practicality
of this diagnostic finding, we design a simple heuristic strategy which recov-
ers 58—75% of the oracle headroom in generalization failure. Experiments are
done cross-domain for the robustness of this finding. Code and data are open at
https://anonymous.4open.science/r/Mem2Gen-71FF.

1 Introduction

Large language models (LLMs) excel at varieties of tasks but face significant challenges in adapting
to unseen information, necessitating effective methods for post-training knowledge updates. While
there are approaches like retrieval-augmented generation (RAG) and knowledge editing Meng et al.,
Gupta et al.| [2024]], fine-tuning remains a fundamental paradigm for knowledge updating, as it not
only operates on parametric memory end-to-end but also injects knowledge in a way that can be
reused by the model’s existing reasoning capabilities.

Despite sufficient capacity to fit new data Morris et al.|[2025]], |Allen-Zhu and Li, LLMs exhibit a
“remembering but not using” failure (Ovadia et al. [2024]], Soudanti et al.|[2024], Zhong et al.| [2023]],
Cohen et al|[2024], Berglund et al. as shown in Figure I} models can memorize new facts (e.g.,
“Sydney is located in [Entity]”) but fail to reliably use them in downstream reasoning (e.g., “The
capital of the country Sydney located is ... ") |[Zhong et al.|[2023]], [Cohen et al.| [2024],|Yao et al.
[2025]], creating a gap between simple memorization and flexible generalization.

We term this phenomenon the Knowing—Using Gap, characterized by two distinct disparities: 1) an
accuracy gap, where generalization accuracy remains significantly lower than memorization; and 2)
a temporal lag, where generalization emerges significantly later after remembering.

This observation raises fundamental research questions on the mechanics of fine-tuning: Once a fact
is memorized, when and why does it become accessible to the model’s existing reasoning circuits?
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Figure 1: Illustration of the Knowing—Using Gap.

To address these questions, we conduct a fine-grained analysis of the training dynamics during
knowledge injection. We construct datasets from two real-world domain knowledge bases and
eliminate overlap with pretraining. We define two types of reasoning QA tasks to evaluate how LLMs
generalize the learned knowledge: chaining task requires resolving a bridge entity in the first hop
to solve the second; and intersection task requires retrieving attributes for two entities and filtering
by a required relation. These tasks explicitly test whether injected knowledge can be propagated to
reasoning beyond recalled in isolation.

To investigate the underlying mechanics, we introduce self-patching, a variant of activation patch-
ing |(Ghandeharioun et al.| [2024]], [Zhang and Nandal which copies the hidden layer representation
of an anchor position from a source run and substitutes it into a target run at a target layer, then
measures the probability change of the correct answer. By thoroughly scanning layers in LLM and
across fine-tuning, self-patching yields a time-evolving fine-grained spatial map of the permeation of
knowledge, identifying which layers and positions contain representations that can unlock the correct
answer when routed into an appropriate position.

Based on the observation, we propose the knowledge—circuit misalignment hypothesis regarding the
Knowing—Using Gap. Self-patching reveals that after memorization saturates, injected information
is retrievable from certain layers but is not reliably integrated into the computation required by
multi-hop reasoning. Continued fine-tuning after memorization sometimes brings these usable
representations into mid-layer computation, coinciding with the emergence of generalization, while
in other cases it fails because the representations remain stranded after natural gradient vanishes.
Further interventional experiments provide causal-intervention evidence supporting this hypothesis:
by simply relocating memorized representations yields immediate and substantial gains across models
and tasks even after natural fine-tuning convergence. This suggests that the capability to generalize
injected knowledge can be activated artificially, even if it does not naturally emerge during fine-tuning.
Moreover, the gains substantially exceed prompting baselines like CoT and generic perturbation
controls, reinforcing the hypothesis that improvements arise from transferring knowledge-relevant
information to the reasoning computation path, rather than from superficial decoding effects. To
showcase the practical value of this finding, we show that a simple heuristic strategy exploiting the
structure of patch locations can still recover 58-75% of the oracle headroom (§5.3]), moving the
contribution from pure diagnosis toward a practical remedy. To conclude:

* We identify and quantify the Knowing—Using Gap during LLM fine-tuning.

* We introduce self-patching, an intervention-based method that maps where injected knowl-
edge becomes causally usable across layers, including on failed generalization cases.

* We propose the knowledge—circuit misalignment hypothesis, providing mechanistic evi-
dence that manual relocation of memorized representations can recover generalization, and
demonstrate its practicality by designing a fixed non-oracle heuristic that recovers 58-75%
of oracle headroom. The phenomena and results are robust across domains and architectures
through comprehensive experiments.

* We release a specialized Memorization-to-Generalization dataset for evaluating multi-hop
reasoning on injected knowledge.



Table 1: Overview of task definitions. Memorization Task(s) are for finetuning and Generalization
Task(s) for evaluation. Graphs on the left illustrate topological structures of supporting facts.

Memorization Task(s) Generalization Task(s)
Chaining 1. Which protein is expressed in embryo? IGFBP3. 1. Which drug targets the protein that are expressed
O—0—0 2. Which drug targets the protein IGFBP3? Mecasermin. in embryo? Mecasermin.
Intersection 1. What exposure is linked to glioma? Trifluralin. 1. What is the exposure linked to the disease glioma
O—0O—0 2. What exposure is linked to hypothyroidism? Trifluralin. and linked to hypothyroidism? Trifluralin.

3. (Noise) Which gene is associated with glioma? PLK1.

2 Related Work

Mechanistic interpretability. Mechanistic interpretability aims to reverse-engineer neural networks
into human-understandable components, moving beyond behavioral analysis to causal explanations
of model internals. Previous methods can be categorized into observation-based methods, such
as logit-lens [nostalgebraist| [2020]], Wendler et al.| [2024]], linear probes |Alain and Bengiol [2017]],
Belinkov| [2022]], and sparse auto-encoders [Huben et al.| [2024]],/Gao et al.|[2025]] which disentangles
the polysemantic features; and intervention-based methods, such as causal tracing Meng et al.
[2022], |Palit et al.| [2023]] and activation patching Wang et al. [2023]]. Recent research has shifted
from analyzing individual neurons to circuits [Yao et al.[[2024]], which are subgraphs of the model
responsible for specific behaviors. For instance, "induction heads" have been identified as the primary
mechanism for in-context learning |Olsson et al.|[2022]], while other studies have mapped circuits
responsible for indirect object identification Wang et al.| [2023]] and entity tracking [Prakash et al.
[2024]]. However, most of the methods rely on large-scale data to probe features and circuits. Tangible
tools for locating and extracting atomic knowledge remain sparse.

Knowledge Representation in LLM. The "Linear Representation Hypothesis" |Park et al.|[2024]]
and the "Key-Value Memory" (Gershman et al.|[2025] framework posits that LLMs encode factual
knowledge (e.g., "A is B") as linear directions in the activation space, often stored within the
weights of MLP layers [Meng et al.| [2022], Dai et al|[2022]. Based on this localization, Model
Editing techniques like ROME Meng et al.| [2022] were developed to directly update specific facts
by modifying MLP weights. However, a critical limitation of these approaches is the gap between
storing a fact and utilizing it for reasoning |Gupta et al.|[2024]. Recent benchmarks like MQuUAKE
Zhong et al.|[2023]] and RippleEdits Cohen et al.| [[2024] reveal that while models can recall edited
facts (high memorization), they fail to propagate these updates to multi-hop reasoning tasks.

Grokking and Learning dynamics. Grokking [Power et al.| [2022], [Wang et al.|[2024]], Liu et al.
[2022] refers to the phenomenon that generalization performance on validation sets suddenly improves
long after training accuracy has saturated. Originally observed in small algorithmic tasks Power et al.
[2022], grokking has recently been confirmed in pre-training and fine-tuning of large transformers |L1
et al.|[2025]], Nanda et al.|[2023]], Wang et al.|[2024]. Unlike grokking which concerns the emergence
of new capabilities that underlies datasets, our setting concerns the generalizability of single piece of
knowledge to be used by common logics. We posit that this generalization failure stems not from
learning new reasoning circuits, but from aligning with them.

3 Dataset preparation

3.1 Preliminaries

To investigate the dynamics of memorization and generalization in LLMs, we construct a dataset
comprising diverse pairs of memorization and generalization QA tasks. Memorization QA tasks
serve as the finetuning materials for LLM to memorize new knowledge, while generalization QA
tasks, which are not explicitly memorized, test LLM’s ability to apply newly acquired knowledge.

The dataset is adapted from STaRK |Wu et al.|[2024], a real-world semi-structured knowledge base
comprising millions of entities and relations of diverse heterogeneous types. We use the biomedical
(STaRK-Prime) and academic (STaRK-MAG) subset to ensure the robustness of our findings across
domains. The generation pipeline is detailed in Appendix.



3.2 Tasks definition

We define two types of generalization QA tasks in table |I| to evaluate how LLMs generalize the
learned knowledge in various scenarios.

The atom unit of knowledge in our setting is defined as a fact triplet: f = (n1, e, n2) where
n1,ne € N represent the head and tail entities and e the relation between them. For example, fact
triplet (MRE11, ppi, ATRX) indicates the fact "protein MRE11 interacts with protein ATRX".

Each generalization task is based on a set of supporting fact triplets, paired with a memorization task
per fact. LLMs first learn about the supporting facts through finetuning on the memorization QA
tasks, and then are evaluated on the generalization task that requires applying the learned knowledge.

Memorization Task. For each f a corresponding memorization QA task mem ¢ is generated as the
material to memorize the knowledge. Specifically, the task presents the head entity n; and relation
e12 as the query, requiring the model to predict the tail entity no as the correct answer. E.g., mem ¢ =
{Q: "What protein interacts (e12) with MRE11 (n1)?", A: "ATRX (n2)."}

Generalization Task. We design two types of generalization QA tasks in table[T| from comprehensive
meta paths: (1) Chaining Task. This task depends on two supporting tasks on which the model is
required to perform sequential reasoning to derive the final answer. This assesses the model’s chain
reasoning capabilities. (2) Intersection Task. This task depends on multiple supporting tasks and
requires the model to identify shared entities with specific relations out of noise confounders. This
tests the model’s ability to perform intersection in its knowledge set.

3.3 Knowledge Novelty Validation

To ensure the injected knowledge is genuinely novel,

we first verified that pre-trained models score around Table 2: Evaluation of dataset novelty. All
or below 6% zero-shot accuracy on 1,000 randomly models score below 6% on both dataset even
sampled memorization tasks before any fine-tuning, before active leakage filtering, confirming the
on both STARK-PRIME and STARK-MAG (Ta- injected knowledge is genuinely novel.

ble E]) Furthermore, during our patching experiments  Model STARK-PRIME (%) STARK-MAG (%)
(§5), we explicitly filter out instances where the base  “Quen2.5-1.58 420 550
model can already answer the memorization or gener-  Qwen-2.5-3B 3.80 6.00
alization questions, ruling out potential data leakage. _Qen-25-78 440 580

. . o LLaMA-3.2-1B 4.90 5.40
Evaluation separation. Memorization and general- [ .mA-32-38 3.80 500
ization tasks are disjoint by construction: memoriza- LLaMA-3.1-8B 4.80 5.50

tion tasks present single-hop (entity, relation

— entity) queries, while generalization tasks require multi-hop reasoning over different query
templates unseen in training. Only fact entities may overlap because chaining inherently requires
shared bridge entities, but the compositional query structure is always novel.

4 The Phenomenon: Characterizing the Knowing-Using Gap

4.1 Formalizing the Knowing-Using Gap

Let 0; denote model parameters after ¢ training steps (or epochs) of knowledge injection on a set of
injected facts K = {f;}7_,. We evaluate two time-dependent performance curves. Memorization
accuracy Amem(t): performance on direct recall queries for injected facts (e.g., single-hop completion
of a trained triple), and Generalization (use) accuracy Age, (t;T): performance on a downstream task
T that requires reasoning with injected facts.

We characterize the Knowing—Using Gap along two complementary dimensions:

Accuracy gap. At the end of training ¢ = T}, define the difference after convergence as

AA(T) = Amem(Tmax) — Agen(Tmax; T)- (1

Temporal lag. To ensure robustness against training fluctuations, we define the saturation time as
the earliest point where performance remains stable for at least w consecutive epochs. Specifically,



the saturation time of task 7 is defined as:
Toen(T) = min{t : Apen(t'; T) = 1,Vt' € [t,t + w]}. 2)

The temporal lag is then defined as AT (7) = Tgen(T) — Tinem- We exclude failed cases to ensure
Toen (T ) reflects the point where generalizable facts are reliably mastered.

4.2 The Knowing-Using Gap Across Tasks

Figure[T]illustrates the Knowing—Using Gap under chain-

ing: memorization reaches near-ceiling accuracy within Table 3: Comparison of Knowing-Using

a few epochs, while downstream use stays low for an Gap between FFT and LoRA.
extended period. Task Timem Tgenn AT Agen
Across-task pattern. Table [3|shows the ubiquity of this LoRA

dissociation in diff(f,ren.t downstream regsoning tasks. Un- ~p e 98 150452 46 0303
der LoRA, memorization saturates quickly for all tasks, ntersec. 8.34+2.1 89+80 0.6 0.910
but downstream use exhibits both delayed emergence and
task-dependent ceilings. Intersection is close to an “ideal”
regime, with minimal lag and high final use accuracy, since ~ Chain.  2.4+£1.5 7.9+£4.7 55 0.315
it does not require subsequent reasoning steps and often ~_Intersee: 4-1+£19 12.94+9.7 8.8 0.852
aligns with the memorization answer, with the complex-

ity lies in filtering noises. In contrast, chaining shows a clear two-dimensional gap: it requires
substantially more training to become usable and still converges to a low use accuracy despite near-
perfect memorization. The central finding is consistent: memorization saturates early, while reliable
downstream use is delayed and can remain substantially lower at convergence.

FFT

Full fine-tuning vs. LoRA. As shown in Table [3) FFT in general memorizes substantially
faster than LoRA across tasks, but this advantage does not consistently translate into faster
or better downstream use. For chaining, FFT attains memorization much earlier yet shows a
comparable lag magnitude and nearly identical final use accuracy. For intersection, FFT mem-
orizes earlier, but reaches reliable use markedly later, yielding a larger lag and lower Ag,.

Model and data scale. We also test the knowing-using s 0s
gap across different model scales and data scales. Figure[2]
shows that increasing model size does not eliminate the
temporal lag AT. Moreover, increasing the number of in-  °2
jected facts tends to widen the final accuracy gap AA(T), % w0 ww "% e
even when direct recall remains strong, indicating that scal- freining set sz () Hodel size (params)
ing storage does not directly translate into proportional
gains in reasoning.
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Figure 2: Results of know-use gap on
different data sizes and model sizes.

5 Mechanistic Analysis for Knowledge—Circuit Misalignment

In this section, we propose the knowledge—circuit misalignment hypothesis to account for the ob-
served Knowing—Using Gap through mechanistic interpretation. We provide interventional evidence
consistent with the hypothesis that, after fine-tuning, answer-relevant representations can be recovered
from hidden states but are not always routed through computation-effective layers. This misalign-
ment of knowledge storage and computation results in the generalization failure, but can be largely
recovered by manually relocating knowledge to the correct layers.

Knowledge—circuit misalignment hypothesis. A Knowing-Using Gap is driven by a spatial
misalignment of knowledge storage and reasoning circuits: fine-tuning first encodes new facts in easy-
to-fit storage states for memorization (often early or very late layers) that support direct recall, but
are not reliably routed into the effective positions that are causally required for multi-step reasoning,
often in mid-layer computation as shown in previous literature and our experiment in Figure [3

This hypothesis predicts that (1) after memorization saturates, there should exist off-path representa-
tions that already contain injected information but do not yield correct reasoning end-to-end; and
(2) explicitly relocating those representations into effective locations should immediately increase
downstream use. We test these predictions with several causal intervention tools, mainly self-patching.
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Figure 3: Method Comparison. Causal tracing corrupts a run to identify causally relevant locations.
Patchscope interprets a hidden state by decoding it into natural language. Self-patching tests the
effect position by swapping its internal representation across layers and contexts.

5.1 Self-Patching

Self-patching tests knowledge—circuit align- Algorithm 1: Self-patching scan
ment through causal interventions: if a fact
is already represented somewhere inside the
model, can the target reasoning prompt use
it when that representation is routed through
a candidate computation layer?

Input: model M, prompts Ps, P;, anchor F, an-
swer y*, score 1.
For each layer pair (I, [;):

> Locate anchor tokens Ty = T'(Ps, E) and T} =

T(P,, E).

Let M be an L-layer transformer and let |, cache source state z — Al (P,).
hl(P) denote the residual-stream state at . T
layer [ and token position ¢ for prompt P. > Run P and replace hy, « 2. B
For an anchor substring F (e.g., the head en- > Continue the forward pass to obtain M (F;).
tity), T'(P, E) der;;)tes i(;s token span. Giv}eDn > Record AT = I(M(P,),y*) — I(M(P,), y").
a source prompt P; and a target prompt P;, . . _

self—patchli)ng C(I))pies only the ar%chcl))r repfesen- Output: layer-pair map All,, 1] = AL
tation from source layer [ into target layer

lt, hlji( PoE) thS( P..E) then resumes the target forward pass. We measure the causal effect

of this intervention as the change in an indicator function I(-,y*), which evaluates the correct-
ness of the generated output against y* (e.g., using Exact Match or Mean Reciprocal Rank) with
Al =1(M(Py),y*) — I(M(P,),y").

We scan all layer pairs (I, ;) after fine-tuning. A positive cell (AI > 0) has a concrete interpretation:
layer [ contains a representation that becomes useful when placed at computation layer /;. This
produces the permeation maps in Figure 4 and the recoverable headroom in Tabled] To rule out
prompt-specific shortcuts, we also patch across contexts from memorization prompts Ppep into
generalization prompts Pyeq; the transferred states preserve the same layer-pair structure (Figure |§[)

Comparison with similar methods. We compare the most similar causal intervention based
mechanistic interpretation method in Fig [3] Unlike causal tracing, self-patching does not require a
“clean” correct trajectory and is therefore applicable to failed generalization cases. Unlike PatchScope,
it focuses on the accuracy of target prompts instead of interpreting the source prompt with auxiliary
decoding prompts; it evaluates whether the representation can unlock the downstream computation
when routed into the model.

5.2 Knowledge Dynamics in Fine-Tuning

We first trace the knowledge permeation of two atomic knowledge during fine-tuning to understand
after a fact is memorized, when, where and how does it become accessible to the model’s pre-existing
reasoning logic. We save checkpoints each epoch and perform layer-to-layer self-patching at the
head-entity positions Epeqq 0n Pgen, producing a heatmap over (Isre, ltgt) at each step.
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Figure 4: Permeation dynamics of know—use transition, aligned with fine-tuning process. Cell
(Lsre, ligt) measures whether patching the head-entity representation from . to lig increases general-
ization accuracy, with red indicating full recovery, blue for no effect, and white for partial gain. Top:
a natural failed instance. The red region indicates the position of knowledge storage, which permeates
but halts before reaching the diagonal, indicating generalization failure. Bottom: a successful
instance, patch-effective regions expand and cover diagonal before training stabilizes.

Before memorization, patching rarely helps as indicated by the all-blue map: injected knowledge is
not yet available internally at all, thus swapping can not help.

On the moment in training curve when two facts are memorized, we can observe clear off-diagonal
red region appear in Figure [d] that says the needed information is already stored in certain layers and
can take effect if routed into particular target layers. However, the model still fails end-to-end in the
natural fine-tuning process: diagonal cells remains blue (fail with no intervention).

As fine-tuning continues, the red region expands wider towards the heatmap diagonal, indicating
the gradual permeation of knowledge into more layers. In successful cases, the red region covers
the diagonal line, which means the natural emergence of generalization from fine-tuning. In failed
cases, while still expanding, the red region halts before reaching the diagonal. This is due to the
fine-tuning nature that after memorization where M (P) matches y*, loss will diminish soon and
become too small to drive further gradient updates for internal change. The model will stuck and
fail to generalize unless manually relocating the representation, as shown in the next section. This
knowledge permeation dynamics aligns well with the training phases in time, which validates the
prediction from our hypothesis: knowledge is stored but not used until the representation becomes
available in locations effective for the reasoning computation.

Model STaRK-Prime STaRK-MAG
Mem. Chaining Intersection Mem. Chaining Intersection
w/o pat. w/o pat. w/o pat. w/o pat.

Qwen-2.5-1.5B 0998 0.078 0.440 0.793 0987 0991 0.046 0286 0928 0.994
Qwen-2.5-3B 0997 0.114 0542 0.798 0986 0986 0.052 0.288 0.958 0.994
Qwen-2.5-7B 0996 0.124 0504 0.774 0956 0982 0.068 0.310 0976 0.994

LLaMA-3.2-1B 0994 0.102 0316 0874 0975 0975 0.082 0.182 0982 0.994
LLaMA-32-3B 0993 0.126 0404 0.815 0969 0974 0.064 0240 0982 1.000
LLaMA-3.1-8B 0986 0.182 0458 0.795 0921 0975 0.072 0.222 0982 0.9%4

Table 4: Oracle self-patching recovers downstream use across models, architectures, and
knowledge domains. “pat.” denotes head-entity self-patching at the most effective layer, averaged
over 1000 injected facts. Full 95% Wilson score confidence intervals are in Appendix[12]



5.3 Manually Trigger Generalization

We then quantify the oracle upper bound at convergence to see how much downstream use can be
activated by relocating representations. Since self-patch do not introduce new information but only
relocates existing representations, the substantial improvement in downstream use after patching indi-
cates that the generalization failure is not due to the absence of knowledge but rather a misalignment
between storage and computation. We systematically fine-tune on different architectures, scales, and
knowledge domains, and perform self-patching at convergence to measure the recoverable headroom.
Experiments are computed with 1,000 samples to avoid randomness, detailing in Appendix [B]

Tabled] shows that memorization saturates near-perfectly across models and domains, yet downstream
use without intervention remains low, especially for chaining. Oracle self-patching yields large and
consistent improvements along all architectures, model scales and knowledge domains. Chaining
accuracy lifts by 1.5-6x in every cell, and the smaller know-use gap in intersection is nearly
eliminated. The uniform improvement again points to a structural origin rather than an random
artifact, showing causal evidence for the knowledge—circuit misalignment hypothesis.
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Figure 5: Effective patch locations concentrate into two clusters.

Location of most effective patching. We further draw the spatial positions with most effective
patching in Figure[5] revealing a clear two-cluster pattern: one cluster of source layers in early layers
and another cluster in late layers, both patching into a middle cluster of target layers. While the later
one is intuitive (Ghandeharioun et al.| [2024]], Biran et al.|[2024] since moving latter representation
backwards inherently brings in enriched information, the other cluster is surprising: moving from
early layers into middle layers also triggers the generalization ability. This means that it is not that
the need information emerges too late — the model can even succeed skipping several layers. Instead,
the information is already stored in both early and late layers, but fail to align with the computation in
middle layers, which is the bottleneck for use. Moreover, relocating to late layers is useless as shown
in the empty space at right, which can be illustrated by the three-step theory in previous work that the
reasoning stream has moved to the last token in late layers|Geva et al.|[2023].

5.4 Ablations and Sanity Checks

We perform several ablations to rule out other potential explanations such as position, prompting and
perturbation artifacts.

Table 5: Token-position ablation. Mc-
Nemar’s test on patching at different po-
sitions against random baseline.

Token-position Ablations. We experimentally prove
that injected factual information is tightly tied to entity
mentions but not position-agonistic. Table [5]shows that

patching at the head-entity position yields the largest and  Position Mean  p-value Significance
most significant improvements, far exceeding random and ™~ Random 0.1359 _ _
<BOS>. The <EOS> position exhibits a secondary sig- ~_gog; 0.0485 L0000 s
nal, consistent with late positions aggregating information ~ <Eo0s> 04029  0.0000 ik
relevant for generation First Relation 0.1990  0.0235 *
: Second Relation  0.1990  0.0121 *
Entity 0.6408  0.0000 sk

Control experiment on prompting and perturbation.

Table [6] combines two complementary ablations on prompting and representation. CoT prompting
improves chaining but remains far below self-patching, and sometimes even degrades intersection



Chaining Intersection

Model w/o pat. CoT Irrelevant pat. Self pat. w/o pat. CoT Irrelevant pat. Self pat.
Qwen-2.5-1.5B  0.078 0.132 0.150 0.440 0.793 0.243 0.873 0.987
Qwen-2.5-3B 0.114 0.288 0.184 0.542 0.798 0.387 0.856 0.986
Qwen-2.5-7B 0.124 0.390 0.194 0.504 0.774 0.398 0.890 0.956

Table 6: Prompting and perturbation ablations. Direct/no patching and self-patching are shared
anchors; CoT tests prompt effects, and irrelevant patching controls for generic activation perturbations.

performance, and irrelevant patching that uses representation from unrelated fact still lags largely
behind patching correct fact’s representation.

Self Patching

Detect knowledge existence. To rule out the chance that
gains are driven by prompt artifacts or noises, we further
cross-context patch the E}..q representation from Pem
which contains knowledge representation to Prep. Figure@ [
shows strong correlation in the effective layer-pair patterns
from both contexts, supporting that self-patching transfers - ™
injected-knowledge representations similar to Ppen rather -+ 5
than some unknown noises. ;

0.08

°
°
8

°
R

Patching from Memorized Fact
g
S

°
°
8

- 0.00 0.02 0.04 0.06 0.08
(a2) Patching from Memorized Fact (®) Consistency Between (al) and (a2)

5.5 From Diagnosis to Practical Heuristic Figure 6: Cross-context consistency.

While oracle self-patching shows large headroom, it is a diagnostic tool rather than a practical method.
A natural question is whether the observation in Figure [5|can be exploited for a practical strategy.

Fixed heuristic. Based on the concentration of effective patches into two clusters (late—mid
and early—mid), we define a simple strategy using only two predetermined layer pairs per model
architecture: (i) source at ~0.8 L targeting ~0.5L, and (ii) source at ~0.1L targeting ~0.5L, where
L is the total number of layers. These pairs require no per-instance search.

Results. Table[7lshows that the fixed heuristic recovers 58-75% of oracle headroom across all models
and tasks, confirming that the knowing—using gap can be partially bridged with a practical strategy.
The remaining gap between the fixed and oracle results reflects instance-specific variation in where
knowledge is stored, motivating future work on adaptive alignment methods.

Model Mem. Chaining Intersection

No Pat. Fixed Oracle No Pat. Fixed Oracle
Qwen-2.5-1.5B 0.998 0.078 0.349 0.440 0.793 0.942 0.987
Qwen-2.5-3B 0.997 0.114 0.435 0.542 0.798 0.943 0.986
Qwen-2.5-7B 0.996 0.124 0.409 0.504 0.774 0914 0.956
LLaMA-3.2-1B 0.994 0.102 0.252 0.316 0.874 0.947 0.975
LLaMA-3.2-3B 0.993 0.126 0.321 0.404 0.815 0.926 0.969
LLaMA-3.1-8B 0.986 0.182 0.375 0.458 0.795 0.886 0.921
Average — 0.121 0.357 0.444 0.808 0.926 0.966

Table 7: Fixed heuristic vs. oracle self-patching. “Fixed” uses two predetermined layer pairs
(late—mid, early—mid) per model architecture, requiring no per-instance search.

6 Conclusion

We identified the Knowing—Using Gap: fine-tuned LLMs memorize injected facts yet fail to use
them in multi-hop reasoning. Using self-patching as a causal diagnostic, we trace this failure to
knowledge—circuit misalignment—knowledge is encoded in storage-oriented early or late layers
but does not permeate into the mid-layer circuits required for reasoning. The gap is thus a routing
problem, not a capacity one—knowledge resides in the model, just not where reasoning happens. It
is also partially reversible: a heuristic recovers 58—75% of oracle headroom, and the effect replicates
across models, scales, and domains. Together, these results recast fine-tuning’s generalization failure
as a tractable alignment problem, and point to alignment-aware training as a principled path forward.
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A Dataset details

A.1 Construction pipeline

We present an automated pipeline designed to sample facts from the knowledge graph and generate
QA pairs for the dataset. Two distinct methods are designed for the generation process: an LLM-
based approach to ensure linguistic diversity, and a template-based approach to maintain structural
consistency. The procedure comprises the following steps:
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1. Sample Valid Paths For each type of generalization task, we manually design a list of
valid meta paths to guide the sampling process and generate meaningful and reasonable
questions. A meta path defines a sequence of entity types and relation types that outline the
structure of the knowledge to be used for the task. For instance, a meta-path for chaining
task may be denoted as (anatomy — expression Present — gene/protein — target —
drug). Concrete paths (i.e., comprising specific entity sequences) matching the meta paths
are sampled from the knowledge graph accordingly, e.g., (female reproductive system —
expression present — SLC12A6 — target — potassium chloride).

2. Generate Memorization Tasks We randomly sample a path matching a meta path from the
first step, and decompose it into a list of fact triplets, the minimal units of knowledge in our
setting, as well as the material for finetuning LLMs. For each fact triplet, we prompt an Al
assistant or use a predefined template to generate the memorization task. Specifically, for
intersection tasks, some extra noise facts related to both head entities are added to the list
for task complexity.

3. Generate Generalization Tasks For the same sampled path, we use similar method to
generate the corresponding generalization task question with Al assistant or templates.

This pipeline is automated, efficient, and scalable, offering two alternative methods for QA pair
generation. The LLM-based method yields diverse and more natural QA pairs, while the template-
based method ensures consistency and controllability for downstream interpretability studies.

Table 8: Target prompt used in patchscope

meta path (key) in-context prompt (value)
(’disease’, ’associated cystic fibrosis->CFTR; sickle cell
with?’, ’gene/protein’) disease->HBB; Duchenne muscular
dystrophy->DMD; disease name->
(’effect/phenotype’, PTC bitter-tasting ability->TAS2R38;
associated with’, red-green color vision defect->0PN1LW;
’gene/protein’) lactase persistence (adult lactose
digestion)->LCT; phenotype name->
(’disease’, G6PD deficiency->primaquine;
>contraindication’, ’drug’) asthma->propranolol; Parkinson’s

disease->metoclopramide; disease name->

A.2 Requirements validation

We validate that our dataset meets all 4 requirements mentioned in Scalability is guaranteed
by the 8 million distinct fact triplets in STaRK-Prime KG, from which we directly generate dataset
samples from. For task diversity, we manually design 3 generalization tasks organizing support facts
in different ways, and generate them from 53 meta paths covering 10 entity types and 18 relation types.
And real-world knowledge in our dataset is grounded by the biomedical KG. For cross-domain
validation, we additionally construct an analogous dataset from STaRK-MAG (academic knowledge
graph) following the same pipeline with author—paper—field-of-study relations, generating 12,000
chaining and 4,390 intersection items.

To validate that our dataset contains minimal prior knowledge to the LLMs, we conducted an
experiment to evaluate the novelty of the facts. Specifically, we randomly sampled 1,000 facts and
their corresponding memorization tasks from the dataset and assessed the evaluate the zero-shot
accuracy of pre-trained LLMs on these tasks without any fine-tuning. As results shown in Table |2} on
both STARK-PRIME and STARK-MAG, all models score around or below 0.06, indicating that the
models have little prior knowledge of the dataset samples.
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B Experiment Setup Details

This section consolidates the experimental setup used by the phenomenon and mechanistic analyses
in the main paper. Unless otherwise stated, experiments are run on a fixed 1,000-sample split of
injected facts to reduce sampling noise; smaller counts only arise after task-specific filtering or when
a diagnostic scan is intentionally run on a smaller subset for computational cost.

Knowledge-injection tasks. The default domain is STARK-PRIME, with STARK-MAG used
for cross-domain replication. For the chaining experiments, each instance contains two support
facts ¥4 — r1 — Es and E5 — ro — Fs3. The model is fine-tuned on the corresponding
memorization queries and evaluated on the held-out compositional query Fy — r1 — ro —7, which
requires recovering the bridge entity before predicting the final answer. Intersection uses the same
memorization-then-use separation, but evaluates whether the model can identify the shared entity
from multiple support facts and noise facts. Before patching, we filter out instances already answered
correctly by the base model on either the memorization or generalization prompt, so the measured
gains cannot be attributed to pre-existing knowledge leakage.

Training setup for the Knowing—Using Gap. For the temporal-lag and accuracy-gap measurements
in Section[4.2] we fine-tune open-weight LLaMA and Qwen models on randomly sampled knowledge-
injection tasks and track memorization and downstream-use accuracy at each checkpoint. The LoRA
runs use AdamW with weight decay 0.01; the practical injection setting in the original setup uses
batch size 10, learning rate 10~%, and 50 epochs, long enough for direct memorization to saturate. The
full fine-tuning comparison uses the same task split and evaluation protocol as the LoORA comparison.
For model-scale and data-scale experiments, we keep the task construction fixed while varying either
the base model size or the number of injected facts, and report both the final accuracy gap A A and
the temporal lag AT

LoRA hyperparameters for the main multi-fact runs. The consolidated LoRA configuration
uses rank 7 = 16, oo = 32, dropout 0.05, and target modules {g, k, v, o, gate, up, down}p,.; across
all transformer blocks. We use AdamW with default 5; = 0.9, 8o = 0.999, ¢ = 108, weight
decay 0.01, no warmup, and greedy evaluation decoding. The reproduction scripts use learning rate
2%x1074, per-device batch size 1, gradient accumulation 8 (effective batch size 8), fp32 gradients, and
random seed 42. Main multi-fact runs use the fixed 1,000-fact split unless a table explicitly reports a
filtered evaluation count.

Permeation dynamics. For the training-dynamics heatmaps in Section [5.2] we save checkpoints
at every epoch and run layer-to-layer self-patching at the head-entity token positions Fjeaq. For
each checkpoint, we scan source and target layer pairs (ls., l¢g) and record whether replacing
the target residual-stream representation with the source representation improves the downstream
answer. This diagnostic scan is run on 100 randomly sampled chaining tasks over 30 epochs with
parameter-efficient tuning, which is sufficient to visualize when memorized representations become
causally usable.

Oracle and fixed self-patching. For the converged recoverable-headroom results in Section [5.3]
each instance is evaluated by scanning all layer pairs on the head-entity position in the generalization
prompt and reporting the best-performing pair as the oracle diagnostic upper bound. The fixed
heuristic in Section uses only two predetermined pairs per model, ([0.82L],[0.45L7) and

(LO.lOL] , [0.45L] ), where L is the number of transformer layers. No per-instance search is used by
the fixed heuristic. For STARK-MAG, we follow the same memorization, chaining, intersection,
filtering, fine-tuning, and self-patching protocol as STARK-PRIME; the patching evaluation uses
500 MAG chaining instances and 166 MAG intersection instances after filtering, as detailed in

Appendix [C]

Controls and statistical reporting. The token-position ablation uses the same converged checkpoints
but changes the patched position among random, <BOS>, <E0S>, relation tokens, and the entity token.
Prompting and perturbation controls compare direct generation, CoT prompting, irrelevant-fact
patching, and self-patching with the correct fact representation under the same exact-match scoring
rule. For all aggregate proportions, Appendix |F reports 95% Wilson confidence intervals; paired
memorization—use gaps are tested with McNemar’s test and an exact binomial test on discordant
pairs, and the temporal-lag definition is checked under a 7, w sensitivity grid.
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C Cross-Domain Replication Details (STaRK-MAG)

C.1 Domain comparison

Table [9] compares the two knowledge domains used in this work. STaRK-Prime covers biomedical
entities (diseases, genes, drugs) with rich relational structure, while STARK-MAG covers academic
publications (authors, papers, fields of study). The domains differ in entity naming conventions
(concise biomedical terms vs. verbose paper titles), relation types, and graph density, providing a
meaningful test of cross-domain generality.

Table 9: Comparison of the two knowledge domains.

STaRK-Prime STaRK-MAG
Source PrimeKG Microsoft Academic
Domain Biomedical Academic
Entity types Disease, Gene, Drug,  Author, Paper,
Anatomy, Phenotype  Field of Study
Relation types 18 5
Entity naming Concise terms Verbose titles
Chaining items 1,000 12,000
Intersection items 996 4,390

C.2 Training dynamics

Figure [/|shows epoch-by-epoch memorization and generation accuracy for the Qwen MAG training
runs. Chaining exhibits the starkest decoupling: memorization reaches >0.95 by epoch 15 while
generation remains near zero throughout—a pattern that holds across Qwen model scales and mirrors
the biomedical domain. Intersection shows memorization and generation rising in tandem, reaching
similarly high final values—consistent with the small gap observed in both domains.

MAG Training Dynamics: Memorization vs Generation
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Figure 7: MAG training dynamics across tasks and model scales. Each panel shows memorization
(red) and generation (blue) accuracy over 50 training epochs; the shaded region visualizes the
instantaneous KU gap. Chaining exhibits a large, persistent gap; intersection shows near-parallel
learning curves.
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D Scaling Results on Knowing-Using Gap

We test the knowing-using gap across different model scales and data scales, with results in Appendix.

Table 10: Temporal Lag (AT) across different

Figure 2] shows that increasing model size does tasks on Llama-3.2-8B. Values denote Epochs
not eliminate the temporal lag AT. Moreover, (Mean =+ Std).

increasing the number of injected facts tends -
to widen the final accuracy gap AA(T), even Task Tmem Tyen AT (Lag)
when direct recall remains strong, indicating that ~ Chaining ~ 7.23+£1.89  11.83+5.41  +4.60
scaling storage does not directly translate into _Inersection  6.04+1.32 7.16£696  +1.12
proportional gains in usable reasoning. Table[I0]

gives the corresponding LLaMA-3.2-8B lag estimates for chaining and intersection: chaining shows
a larger delay, while intersection remains much closer to memorization time.

E More results on knowledge-circuit misalignment.

We use PatchScope to interpret the hidden state s T e T T e T
in the memorization prompt. We use the in- 1 1
context prompt shown in Table [8] and test the 30
head-entity position. Results in Figure E] show 201 201 2
that for early-layer knowledge storage, the de- 10 2]
tectable place in LLaMA is lower than that 5

in Qwen across model scales, suggesting that 3 | | | | 04
LLaMA tends to store knowledge in early to 10 10 10

middle layers. | | I |w|_ I

|

0.8

20 0.6

0.2

We also report the controlled experiment for
self-patching for the LLaMA architecture same . . . , . .
size as used in main text, as shown in Table @ LLaMA-3.2-1B LLaMA-3.2-3B LLaMA-3.1-8B Qwen-2.5-1.5B Qwen-2.5-38 Qwen-2.5-7B

The control confirms that self-patching yields

the strongest recovery on both chaining and in-

tersection, while irrelevant patching remains Figure 8: Patchscope views of memorization-
below the knowledge-specific intervention. related layers at the head-entity position.

F Statistical Significance and
Confidence Intervals

We report 95% Wilson score confidence inter- ) .
vals for all main results. Wilson intervals are Table 11: Control patching experiments. for
preferred over normal approximation for propor- LLaMA-3.2-3b

tions near 0 or 1/Agresti and Coull|[199§]]. Mem- Chain. Intersec.
orization is evaluated on n = 1000 facts; chain- ;

ing and intersection on n = 500 and n = 1000~ No-Patching 0.126 0.815
respectively. The per-instance Knowing-Using ~ Irrelevant-Patching  0.207 0.915
Gap (Mem.—Chain.) is significant for all mod- Self-Patching 0.404 0.969

els under McNemar’s test on paired 0/1 out-
comes (p < 10759 for every model). The gap magnitude is fully described by the difference
of proportions Mem.—Chain., which is itself the McNemar effect-size statistic and is shown in
the right column. An exact binomial test on the discordant pairs gives the same conclusion as
McNemar. Spearman correlation between model size and gap magnitude is r = —0.90, p = 0.015.
For temporal-lag sensitivity, recomputing AT on Qwen-2.5-3B chaining over 7 € {0.9,0.95,1.0}
and w € {1, 2, 3} yields lag values within 1.0 epoch of the default (+ = 1.0, w = 2) report; the
qualitative pattern Tyse > Tinem holds in all 9 grid cells.
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Model Mem. Chain. Intersec.  Gap

Qwen-2.5-1.5B  0.99870:052  0.07875:925  0.793195%2 0.920
Qwen-2.5-3B  0.99775:802 0.11475:93% 0.79879-032 (.883

Qwen-2.5-7B  0.99670:09% 0.12475:03L 0.77470:93%  0.872

LLaMA-3.2-1B  0.99470:90¢ 0.1027095% 0.87470955 0.892

LLaMA-3.2-3B  0.99370:02%  0.12675:9%3  0.81519:931L  0.867

LLaMA-3.1-8B  0.98670 000 0.18270052 0.79570 052  0.804

Table 12: 95% Wilson score confidence intervals for Table (4]

G More cases on permeation dynamics

Fig[9|and fig.[I0]demonstrate more cases of the permeation dynamics of transitions from memorization
to generalization on LLaMA-3.1-8B and Qwen-2.5-7B respectively. The patterns are all coherence
with results in [5.2] where patch-effective regions covering diagonal indicates the emergence of direct
chaining ability.

H Limitations and Responsible Research Details

H.1 Limitations

Self-patching is deliberately constrained: we intervene at a fixed anchor position and move repre-
sentations across layers. Injected knowledge may also distribute across multiple positions or be
redundantly encoded, so our estimates may understate the full recoverable headroom.

Our oracle best-pair results should be interpreted as a diagnostic upper bound. While the fixed
heuristic in Section [5.5] demonstrates practical feasibility, developing fully adaptive non-oracle
alignment strategies remains an important direction.

Our mechanism is mainly diagnostic: we can identify and partially repair the misalignment post
hoc, but we do not yet offer an early-training signal that forecasts which facts will fail to generalize.
Developing such a predictive metric would enable proactive interventions during fine-tuning.

Finally, our mechanistic analysis operates at the token-layer level. Finer-grained localization to
specific attention heads or MLP sublayers could further refine the knowledge—circuit misalignment
hypothesis and inform more targeted interventions.

H.2 Reproducibility and Compute

Code, data, and reproduction instructions are included in the anonymous release at https://
anonymous . 4open. science/r/Mem2Gen-71FF, Appendix [B|reports the main data splits, filtering
protocol, hyperparameters, evaluation rules, and statistical tests used to reproduce the experimental
results.

Experiments were run on a server with NVIDIA A800 GPUs, each with 81,920 MiB of memory,
an Intel 128-core CPU, and 512 GB system memory. A typical primary experiment used 8 GPUs.
Depending on model scale and experiment type, the wall-clock time for a single run ranged from
about 5 hours to 1 day.
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Figure 9: More permeation dynamics cases on LLaMA-3.1-8B.

H.3 Assets, Licenses, and Released Artifacts

The study adapts the STARK benchmark [Wu et al.| [2024], specifically STARK-PRIME and STARK-
MAG:; the public STaRK repository is released under the MIT Licenseﬂ We use open-weight
Qwen2.5 models under their public licenses: Qwen2.5-1.5B and Qwen2.5-7B under Apache 2.0, and

1Ihttps ://github.com/snap- stanford/starkl
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Figure 10: More permeation dynamics cases on Qwen-2.5-7B.

Qwen2.5-3B under the Qwen Research/Tongyi Qianwen Research termsﬂ We use LLaMA-3.1 and
LLaMA-3.2 models under the Meta Llama Community License termsEl

We release the derived memorization-to-generalization QA data and accompanying code as new
artifacts under the MIT License in the anonymous repository. The released data are generated from
knowledge-graph facts and templates or Al-assisted wording; no consent-bearing human-subject data
are collected for this work.

H.4 Ethics, Broader Impacts, and Safeguards

The authors reviewed the NeurIPS Code of Ethics and believe the work conforms to it. The work
does not involve crowdsourcing, human-subject experiments, participant compensation, or IRB-style
review requirements.

*https://qwen2.org/qwen2-5/|

https://huggingface.co/meta-1lama/Llama-3.1- 405B/blob/main/LICENSE and https://huggingface!
|co/meta-1lama/Llama-3.2-3B/blob/main/LICENSE. txt|
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes].

Justification: The abstract and Introduction state the Knowing—Using Gap, self-patching
method, knowledge—circuit misalignment hypothesis, recovery claims, and dataset release.
Sections #.2H5.5]and Appendix [B]define the experimental scope across model families and
STaRK domains.

Guidelines:

e The answer [N/A| means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[IN/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes].

Justification: Appendix |H|discusses limitations of the self-patching diagnostic, the oracle
upper-bound interpretation, the KG-style domain scope, the lack of an early predictive
signal, and the layer-level granularity of the analysis.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A].

Justification: The paper defines metrics and intervention procedures but does not present
formal theoretical results, theorems, or proofs.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes].

Justification: The data construction, filtering, training, evaluation, patching protocol, and
statistical tests are described in Sections [3.TH5.5] and Appendices Code, data, and
reproduction instructions are included in the anonymous release.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes].

Justification: The abstract and Appendix [H|provide the anonymous repository URL, which
contains the code, data, and reproduction instructions for the main experiments.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes].

Justification: Section describes task construction and evaluation separation, while
Appendix [B] specifies the splits, filtering, optimizer, LoORA configuration, learning rates,
batch sizes, seed, checkpointing, and patching evaluation protocol.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes].

Justification: Appendix [F]reports 95% Wilson score confidence intervals, McNemar’s tests,
exact binomial tests on discordant pairs, a Spearman correlation analysis, and temporal-lag
sensitivity checks.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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8.

10.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes].

Justification: Appendix [H| reports the NVIDIA A800 GPU hardware, 81,920 MiB GPU
memory, Intel 128-core CPU, 512 GB system memory, 8-GPU primary run configuration,
and 5-hour to 1-day single-run wall-clock range.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes].

Justification: Appendix [H|states that the authors reviewed the NeurIPS Code of Ethics and

that the work does not involve crowdsourcing, human-subject experiments, or participant
compensation.

Guidelines:

e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.

* If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes].

Justification: Appendix [H|discusses positive impacts for diagnosing and mitigating LLM
knowledge-injection failures, and negative impacts from potentially improving adaptation to
incorrect, unsafe, or harmful facts.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A].

Justification: The work releases code and KG-derived QA data, but does not release trained
model weights, pretrained language models, image generators, or scraped image datasets.
Appendix [H| notes that external model use remains governed by the corresponding model
provider’s license and acceptable-use terms.

Guidelines:

e The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes].

Justification: The paper cites STaRK [Wu et al.| [2024]], and Appendix [H]identifies the public
licenses or terms for STaRK, Qwen2.5, and LLaMA assets.

24



13.

14.

15.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes].

Justification: The paper introduces and releases a memorization-to-generalization QA dataset
and accompanying code. Section[3.1] Appendix [B] and Appendix [H]document construction,
filtering, use, licensing, and release details.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A].

Justification: The work does not involve crowdsourcing or research with human subjects.
The released QA data are generated from knowledge-graph facts with templates or Al-
assisted wording, as described in Appendix [H]

Guidelines:
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

¢ Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A].

Justification: The work does not involve crowdsourcing, research participants, human-
subject data collection, or IRB-style review requirements, as stated in Appendix [H]

Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A].
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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