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Abstract

Cross-Chart Retrieval-Augmented Generation (RAG) is
critical for complex multimodal analysis in various do-
mains. However, existing benchmarks either focus on
well-structured tables or generate cross-chart queries via
key-point extraction, leading to lexical overlap and logi-
cally weak reasoning. To address this, we propose Chart-
Walker, a novel framework for constructing challenging
cross-chart RAG tasks. Specifically, ChartWalker constructs
hierarchical knowledge graphs tailored to charts to preserve
analytical structure. Furthermore, we employ a structure-
aware sampling algorithm to synthesize semantically coher-
ent multi-hop reasoning paths with controllable difficulty
and granularity. Based on this framework, we introduce
ChartWalker-Bench, a comprehensive benchmark span-
ning multiple cross-chart query types. Extensive evaluations
across representative RAG paradigms reveal significant per-
formance gaps. We further release ChartWalker-Agent, an
agentic baseline to support analysis and future system devel-
opment. Code is available at https://github.com/
downing777/ChartWalker_Pub.git.

1. Inroduction
Charts are a primary medium for visualizing quantitative
statistics in science, business, journalism, and policy (Das
& Soylu, 2023; Norasaed & Siriborvornratanakul, 2024;
Kastellec & Leoni, 2007). Unlike natural images or ta-
bles, they are information-dense and weakly structured. An-
swering questions by synthesizing evidence across multiple
charts is a common requirement in real-world analysis. For
instance, an analyst may need to relate a country’s GDP
growth trend in one chart to its inflation or unemployment
trajectory in another, in order to characterize macroeco-
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Figure 1. Compared to (a) concatenating isolated key statistics and
prompting a VLM to synthesize cross-chart questions, our hier-
archical KG (b) explicitly represents entities with their structural
relations. Conditioning question generation on these structural
paths makes entity dependencies clear and reduces the hallucina-
tion of incompatible subjects.

nomic cycles.

Recent advances in fundamental Vision Language Models
(VLMs) and Multi-modal Language Models (MLMs) (Bai
et al., 2025a; OpenAI, 2024) have substantially strength-
ened their capabilities in visual perception and reasoning.
When fine-tuned on cross-chart QA questions (Masry et al.,
2025), such models exhibit strong performance in complex
numerical and multi-chart analytical tasks. However, fine-
tuning alone cannot realistically endow a model with access
to all chart-specific knowledge, nor does it generalize well
to open-domain or long-tail chart collections encountered
in real-world settings. Consequently, many practical ap-
plications adopt a Chart Retrieval-Augmented Generation
(Chart RAG) paradigm (Yang et al., 2025), where charts
are commonly retrieved as external knowledge sources to
support analysis. Such scenarios are especially common in
domains such as scientific surveys, market research, jour-
nalism forecasts, and political analysis (Kim et al., 2020;
Kastellec & Leoni, 2007).

While the Cross-Chart RAG Task is of substantial practi-
cal importance, there is a lack of a good benchmark that
fully captures the multimodal nature of charts and character-
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izes the underlying reasoning structure required by realistic
queries. We identify two major limitations in existing bench-
marks. First, most prior work focuses on tables rather than
charts (Zou et al., 2025; Yu et al., 2025). In these settings,
the underlying data is already explicitly structured, with
clear entity boundaries and relations, enabling questions to
be constructed and answered through symbolic or textual
reasoning alone. Moreover, as illustrated in Figure 1, recent
chart RAG benchmarks (Yang et al., 2025) simply linking
semantically similar key points can yield brittle reasoning
chains, where implicit referents drift across hops and may
lead to subject-mismatch and logically invalid computations
(e.g., a follow-up clause refers to a subset while evidence is
drawn from the full population).

To address these deficiencies, we aim to introduce a logically
grounded and complex cross-chart RAG benchmark for eval-
uating multimodal RAG pipelines. Knowledge graph (KG)
provides an intuitive approach to generate such multi-hop
QAs: it extracts the implicit entity–relation structure embed-
ded in charts and preserves explicit reasoning paths, which
can be directly used to annotate questions with grounded
reasoning chains.(Lu et al., 2025; Yang et al., 2018). How-
ever, existing KG-based QA generation pipelines often rely
on random walks or naive PageRank to synthesize long-
hop reasoning paths. The path sampling is largely blind
to query design, offering limited control over the entity-
level constraints that determine granularity and complexity.
Moreover, such paths are frequently semantically incoher-
ent: successive hops may be globally unrelated, causing
meaningless analysis and sample waste.

To bridge these gaps, we present ChartWalker, a novel chart-
centric framework designed to construct challenging cross-
chart RAG tasks. Our framework introduces two tightly
coupled innovations. First, we propose a hierarchical KG
construction method tailored to chart data, which extracts
chart entities and relations into explicit layers according to
their information granularity. This design enables compre-
hensive semantic coverage while preserving the inherent
structure of dense chart information. Second, building on
this hierarchy, we introduce a structure-aware sampling
algorithm for cross-chart reasoning path synthesis. Our
sampler enforces semantic continuity along paths, ensuring
that successive hops remain logically coherent and analyt-
ically meaningful. The resulting reasoning paths serve as
supervision signals for generating multi-hop QA pairs.

Beyond this methodology, we further release a high-quality
cross-chart RAG benchmark, ChartWalker-Bench, com-
prising 564 multi-hop QA instances across 4 query types.
Comprehensive experiments are conducted across major
RAG paradigms with different VLM generators. Experi-
ments show that the best-performing model achieves only a
64% correctness rate in answering the cross-chart problems.

Table 1. Comparison between existing cross-chart benchmarks.
Benchmarks Objective Open

Domain
Structrual

Info.
Complex
Reason

HeteQA(Yu et al., 2025) Table ✓ ✓ ✓

Open-WikiTable(Kweon et al., 2023) Table ✓ ✗ ✓

MTabVQA(Singh et al., 2025a) Table ✗ ✓ ✗

MultiTableQA(Zou et al., 2025) Table ✓ ✗ ✓

ChartQA-Pro(Masry et al., 2025) Chart ✗ ✗ ✗

Chart-MRAG(Yang et al., 2025) Chart ✓ ✗ ✓

ChartWalker(Ours) Chart ✓ ✓ ✓

More critically, on complex reasoning queries, accuracy
drops sharply, falling below 30% for the majority of cases,
highlighting its potential for advancing the multimodal RAG
system’s capability in multi-step quantitative retrieval and
reasoning. In addition, we provide ChartWalker-Agent, a
VLM-based search agent baseline that facilitates the analy-
sis of experience reuse and informs future ChartRAG system
design. Our main contributions are summarized as follows:

• We introduce ChartWalker, a chart-centric framework that
explicitly exposes the multi-granular structure of charts
by organizing extracted entities and relations into a hier-
archical knowledge graph, and synthesizes semantically
coherent reasoning paths via structure-aware sampling.

• We release ChartWalker-Bench, a curated cross-chart
RAG benchmark, with annotations grounded on explicit
reasoning chains. Extensive experiments on mainstream
RAG baselines show ChartWalker-Bench’s difficulty in
both retrieval and generation stages.

• We further present CharWalker-Agent, a VLM-based
search agent for solving the multi-hop reasoning prob-
lem, offering insights and experimental analysis for future
agent design.

2. Related Work
Chart RAG Benchmark. A chart is a general form of vi-
sual representation that combines data with graphical marks
to convey information. Tables, graphs, and diagrams can all
be viewed as instances of charts. Early work focused on QA
over tables, typically assuming a given table context and
relatively simple operations(Pasupat & Liang, 2015; Zhong
et al., 2017). Research on complex reasoning over charts (Li
et al., 2024) emerge with the advance in VLM’s capability,
where models are required to reason directly over graphical
features(Masry et al., 2025) rather than relying on explicit
textual or symbolic table schema (Xie et al., 2025; Singh
et al., 2025a). Moving beyond the close domain understand-
ing tasks, (Herzig et al., 2021) propose the first research of
table RAG problem, where relevant tables must be retrieved
from large corpora before reasoning. Building upon this
line of work, subsequent studies extended table RAG to
more complex cross-table settings (Kweon et al., 2023; Zou
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Figure 2. Illustration of the ChartWalker framework. Given a large chart corpus, a VLM first extracts entities and relations from each
chart to build per-chart hierarchical knowledge graphs, where entities are organized by granularity levels. Then, identical entities are
merged layer-wise to form a global hierarchical KG over the entire corpus. On top of this hierarchy, we perform structure-aware path
sampling to construct multi-hop reasoning paths that traverse entities across levels and sources. Finally, we generate cross-chart QA pairs
by conditioning on the original chart images and the sampled reasoning paths.

et al., 2025). The most related work is ChartMRAG (Yang
et al., 2025), which is among the first to benchmark the
cross-chart RAG tasks. However, its reliance on semantic
similarity yields incoherent reasoning paths, limiting the
reliability as an evaluation of cross-chart reasoning. Table 1
illustrates the main differences between existing Chart RAG
Benchmarks and ChartWalker-Bench.

Multi-hop Question Generation (MHQG). MHQG aims
to synthesize questions that require multi-step reasoning
across multiple contexts (Mavi et al., 2024). Early meth-
ods largely relied on explicit structured representations to
scaffold reasoning. (Kumar et al., 2019) formulate difficulty-
controllable generation by sampling paths on knowledge
graphs, where hop count is used as a proxy for reasoning
difficulty. (Liu et al., 2023) applies graph convolution to
capture global dependencies, enabling evidence aggrega-
tion without requiring explicit sentence-level labels. Re-
cent studies target both diversity and logical tightness in
multi-hop synthesis (Cheng et al., 2024). KCS (Wang et al.,
2025) introduces Knowledge Composition Sampling, which
stochastically samples different knowledge combinations
from the same context to diversify generated questions while
maintaining relevance. In parallel, RT-RAG (Shi et al., 2026)
explicitly decomposes complex questions into hierarchical
reasoning trees to mitigate error propagation across steps.
Despite advances, existing MHQG methods still face a se-
vere scalability challenge, especially in multimodal settings:
as hop length increases, these methods suffer from informa-
tion loss and semantic drift. Consequently, the generated
questions often lack meaningful cross-modal grounding and
fail to reflect valid multi-hop reasoning.

3. ChartWalker Benchmark
In this section, we introduce ChartWalker-Bench, a bench-
mark for chart RAG that provides query–answer pairs with
diverse query granularities, along with logically coherent
and verifiable rationales that support systematic evaluation.
We first formalize the chart retrieval-augmented generation
task in §3.1. We then describe our benchmark construc-
tion methodology, including: (1) constructing a knowledge
graph that explicitly links entities within and across charts
(§3.2); and (2) performing path sampling on this graph to
obtain coherent multi-hop paths, which are then used to
synthesize QA instances with grounded reasoning structures
(§3.3). We provide an illustration in Figure 2. Finally, we
detail how we instantiate this pipeline to construct Chart-
Walker from real-world data in §3.4, including the data
sources, processing steps, and resulting dataset statistics.

3.1. Problem Formulation

In this work, we focus on the RAG task in the context of
charts in their general form, i.e., as images or text-based for-
mats, rather than traditional tables in text form only (Kweon
et al., 2023; Yu et al., 2025). Charts are more ubiquitous
in real-world documents and convey information through
richer and more flexible visual encodings (e.g., marks, col-
ors, shapes, spatial layouts), making chart RAG both more
practical and more challenging to reason over.

Cross-Chart RAG Task Let C = {cj}N
j=1 be a corpus of

charts, and let q be a natural-language query. A ChartRAG
system is composed of a retriever fr and a generator fg (e.g.
a pre-trained VLM). The retriever ranks all charts in C by
relevance to q and returns the top-k charts Ck = fr(q; C).

3



Conditioned on the query and the retrieved set, the generator
produces an answer ŷ = fg

(
q, Ck

)
. The objective of the

cross-chart ChartRAG is to maximize answer correctness.

Existing evaluations (Yang et al., 2025) on cross-chart RAG
can suffer from limitations, as the generated QAs may ex-
hibit subject-mismatch and logically invalid reasoning. To
address this problem, we leverage a knowledge graph to
make information links explicit across charts and ultimately
generate queries of varying granularity with logically co-
herent rationales. Specifically, to enable controllable granu-
larity in query generation, we first construct a hierarchical
knowledge graph over the entire chart corpus, where entities
are organized by their information granularity. To ensure
that each query is associated with a logically coherent ratio-
nale for the answer, we perform constrained path sampling
for the final QA generation. Details are presented below.

3.2. Hierarchical Chart Knowledge Graph

Inspired by (Pasupat & Liang, 2015; Zhang et al., 2020),
we seek to represent the chart corpus as a knowledge graph,
which provides a uniform substrate for connecting entities
across heterogeneous charts and makes multi-hop reasoning
explicit. The KG nodes correspond to chart entities (e.g.,
titles, legends, and individual units), and the edges encode
semantic relations. In practice, as charts convey information
at different granularities, user queries can naturally span
multiple information scales, such as global context from
titles or captions, series- or category-level patterns, and
individual unit values; thus, an effective benchmark must
account for how RAG methods retrieve evidence across
different granularities. However, in a naive KG, entities
extracted at different information scales are not explicitly
distinguished or organized by granularity (Han et al., 2025).
As a result, multi-hop sampling can drift across levels, mak-
ing the semantic granularity of the resulting QA data diffi-
cult to control. To address this issue, we organize entities
into a hierarchical KG that preserves the chart’s inherent
information scale. Specifically, we first construct a hierar-
chical local KG for each chart, and then obtain a unified
KG through global integration. This design enables the
subsequent generation of multi-hop reasoning paths with
controllable information granularity.

Chart Graph Construction. Given a chart c, we first
prompt a VLM-based extractor to identify structured entities
in the chart and annotate each entity with a granularity level.
Formally, the extractor returns the entity set as

Vc = VLM(c, Promptent), (1)

where Promptent denotes the prompt for entity extraction.
For v ∈ Vc, a corresponding granularity level is given as

lv = VLM(v, Promptlvl), (2)

where lv ∈ {0, 1, . . . , L}. Smaller l corresponds to coarser,
more globally informative entities (e.g., title entities), and
larger l corresponds to finer-grained units (e.g., datapoints).

Subsequently, we instantiate edges between extracted enti-
ties to capture the relationships between chart components.
Intuitively, entities at the same level can exhibit associative
relations, while entities at different levels can reflect seman-
tic progression. For example, titles and captions define the
topic, axes and legends specify comparison dimensions, and
marks and datapoints realize these dimensions with concrete
values. We therefore connect two entities with an intra-level
edge if they exhibit an associative relation, or with an inter-
level edge if they reflect semantic progression. Because
the same pair of entities can be linked multiple times, the
resulting graph is essentially a multigraph and each edge is
represented as a relation triple (v, r, u) ∈ Ec. Together with
the extracted entities, we obtain the resulting hierarchical
chart KG Gc = (Vc, Ec).

Global Integration. The global KG G = (V, E) is the
union of all chart subgraphs:

V =
⋃
c∈C

Vc, E =
⋃
c∈C

Ec. (3)

The same entity may be mentioned across different charts,
and to avoid duplicate entities, we merge identical entities
at each level and rewrite edges accordingly. Note that the
level does not correspond to a semantic or linguistic hier-
archy (e.g., abstract concepts vs. concrete instantiations).
Instead, it reflects how informative the entity is to its source
chart. Therefore, identical entities can legitimately occur in
different layers, and we do not reconcile them across levels.

3.3. Path Sampling and QA Synthesis

As we construct the knowledge graph, the next challenge
lies in how to sample paths and use them as supervision sig-
nals for QA generation. A central consideration is to ensure
that the generated QAs cover diverse information-query
granularities and are accompanied by logically coherent
rationales. However, existing sampling techniques, such
as unconstrained random walks (Lu et al., 2025) or naive
multi-hop expansion (Guo et al., 2025), may quickly drift
to weakly related entities, producing paths that are difficult
to convert into coherent, answerable questions, and they
also lack a mechanism for granularity-controlled sampling.
To address this, we impose constraints during sampling
to control both the granularity of evidence through level
transitions and the semantic coherence around an anchor
topic. Specifically, before sampling begins, we first select
an anchor entity as the starting point of the path, consid-
ering its importance within the knowledge graph. During
the sampling process, we apply constraints to the next-hop
sampling policy, which are derived from both semantic topic
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coherence and information-level considerations. Finally, the
sampled paths are converted into grounded QA records with
explicit citations.

Anchor Selection. We begin by selecting a globally
salient and well-connected anchor entity from the KG. A
natural approach is to score entities using PageRank (Brin &
Page, 1998), which favors central entities with high connec-
tivity. However, in the chart KG, an entity may have a high
degree because it is repeatedly connected within a single,
information-dense chart. For example, the entity “Nation”
may link to many country-name entities in a comparison
chart, but these connections lack source diversity, making
such entities less useful for cross-chart reasoning.

In this sense, we compute the modified PageRank score
of entity nodes using a weighted transition probability that
jointly considers their connectivity and source diversity. For-
mally, we define the transition matrix M = [Mu,v] as

Mu,v = Nedge(v, u) · Nsrc(u)∑
u′∈N (v) Nedge(v, u′) · Nsrc(u′) , (4)

where N (v) denotes neighbors of v, Nedge(v, u) is the num-
ber of edges between v and u, measuring connectivity, and
Nsrc(u) is the number of distinct source charts among all
edges related to u, representing source diversity. Qualita-
tively, higher source diversity encourages a stronger transi-
tion probability.

The final PageRank score is defined as the stationary distri-
bution π of this transition matrix, which satisfies π = πM .
During path sampling, the starting entity v1 is then chosen
following the distribution v1 ∼ π.

Path Sampling. Since the starting anchor only provides a
structural foundation for generating the reasoning path, the
quality of the resulting QA depends significantly on how
we expand from the anchor to collect supporting evidence.
To limit semantic drift and proactively control the query’s
granularity, we define the next-hop sampling policy w.r.t
semantic topic coherence and the level of the entities being
reached. Denote a sampled path of T hops as:

PT = {(vt, rt, ut) | vt+1 = ut, (vt, rt, ut) ∈ E}T
t=1. (5)

In this process, the next hop policy follows:

p(vt+1, rt+1, ut+1 | Pt) ∝ π(vt+1) · ϕsem · ϕgran. (6)

Here ϕsem is the cosine similarity between (vt+1, r+1, ut+1)
and current path Pt, capturing semantic topic coherence.
ϕgran is a dynamically adjusted scalar function that varies
across different sampling processes. It controls the granular-
ity of transitions, assigning different values for same-level
and cross-level moves. For example, it can favor upward-
level transitions (i.e. lut+1 > lut ) by assigning larger val-
ues, biasing the policy towards higher-level entities, and

increasing the query’s granularity. Alternatively, the oppo-
site strategy can favor staying at a shallower level to generate
coarser-grained queries. The sampling process terminates
when either the maximum hop budget T is reached or the
current entity has no outgoing edges.

QA Generation. In practice, to generate a high-quality
QA instance, we sample multiple paths rooted at the same
starting entity, as this provides more avenues to extract infor-
mation from different perspectives. All the sampled paths
are packed in a unified prompt skeleton (prompt variants
across query types are listed in Appendix A.3). A VLM
is instructed to formulate questions based on this specific
information w.r.t different query types (see §3.4 for detailed
query types), and output a complete QA record containing
the question, answer, explanation, and explicit evidence
usage. We also set constraints where questions must be
decontextualized, meaning they are fully self-contained and
do not rely on implicit references (e.g., pronouns such as
“this” or “that”). Additionally, queries exhibiting excessive
lexical overlap with the original chart text are paraphrased
to reduce direct lexical copying. Formally, we have:

QA = VLM
(
{Pi}k

i=1, Promptgen
)

, (7)

where {Pi}k
i=1 denotes the sampled k paths and Promptgen

denotes the prompt skeleton for QA generation. This is
followed by post-verification to ensure answer correctness
against the evidence, with resampling if verification fails.

3.4. Benchmark Construction

Utilizing the proposed construction pipeline, we next intro-
duce how ChartWalker is built upon real-world data. The
original chart corpus is collected from ChartMRAG (Yang
et al., 2025) and ChartQA-pro (Masry et al., 2025). Based
on this, we further curate the corpus by using a VLM to fil-
ter these source charts according to visual clarity, semantic
richness, and by merging them based on rule-based dupli-
cate detection. This process yielded a corpus of 806 charts,
encompassing a wide variety of chart styles and in-chart
information. Subsequently, we construct a subgraph per
chart and merge into a global hierarchical chart KG of 4
layers with 8802 entities and 21436 relations. Based on the
constructed KG, we perform path sampling with 4 paths
per question and up to 4 hops per path, enforcing at least 2
unique chart sources and a maximum of 5 sources per QA
pair, yielding 737 generated raw QAs.

Query types. Following the prior work (Li et al., 2024;
Singh et al., 2025a; Zou et al., 2025), ChartWalker groups
the generated queries into 4 types based on common scenar-
ios: (i) Fact Check, (ii) Manipulation (sum/average/rank/-
compare), (iii) Analysis and (iv) Complex Reasoning.
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Table 2. Question statistics by category: Src = average sources;
Path = average paths used for query construction; Hop = average
reasoning hops; Diff = average subjective difficulty score; Pass =
quality control pass rate.

Category Num Src Path Hop Diff Pass

FactCheck 72 2.03 2.44 4.04 2.00 0.92
Manipulation 141 2.09 2.79 4.56 2.07 0.84
Analysis 242 2.13 2.58 4.36 2.30 0.83
Reasoning 109 3.12 3.60 5.14 3.00 0.55

Overall 564 2.30 2.81 4.52 2.34 0.77

Post-verification. We apply an automatic quality control
step to filter generated QA pairs before constructing the
benchmark. The verifier is given the question, the proposed
ground-truth answer, and the associated evidence. It outputs
strict labels for “supported” and “meaningful” (each in {yes,
no, uncertain}). We keep an instance only if both labels
are “yes”. The resulting overall pass rate is 0.77. The final
filtered result contains 564 QA pairs, which constitute the
final ChartWalker. We report key statistics in Table 2.

Reasoning Complexity Our benchmark exhibits substan-
tial reasoning complexity. On average, each question draws
on 2.30 evidence sources and spans 2.81 reasoning branches
among the sampled paths. Notably, the Complex Reasoning
subset is the most information-intensive, with the highest
source charts usage (3.12) and reasoning hops (5.14), cre-
ating a challenging setting that stresses a RAG pipeline’s
ability to retrieve the right charts under distraction and then
integrate multiple pieces of evidence into a coherent an-
swer. To further characterize difficulty, we ask the VLM
to provide a subjective difficulty score in {1, 2, 3} for each
question. This score is consistent with the statistics above,
with Complex Reasoning showing the greatest difficulty.

4. ChartWalker Agent
A key challenge in cross-chart reasoning lies beyond chart
perception, stemming from the heterogeneous reasoning
requirements across query types. Different queries demand
evidence to be retrieved at varying levels of granularity and
composed through distinct reasoning processes, which lim-
its the effectiveness of static retrieval pipelines. As demon-
strated in our experiments (Table 3), existing static retrieval-
based approaches exhibit notable performance degradation
on complex multi-hop reasoning queries. Even with up to
10 retrieved source charts, the strongest model attains only
51% answer accuracy. In most settings, performance re-
mains below 30%. These results suggest that a single static
RAG pipeline is insufficient to support long-horizon rea-
soning and multi-granularity evidence aggregation across
diverse cross-chart queries.

Recent advances in agentic retrieval-augmented generation

have shown that treating retrieval as a sequential decision-
making process can substantially improve long-horizon rea-
soning (Singh et al., 2025b). By allowing models to itera-
tively observe the source corpus, maintain searching mem-
ory, and adapt a dynamic retrieval strategy, agent-based
approaches offer a promising mechanism for handling the
complex tasks. Motivated by these developments (Geng
et al., 2025; Lu et al., 2025), we design the ChartWalker
Agent, which serves as a baseline for better benchmark-
ing cross-chart long-horizon reasoning. The ChartWalker
agent is a VLM-based search agent that navigates a chart
knowledge graph to iteratively acquire evidence and per-
form step-wise reasoning, functioning as a diagnostic and
analytical tool for studying cross-chart RAG behaviors and
informing future research.

Environment and Action Space. The ChartWalker agent
operates on a KG constructed from chart entities and their
relations. To prevent potential information leakage from
reusing the hierarchical KG built during benchmark con-
struction, we follow (Guo et al., 2025) to rebuild a standard
KG. In this process, we generate a summary for each chart
and treat the summaries as textual passages for KG con-
struction. Accordingly, the agent aims to iteratively acquire
evidence by exploring the KG, retrieving relevant chart en-
tities and source chart information, and terminating once
sufficient evidence has been collected. To avoid context
overflow and unstable credit assignment caused by con-
catenating long interaction trajectories, we formulate the
problem as a partially observable Markov decision process
(POMDP) and compress the agent’s memory into the envi-
ronment observation. Specifically, the observation provided
to the agent summarizes the current search state, including
the current entity, its neighboring entities, and relations in
the KG, as well as a simplified record of past search his-
tory with retrieved source charts. At each turn, the agent
decides to act from {move, edge_search, backward, stop}.
See more environment and action design at Appendix A.4.

Training Objective and Optimization. During explo-
ration, the agent observes the current KG context along
with retrieved evidence, takes an action to further explore
the KG, and receives a scalar reward from the environment
at each turn. The training objective is to maximize the
expected discounted return (Schulman et al., 2017). In
our setting, the agent follows a policy parameterized by
a VLM, which autoregressively outputs a token sequence
as the action. Following (Wang* et al., 2025), we adopt
non-concatenated PPO rollouts and a turn-level advantage
assignment scheme. Specifically, we estimate the advantage
function using temporal-difference learning and assign the
resulting turn-level advantage uniformly to all action to-
kens within each turn. Implementation details are deferred
to Appendix A.4. We evaluate the performance of the
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Table 3. Retrieval Recall of different RAG baselines on ChartWalker Bench. The optimal performance is in bold, and the second-best
performance is underlined.

Category Methods Overall Fact Check Manipulation Analysis Complex Reasoning

R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10

Plain RAG
BM25 37.55 49.80 37.50 57.64 53.13 66.31 38.22 51.24 15.93 20.06
Text-EmBed 44.59 59.41 36.81 51.85 45.45 58.75 44.56 58.82 48.69 66.61
VL-Embed 53.90 71.87 49.07 73.15 61.82 79.91 52.00 70.52 51.09 63.64

Graph-based RAG
RA-Local 40.19 50.51 37.27 48.38 47.46 58.75 44.28 52.69 23.61 36.44
RA-Mix 42.38 54.19 33.10 45.60 42.97 54.26 45.11 54.13 41.68 59.89
HippoRAG 53.25 71.78 53.24 71.76 60.75 76.00 50.28 70.80 50.15 68.52

ChartWalker agent and present analyses and insights on the
cross-chart RAG task in §5.3.

5. Experiments
We evaluate (i) the retrieval quality of different RAG
pipelines and (ii) the effectiveness of VLM generators in
leveraging retrieved sources for correct answering.

5.1. Experimental Setup

Baselines. We compare against five representative retriev-
ers, grouped into two families: plain RAG (by similarity)
and graph-based RAG. Plain RAG involves BM25 (Robert-
son & Walker, 1994), Dense textual embedding (Zhang et al.,
2025) and Vision-Language embedding (Li et al., 2026);
while graph-based RAG involves RagAnything (local/mix)
(Guo et al., 2025) and HippoRAG (Gutiérrez et al., 2025).

For VLM generators, we test three VLMs with different
scales and openness: Qwen3-VL-8B, Qwen3-VL-32B (Bai
et al., 2025a), and GPT-4o(OpenAI, 2024). Unless other-
wise stated, we keep the prompting format fixed across the
models to isolate the effect of model capability.

Evaluation Metrics To assess retrieval quality, we report
Recall@k (R@k), which measures the fraction of annotated
gold evidence sources that appear in the top-k retrieved list.
To evaluate end-to-end success, we report Correctness@k
(Cor@k), defined as the proportion of queries that the VLM
generators answer correctly when conditioned on the top-k
retrieved sources. Correctness is evaluated using an LLM-
as-a-judge paradigm (Zheng et al., 2023). Unless otherwise
specified, we report results at k = 5 and 10, and all metrics
are reported as percentages (%).

Implementation Details. For the text-based RAG frame-
work, we use Qwen3-VL-8B-Instruct (Bai et al., 2025a) to
extract structured summaries and entities from each chart
to build the multimodal database and knowledge graph.
Dense embeddings are generated by Qwen3-Embedding-
8B (Zhang et al., 2025) and Qwen3-VL-Embedding-8B (Li
et al., 2026). All generator models use a fixed zero-shot
prompt template and greedy decoding (temperature=0.0)

for deterministic outputs. For agent training and correct-
ness comparison 7, we use Qwen2.5-VL-3B-Instruct (Bai
et al., 2025b) as the base policy model and VLM genera-
tor. A more detailed description and parameter settings of
baselines can be found in Appendix A.2.

All experiments are conducted on a machine with Ubuntu
22.04 system, equipped with AMD EPYC 7742 64-Core
Processor and 8× NVIDIA A100 GPUs (40GB memory).
VL-Embedding is implemented in PyTorch version 2.8.0
with CUDA version 12.8 and Python 3.13.11, and others
are all implemented in PyTorch version 2.9.1 with CUDA
version 12.8 and Python 3.10.19.

5.2. Retrieval Performance

Table 3 reveals that retrieval remains far from saturated
(best R@10 ≈ 72), confirming that ChartWalker-Bench is
non-trivial under a limited top-k budget.

Enhanced multimodal representations outweigh com-
plex retrieval heuristics. The table shows that the VL-
Embedding retriever achieves the strongest average recall
among all methods (53.90/71.87), and ranks first across
most categories. This suggests that directly aligning query
text with chart visuals in a shared embedding space substan-
tially strengthens relevance matching.

Graph-aware retrieval provides clear benefits. Hip-
poRAG consistently outperforms the text-only retriever by a
large margin (Overall: +8.66 R@5 and +12.37 R@10), with
especially pronounced gains on Fact Check and Manipula-
tion, indicating that propagation over the knowledge graph
effectively aggregates multi-hop evidence and recovers miss-
ing supporting sources that a single-pass embedding search
tends to miss. Moreover, HippoRAG is particularly com-
petitive on the more adversarial regimes: it attains the best
R@10 on Analysis and Complex Reasoning, aligning with
the intuition that graph-based relevance diffusion is helpful
when queries are de-lexicalized and evidence is scattered
across multiple charts.
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Table 4. Entity extraction quality judged against chart images (VLM JUDGE = gpt-5.4). Metrics are averaged over extracted entities.
Nent: total extracted entities evaluated per dataset.

Dataset P R Halluc. Lvl. Nent Parse err.

ChartQA 0.587 0.606 0.185 0.655 2,709 0
ChartMRAG 0.501 0.427 0.094 0.613 1,730 1

Notes. Halluc. = micro hallucination rate; Lvl. = micro level (granularity) accuracy. Macro chart-mean: ChartQA (P =0.633, R=0.593,
Halluc.=0.109, Lvl.=0.649); ChartMRAG (P =0.495, R=0.425, Halluc.=0.089, Lvl.=0.602). ChartQA entity vs. relation runs use

different 100-chart samples (see text).

Table 5. Relation triple quality (same judge). Micro metrics over evaluated triples; at most 40 relations sampled per chart. Nrel: total
relation judgements.

Dataset P R Halluc. Type OK Nrel Parse err.

ChartQA 0.647 0.609 0.082 0.748 2,595 1
ChartMRAG 0.620 0.542 0.092 0.751 2,288 1

Notes. Type OK = micro type appropriateness. Macro chart-mean: ChartQA (P =0.631, R=0.576, Halluc.=0.082, Type=0.734);
ChartMRAG (P =0.619, R=0.516, Halluc.=0.082, Type=0.741).

5.3. Generation Performance

Table 6 reports answer correctness under different retriev-
ers and VLM generators. Overall, ChartWalker-Bench
remains challenging at the generation stage: even with
the strongest configuration, overall Cor@10 peaks at ∼65,
while Complex Reasoning is consistently the hardest subset
(best Cor@10 ≈ 51), indicating that multi-source retrieval
and evidence composition are still major bottlenecks.

Stronger retrieval quality translates into substantial
gains in correctness, but recall alone does not fully pre-
dict success. For Qwen3-VL-8B, moving from BM25 to
dense/multimodal retrieval yields large jumps, and Hip-
poRAG further improves to 45.74/59.40. A similar pattern
holds for Qwen3-VL-32B. These results suggest that Hip-
poRAG’s graph-based relevance propagation provides more
than “extra hits”: even when its retrieval recall is not the
highest, it tends to surface structurally connected evidence
that completes multi-hop chains, which is easier for the
generator to integrate and reason over the information.

Scaling generator improves both accuracy and robust-
ness. Qwen3-VL-32B consistently outperforms Qwen3-
VL-8B under the same retriever, and GPT-4o paired with
VL-Embedding achieves the best overall scores, showing
strong synergy between high-capacity VLMs and unified
vision-language retrieval. Interestingly, even with GPT-
4o, graph-based retrieval remains valuable for the most
challenging reasoning regimes: HippoRAG becomes best
at Cor@10 on Analysis (70.66) and Complex Reasoning
(51.38), suggesting that structured, multi-hop evidence re-
trieval complements stronger generative reasoning rather
than being replaced by it.

5.4. Agent Performance and Analysis

We evaluate ChartWalker-Agent on ChartWalker-Bench
with an 8:2 split for training/testing, resulting in a held-out
test set of 105 questions (Table 7). For lightweight VLMs
(3B), increasing the retrieval budget does not monotoni-
cally improve correctness: feeding more charts quickly runs
into multi-image context/visual token limitations and intro-
duces distractors, so k=10 can be worse than k=5 (e.g.,
HippoRAG drops from 31.74 at k=5 to 29.79 at k=10).
After PPO training, the agentic policy improves evidence
acquisition via deeper KG exploration and achieves higher
overall accuracy than static pipelines (33.14 vs. 31.74 best
static), with the largest gains on the most search-intensive
subset, Complex Reasoning.
6. Conclusion
In this paper, we introduced ChartWalker, a novel frame-
work and benchmark for Cross-Chart RAG. By leveraging
hierarchical knowledge graphs and structure-aware sam-
pling, ChartWalker generates complex, multi-hop reasoning
paths that challenge existing systems. Our evaluations on
ChartWalker-Bench reveal that current Vision-Language
Models struggle with multi-chart analysis, exposing the lim-
itations of static retrieval. To bridge this gap, we proposed
ChartWalker-Agent, demonstrating the power of iterative,
graph-based evidence acquisition. This work provides a
rigorous foundation for advancing multimodal RAG, with
future efforts directed toward enhancing multimodal embed-
dings and agentic reasoning for complex chart analysis.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
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Table 6. Answer correctness under different VLM generators on ChartWalker Bench.

VLM Methods Overall FactCheck Manipulation Analysis Complex Reasoning

Cor@5 Cor@10 Cor@5 Cor@10 Cor@5 Cor@10 Cor@5 Cor@10 Cor@5 Cor@10

Qwen3-VL-8B

BM25 18.44 22.69 25.00 33.33 15.60 18.44 25.62 29.75 1.83 5.50
Text-EmBediing 26.59 35.46 36.11 41.67 24.11 32.62 33.05 44.63 9.17 14.68
VL-Embedding 42.02 49.65 59.72 72.22 44.68 56.03 48.76 55.37 11.93 13.76
Local 27.84 35.11 37.50 50.00 24.11 29.79 36.77 41.74 6.42 17.43
Mix 37.94 41.14 47.22 48.61 38.30 42.55 46.28 48.76 12.84 17.43
HippoRAG 45.74 59.40 56.94 76.39 46.10 60.28 51.65 63.64 24.77 37.61

Qwen3-VL-32B

BM25 20.74 25.36 22.22 38.88 17.02 22.70 27.27 29.34 10.09 11.01
Text-EmBediing 26.59 37.06 34.72 45.83 19.15 34.04 32.23 44.62 18.35 18.35
VL-Embedding 48.58 59.4 63.89 79.17 50.35 68.79 54.13 62.81 23.85 26.61
Local 28.37 37.05 38.88 51.39 23.40 33.33 36.36 44.21 10.09 16.51
Mix 40.42 45.39 55.55 55.55 36.17 41.13 48.76 53.72 17.43 25.69
HippoRAG 50.18 64.72 68.06 77.78 51.06 66.67 52.07 68.60 33.03 44.95

GPT-4o

BM25 29.79 33.87 38.88 47.22 22.69 22.70 36.36 38.43 18.35 29.36
Text-EmBediing 26.77 36.52 31.94 40.28 22.69 30.50 32.23 44.21 16.51 24.77
VL-Embedding 56.03 64.89 66.67 76.39 49.65 66.67 61.57 67.36 44.95 49.54
Local 27.68 35.44 31.94 43.86 24.29 34.48 36.40 45.77 10.09 10.28
Mix 42.93 46.31 54.29 66.67 35.00 39.47 54.58 57.45 20.18 27.52
HippoRAG 49.82 63.30 59.72 70.83 46.81 56.03 55.37 70.66 34.86 51.38

Table 7. Answer correctness comparison between HippoRAG and
Agent on ChartWalker Bench.
Method Overall FactCheck Manipulation Analysis Complex

VL-Emb(k=5) 23.76 34.72 20.56 28.51 10.09
VL-Emb(k=10) 25.89 37.50 20.57 32.23 11.01
HippoRAG(k=5) 31.74 44.44 29.79 36.36 15.60
HippoRAG(k=10) 29.79 37.50 29.79 34.30 14.68
Agent(3b) 33.14 37.50 34.37 34.08 18.75

consequences of our work, none which we feel must be
specifically highlighted here.
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A. Appendix.
A.1. Notations

Table 8: Summary of Notations and Symbols used in ChartWalker.

Symbol Description

Problem Formulation
C, c The corpus of charts, chart.

q Natural language query

Ck() The set of top-k retrieved charts.

y, ŷ The ground-truth answer and The predicted answer generated by the reader model.

Hierarchical Knowledge Graph
Gc, Vc, Ec The chart hierarchical knowledge graph, Entities and Edges for chart c

l Granularity level of an entity.

G The global knowledge graph integrated from all chart subgraphs.

Path Sampling & QA Synthesis
M The transition matrix for PageRank calculation, M = [Mu,v].
N (v) The set of neighbor entities of entity v.

Nsrc(u) Number of distinct source charts associated with entity u.

π The stationary distribution (PageRank score) used for anchor selection.

PT A sampled reasoning path of length T .

ϕsem Semantic topic coherence function (cosine similarity).

ϕgran Granularity control function for regulating level transitions.

A.2. More experiment settings

Baseline Details (1) BM25 (Robertson & Walker, 1994): a sparse lexical retriever that ranks candidates by term-matching
scores. (2) Dense textual embedding (Zhang et al., 2025): we convert each candidate visual source into text, embed both
query and candidates, and rank by cosine similarity. (3)Vision-Language embedding (Li et al., 2026): unify textual and
visual features into one embedding space and compute the direct similarity. (4) RagAnything (local/mix) (Guo et al., 2025):
graphrag supporting multimodal retrieval. (5) HippoRAG(Gutiérrez et al., 2025): a neuro-inspired graph retriever traverses
the graph with Personalized PageRank.

Retrieval hyperparameters are as follows: BM25 uses standard Okapi parameters (k1=1.5, b=0.75).RagAnything (Local)
retrieves the top-10 seed entities with one hop expansion. RagAnything (Mix) starts with top-10 seed candidates, then
expands to the top-8 neighbors per seed. HippoRAG uses its hierarchical mechanism with Personalized PageRank (damping
factor=0.5) to propagate relevance and enable multi-hop traversal to relevant passages.
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A.3. Prompt Templates

Hierarchical Entity Extraction Prompt

Task Overview. You are given a chart (table, figure, or a combination of both), its caption, and optional surrounding context. Your
task is to construct a hierarchical knowledge graph that represents the semantic structure of the chart.
Overall Objective. Your goal is to build a layered knowledge graph:

• Level 1 entities represent the chart’s core topic and primary comparison dimensions, derived from the caption and top-level
headers.

• Level 2 entities represent secondary dimensions or detailed subcategories, such as rows, subheaders, or nested categories.

• Level 3 and beyond represent supporting attributes at a finer level of granularity.

The number of levels should be adaptively determined by the chart structure. If a level can be decomposed further (e.g., via
multi-level headers), you must recursively create deeper levels.
Entity Extraction Guidelines.

1. Extract semantic-rich and disambiguated entities.

• Level 1: Theme entities and key dimensions.
• Level 2: Row or column entities specifying subcategories.
• Level 3+: Fine-grained attributes.
• Always include qualifiers for uniqueness (e.g., “Revenue (2023)”).
• All entities must belong to the required entity types {entity_types}.

2. Skip generic or referential phrases (e.g., “this table”, “the data”) and presentation-only text (e.g., “see below”).

3. Provide concise and meaningful descriptions for each entity.

Relationship Guidelines.

1. Extract intra-level relationships, especially among Level 1 entities.

2. Extract inter-level relationships linking higher-level entities to their children.

3. All relationships must belong to the required types {relation_types}.

4. Each relationship must include:

• source_entity and target_entity,
• relation_type,
• relationship_description,
• relationship_keywords.

Output Format. Return a JSON object with two fields: entities and relationships.
Additional Constraints.

• Do not extract numerical data points.

• Ensure all relationships refer to extracted entities.

• If the input chart is too short or lacks sufficient detail, return an empty JSON object.

Return only valid JSON. Do not include explanations, markdown, or code blocks. The output must start with { and end with }.
Chart Input. The chart image or text is provided as {input_text}.

13



Unified Hierarchical Entity Extraction & QA Generation Prompt

SYSTEM CONTEXT: You are designing a high-quality multi-chart QA pair. Inputs provided: reasoning_paths,
available_sources, chart_index, text_evidence.
UNIVERSAL CONSTRAINTS (Apply to ALL tasks):

• Self-contained: No deictic references (e.g., "this chart"). Include scope qualifiers.

• Multi-source: Must combine evidence from at least TWO sources (Chart+Chart or Chart+Text).
• CRITICAL: Do NOT reveal specific numbers/percentages in the question text.

Select ONE Strategy Module based on Task Type:

Module A: QA_FactCheck

Goal: Verify a claim using evidence.

• Question: Must present a CLAIM (e.g., "Is it true
that...").

• Answer: Must be binary ("True"/"False", "Yes"/"No")
+ Evidence.

• Logic: Verify truth value across sources.

Ex: "Did the growth rate exceed 5% in 2023?"

Module B: QA_Manipulation

Goal: Require arithmetic calculation.

• Question: Ask for difference, sum, ratio, or growth
rate.

• Answer: Specific numerical value derived from calcu-
lation.

• Logic: DataA ± DataB or DataA/DataB .

Ex: "What is the percentage point difference between..."Module C: QA_Complex_Reasoning (Stealth)

Goal: Low lexical overlap (Hard Retrieval).

• Requirement: MANDATORY PARAPHRASING.
• Forbidden: No Entity Names (use descriptions), No

Years (use relative time), No Keywords (e.g., "in-
crease").

• Logic: Functional descriptions & relational anchoring.

Ex: "Among the Southeast Asian archipelago nations..."

Module D: QA_Analysis / QA_Trend

Goal: High-level pattern recognition.

• Question: Ask about Logical Relationships (correla-
tions) or Temporal Trends (peaks, fluctuations).

• Logic: Synthesize separate observations into a conclu-
sion.

• Depth: Use L2/L3 reasoning branches.

Ex: "How did the trend in X correlate with Y...?"UNIFIED OUTPUT FORMAT (Strict JSON):
{

"query_type": "FactCheck" | "Manipulation" | "Analysis" | "Trend",
"question": "...", // Follows Module constraints above
"answer": "...", // Includes specific numbers/calcs/verdict

"explanation": "...", // References reasoning edges
"entities_used": ["..."], // List of entity IDs
"evidence": ["..."], // List of chunk IDs
"difficulty_subjective": 1-3

}

Figure 3. Unified Prompt Template for Multi-Chart QA Generation. The system shares a common context and output format, but branches
into four distinct modules (A-D) with specific logic, constraints, and paraphrasing requirements depending on the desired query type.

A.4. Agent Environment

Following the multi-turn VLM-agent training paradigm, we model visual search on the global chart KG as a partially
observable Markov decision process (POMDP) ⟨S, O, A, R⟩. At turn t, the agent receives an observation ot ∈ O (the
current KG context and retrieved evidence), generates an action at ∈ A to further explore the KG, and the environment
returns a scalar reward rt = R(st, at). The objective is to maximize the expected discounted return maxθ Eπθ

[ ∑T −1
t=0 γtrt

]
.

In
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In the standard concatenation rollout, the context grows with turns, cconcat
t = [sys, o0, y0, . . . , ot], which quickly exceeds

the VLM context window and induces high-variance credit assignment over an ultra-long token axis. We instead adopt a
non-concatenated rollout: at each turn t the policy conditions only on the current prompt context

ct = [sys, ot], (8)

and autoregressively generates a response/action token sequence yt = (yt,1, . . . , yt,Kt
) with

πθ(yt | ct) =
Kt∏
j=1

πθ(yt,j | ct, yt,<j). (9)

Accordingly, PPO is computed per turn without requiring a forward pass over the entire concatenated trajectory. Let

ut,j(θ) = πθ(yt,j | ct, yt,<j)
πold(yt,j | ct, yt,<j) , (10)

and let mact
t,j ∈ {0, 1} mask response/action tokens. The PPO objective is

JPPO(θ) = 1∑
t,j mact

t,j

∑
t,j

mact
t,j min

(
ut,j(θ)At, clip(ut,j(θ), 1 − ϵ, 1 + ϵ)At

)
, (11)

where the advantage At is defined at the turn level (below) and broadcast to tokens in the same turn.

Turn-level GAE and broadcasting. We learn a critic Vϕ(ct) defined on the turn context ct. Given turn rewards {rt}T
t=1,

we compute TD residuals and GAE over turns:

δt = rt + γVϕ(ct+1) − Vϕ(ct), (12)
At = δt + γλAt+1, (13)

with Vϕ(cT +1)=0 for terminal. We then assign each response token in turn t the same advantage:

At,j = mact
t,j At. (14)

Value regression at turn boundaries. Let the turn return target be Gt = At + Vϕ(ct) (stop-gradient on the RHS). We
regress the critic only once per turn using a value-mask mval

t =1:

LV (ϕ) = 1∑
t mval

t

∑
t

mval
t

(
Vϕ(ct) − Gt

)2
. (15)

In implementation, Vϕ(ct) can be read from a designated anchor position (e.g., the first response token) while the objective
remains a turn-level value function.

our setting, the policy πθ is parameterized by a VLM that This design yields stable bootstrapping targets while keeping ad-
vantage estimation aligned with turn-level interaction dynamics, mitigating the instability induced by ultra-long concatenated
contexts.
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ChartWalker Agent: Navigation & Reasoning System Prompt

SYSTEM CONTEXT: You are an intelligent agent navigating a multi-modal, multi-level Knowledge Graph (MMKG).
Goal: Explore the graph to find the correct answer for a given query.
CORE OBJECTIVES:
1. Identify required information for the query.
2. Navigate to entities providing this info.
3. Extract concrete facts/numerical values from evidence.
4. Stop once sufficient info is collected.

Note: Exploration actions that do not fill missing information are discouraged.

Interaction Phase Templates:

Phase 1: Initialization (Start)

Input: [Initial Graph Observation],
Candidate Start Entities.

• Context: Choose an entry point.
• Valid Action: start
• Grammar: Must choose exactly ONE entity name

from the candidate list.

Example Output:
<answer>start CountryX</answer>

Phase 3: Termination (Stop)

Input: Collected evidence, Observation.

• Condition: Collected enough info OR reached max
stops.

• Valid Action: stop
• Requirement: Output final answer text immediately

after operator.

Example Output:
<answer>stop The answer is
Paris</answer>

Phase 2: Navigation & Reasoning Loop (Intermediate Steps)

Input: [Current Graph State] (Entity desc, Relations, Memory, Visited sources).
Reasoning: Decide next action based on context/history. WARNING: DO NOT REPEAT ACTIONS OR SEARCH
FORBIDDEN RELATIONS.
Action Grammar Options:

• edge_search <int>: Inspect a relation index from [Searchable Relations].
Ex: <answer>edge_search 1</answer>

• move <int>: Move to a relation’s target entity (to get more info). Targets can be from Searchable OR Forbidden lists.
Ex: <answer>move 1</answer>

• backward <Name>: Return to a previously visited entity.
Ex: <answer>backward CountryY</answer>

UNIFIED OUTPUT FORMAT: All responses must be wrapped in XML-style tags.

<answer> [action_keyword] [arguments] </answer>

Figure 4. The ChartWalker Agent Prompt Structure. The prompt guides the agent through three distinct phases: (1) Selecting a start entity,
(2) An iterative navigation loop involving edge searching and entity traversal, and (3) A termination phase to output the final answer.

A.5. Showcase
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# Manipulation

## KG Path
Democrats/leaning Democrats (L1) –horizontal [src=chart_00189_07]–> Global Climate Change
(L1)
Global Climate Change (L1) –vertical_up [src=chart_00048_01]–> Survey (L0)
Democrats/leaning Democrats (L1) –vertical_down [src=chart_00189_07]–> Catholic Democrats
## Query
In 2022, what percentage of U.S. Catholic adults who identify as Democrats or leaning Democratic
viewed global climate change as an extremely or very serious problem, and how does this compare
to the percentage of all U.S. adults who identify as Democrats or leaning Democratic who
considered dealing with global climate change a top priority for the president and Congress in
2024?

## Answer
82% in 2022 among Catholic Democrats, which is 23 percentage points higher than the 59% in
2024 among all Democrats.

## Evidence
chart_00189_07 (2022, Catholic Dem/lean Dem)

chart_00048_01 (2024, all Dem/lean Dem)

Figure 5. Manipulation showcase. Due to the relation of Democrats and Catholic Democrats being highlighted in the sampled path, our
problem does not contain the logical inconsistency shown in (Lu et al., 2025) (Figure 6).
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Figure 6. Wrong case

18



# Complex_Reasoning

## KG Path
USA (L1) –horizontal [src=test_000774]–> Coal (33%)
USA (L1) –horizontal [src=test_000774]–> Natural gas (33%)
SocialMediaPlatform (L1) –horizontal [src=test_001503]–> Clean & renewable energy (35%)
## Query
For the same year (2015), let Gtop2 be the set of the top-2 energy sources by share in the national
electricity generation mix, and let Ptop1 be the top-1 energy source by share in the social media
platform’s operations energy consumption breakdown. Check whether Ptop1 ∈ Gtop2.

## Answer
No. In 2015, Gtop2 = {Coal, Natural gas}, while Ptop1 = Clean & renewable energy, so Ptop1 /∈
Gtop2.

## Evidence
test_000774 (2015, USA electricity generation mix)

test_000699 (supporting chart / context)

Figure 7. Complex Reasoning showcase.
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# FactCheck

## KG Path
Peru (L1) –horizontal [src=chart_00260_02]–> Favorable opinion of Brazil (58%)
Peru (L1) –horizontal [src=chart_00260_04]–> Confidence in Brazil’s president (30%)
Spring 2024 Pew surveys (L1) –horizontal [src=paragraph_00260_01]–> Covered countries include
Peru
## Query
In the spring 2024 surveys, does the share of people in Peru with a favorable opinion of Brazil
exceed the share expressing confidence in Brazil’s president?

## Answer
Yes (58% vs 30%).

chart_00260_02 (Peru favorable opinion of Brazil,
Spring 2024)

chart_00261_04 (Peru confidence in Lula, Spring
2024)

Figure 8. Factcheck showcase.
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# Analysis

## KG Path
Israel (L1) –horizontal [src=chart_00076_03]–> EU favorability, Ideological left (85%)
Israel (L1) –horizontal [src=chart_00076_03]–> EU favorability, Ideological right (49%)
Israel (L1) –horizontal [src=chart_00235_04]–> Biden approval/confidence, Ideological left (48%)
Israel (L1) –horizontal [src=chart_00235_04]–> Biden approval/confidence, Ideological right
(61%)
## Query
Among Israeli adults, does a more favorable view of the European Union correlate with lower
approval of U.S. President Biden?

## Answer
Yes — Israeli adults on the ideological left show higher EU favorability (85%) but lower Biden
approval/confidence (48%), while the ideological right shows lower EU favorability (49%) but
higher Biden approval/confidence (61%).

## Evidence
chart_00076_03 (Israel, EU favorability by

ideology)
chart_00235_04 (Israel, Biden approval/confidence

by ideology)

Figure 9. Analysis showcase
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