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Abstract

Vision-Language Models (VLMs) have emerged as versatile
solutions for zero-shot question answering (QA) across var-
ious domains. However, enabling VLMs to effectively com-
prehend structured graphs and perform accurate, efficient
QA remains challenging. Existing approaches typically
rely on one single graph topology representation (GTR),
such as fixed-style visual images or unified text descrip-
tions. This “one-size-fits-all” strategy often neglects model-
specific and task-specific preferences, resulting in inaccu-
rate or over-lengthy responses to graph-related queries.
To address this, we propose the DynamicGTR framework,
which dynamically selects the optimal GTR for each query
during inference, thereby enhancing the zero-shot graph
QA capabilities of VLMs with a customizable accuracy and
brevity trade-off. Extensive experiments show that Dynam-
icGTR not only improves VLM-based graph algorithm QA
performance but also successfully transfers the experience
trained from synthetic graph algorithm tasks to real-world
applications like link prediction and node classification,
without any additional training. Additionally, DynamicGTR
demonstrates strong transferability across tasks, domains,
and models, suggesting its potential as a flexible solution
for broad graph scenarios. The code is available at here.

1. Introduction
Vision-Language Models (VLMs) have recently demon-

strated the ability to perform zero-shot question-answering

on structured graphs, answering graph-related questions

using only their intrinsic knowledge without task-specific

fine-tuning [37, 52]. This capability highlights their ver-

satility and potential to handle complex structural data,

making them valuable for applications in network analysis

[5, 49] and knowledge discovery [29, 48].

*Corresponding author.

Figure 1. Illustrating the impacts of diverse GTRs on the same

question: suboptimal GTRs may lead to incorrect answers or un-

necessarily lengthy responses compared to a preferred GTR.

Existing works have explored various graph topology

representations (GTRs) to present the graph topology to

VLMs for understanding. Textual GTRs, as demonstrated

in [8, 31, 40, 47, 57], encode graph structures into textual

descriptions using diverse prompt templates. Recently, vi-

sual GTRs have been introduced for VLMs [37, 52], depict-

ing graph topologies as stylized images.

Despite these advancements, existing methods com-

monly assume the use of a single type of GTR (such as uni-

fied prompt-based textual descriptions or fixed-style visu-

alizations) throughout the QA process. This “one-size-fits-

all” approach overlooks critical factors, including model-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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specific cognitive biases and task-specific representational

preferences, resulting in suboptimal QA performance for

specific tasks (see experiments in Table 5). Figure 1 demon-

strate the QAs for the same question with diverse GTRs: A

question to identify the cycle in graphs prefers the visual

GTR with quick, intuitive pattern recognition over repre-

senting the graph with a textual edge set. The suboptimal

adjacent matrix GTR leads to prolonged lengthy responses

for a path-finding problem. As can be seen, compared to the

preferred GTR, suboptimal GTRs can impede the model’s

comprehension of graph topology, resulting in a wrong an-

swer or prolonged response. This raises intriguing research

questions: Can these preferences for GTRs be leveraged to
make graph QA accurate and inexpensive? How and to
what extent can they enhance the graph QA capabilities of
VLMs?

In this paper, we present a systematic solution to enhance

VLM-based zero-shot graph QA. We begin by categorizing

and analyzing the characteristics of existing graph topology

representations (GTRs). Next, we design and construct a

GTR pool, RZS , containing versatile GTRs specifically tai-

lored for zero-shot graph QA, guided by dedicated design

principles. We then propose the DynamicGTR framework,

which utilizes the GTRs within RZS and consists of three

key components: (1) defining the Graph Response Effi-
ciency (GRE) metric, which balances accuracy and com-

putational cost; (2) leveraging a probe dataset to identify

GTRs within RZS that have optimal GRE for each ques-

tion, thereby constructing a model-specific GTR Prefer-
ence dataset; (3) training a GTR Router on the GTR Pref-

erence dataset to dynamically select appropriate GTRs from

RZS for each question during inference. Note that since

the GTRs act at the input stage of VLMs, DynamicGTR

does not require access to any information about the model

architecture or parameters, and thus can be applied to the

state-of-the-art closed-source VLMs.

Extensive experiments show that DynamicGTR signifi-

cantly improves VLM-based graph QA capabilities across

seven representative in-domain graph algorithmic tasks.

Besides, it can successfully transfer the experience from

synthetic graph algorithm tasks to real-world applications

like link prediction and node classification, without any

additional training. Additionally, the router demonstrates

strong transferability across different VLMs and exhibits

usability for large graphs, suggesting its strong potential as

a flexible solution for broad graph scenarios.

In summary, our key contributions are as follows:

• A systematic investigation of existing fixed GTRs, high-

lighting their characteristics and limitations.

• Introduction of DynamicGTR, which adaptively assigns

visual or language-based GTRs based on query-specific

requirements and user preferences for accuracy and

brevity.

• The side product GTRP dataset serves as a valuable ref-

erence to reveal the mapping from task types to their pre-

ferred GTRs.

• Empirical results show that DynamicGTR exhibits signif-

icant effectiveness on both synthetic graph algorithm QAs

and real-world applications, as well as strong generaliz-

ability across tasks and models.

2. Related Work
VLM-based Graph QA. Graph QA presents unique

challenges for VLMs. These challenges stem from the

need for structural awareness of graph topology and the

ability to select and emulate appropriate algorithms for

multi-step reasoning. Existing research in this domain

can be broadly categorized into two main approaches:

(1) Toolkit-Enhanced System: This category encompasses

methods such as StructGPT [30], Graph-Toolformer [58],

and GraphDPR [37]. These systems utilize predefined ex-

ternal toolkits to assist VLMs in graph QA. Although ef-

fective within certain domains, this dependence restricts

the rigid question types they can handle, rendering them

inadequate for out-of-domain tasks. (2) Graph-Aware

VLMs: Examples in this category include InstructGLM

[43], GraphToken [40], GraphLLM [6], and Gcoder [60].

These methods enhance VLMs with graph-awareness by

modifying their architecture or fine-tuning their parameters,

leveraging the internal knowledge of the VLMs for graph

QA. Yet the additional training or architectural change

breaks the zero-shot premise and makes deployment infea-

sible on closed-source models that provide only black-box

access.

3. Zero-shot GTR Pool
This section first categorizes and analyzes the existing rep-

resentative GTRs. It then proposes important principles for

designing a Zero-shot GTR pool RZS , and constructs an

instance of RZS following the proposed principles.

3.1. Analyzing GTRs in Graph QA
The GTRs describe the graph topology G = {V,E}, where

V and E denote the set of nodes and edges, respectively.

According to the representation types, current GTRs uti-

lized in Graph QA can be categorized into three types: Em-

bedding GTRs, Textual GTRs, and Visual GTRs. In Table

1, we showcase representative GTRs and summarize their

characteristics.

As the table indicates, Embedding GTRs are generated

by external encoders and typically require alignment train-

ing with the embedding space of VLMs [6, 9, 43]. While the

inevitable compression in embeddings leads to the loss of

some topological information [10], it also allows the learned

embedding GTRs to focus on the most informative patterns.
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GTR Type Works Charac. Enc. Train

Embeddings Embed

GraphLLM[6],

GraphGPT[43],

GraphToken[40],

LLaGA[9]

Partial,

Informative
Yes Yes

Visual Graph Visual
GITA[52],

VisionGraph[37]

Full,

Intuitive,

Explicit

No No

Edge Set Textual

GraphWiz[8],

NLGraph[47],

GPT4Graph[22],

GraphArena[44],

GCoder[60]

Full,

Sequential,

Implicit

No No

Adjacent List Textual
InstructGLM[57],

GraphText[62]

Full,

Sequential,

Implicit

No No

Adjacent Matrix Textual GraphDPR[37]

Full,

Redundant,

Implicit

No No

Table 1. Summary of existing GTRs. ‘Charac.’ indicates the char-

acteristics; ‘Enc.’ and ‘Train’ denote whether the GTR is gener-

ated by an external encoder and whether extra training is required,

respectively. ‘Embed’ is short for ‘Embedding’.

In contrast, both Visual GTRs and Textual GTRs convey

the complete topology of a graph, enabling the graph to be

uniquely reconstructed from these representations. How-

ever, textual GTRs, whether in the form of an Edge Set or

an Adjacency List, present complex structures in a flattened,

sequential context. This makes the topological information

more implicit compared to the intuitive presentation offered

by visual graphs [52]. Moreover, the Adjacency Matrix

often introduces redundant zero elements for non-existent

edges, especially in the case of sparse graphs, making it

rarely the primary choice for graph topology representation

in existing works. However, the Adjacency Matrix can still

be useful in specific scenarios where the explicit represen-

tation of connections is advantageous.

3.2. Constructing the RZS

Given the variety of available GTRs, we carefully select

the most suitable ones to form a dedicated set, denoted

as RZS, explicitly tailored to zero-shot graph QA scenar-

ios. The selection follows three key principles: (1) Model-
Agnostic: The generation of GTRs must be decoupled from

the VLM parameters, ensuring compatibility with closed-

source VLMs. This is crucial as these models often offer su-

perior performance but do not disclose model details. Con-
sequently, embedding-based GTRs are excluded from RZS

due to their reliance on embedding spaces, which are inac-
cessible given most leading models are closed-source. (2)

Variety: The GTRs in RZS should exhibit diversity to effec-

tively address a wide range of question types. This diversity

Figure 2. An Illustration of eight candidate GTRs in RZS .

helps accommodate different types of graphs and QA tasks,

utilizing formats like text and images that naturally align

with VLM input formats. (3) Effectiveness: Each GTR

should possess strong individual capabilities, contributing

significantly to the overall QA process. This ensures that

each component of the set is valuable and enhances the QA

performance.

Following these refined principles, we construct

an instance of the zero-shot GTR pool RZS =
{Vdot, Vneato, Vcirco, Vfdp, Vsfdp, Tset, Tlist, Tmat}, con-

sisting of the following GTRs:

1. Visual GTRs (5 types): The GTRs Vdot, Vneato,

Vcirco, Vfdp, and Vsfdp are generated based on meth-

ods from [52] using different layout algorithms provided

by Graphviz [19]. Specifically, Vdot arranges nodes in

tree-like hierarchical layers; Vneato uses the spring model

[18] to minimize edge crossings on canvas; Vcirco posi-

tions nodes in a circular pattern; Vfdp offers a fast force-

directed layout with optimized computational overhead;

and Vsfdp provides a scalable force-directed layout for ef-

ficiently handling large graphs.

2. Textual GTRs (3 types): These GTRs Tset, Tlist, and

Tmat present the graph topology structure via Edge set,

Adjacent List, and Adjacent Matrix, respectively. The

prompt templates of Tset are retrieved from [47], and

the others are designed by us.

We provide the GTRs generation details in Appendix A.

Figure 2 illustrates the examples of GTRs in RZS , all of

which are Model-agnostic generated before input to VLMs,

ensuring their usability with closed-source models. Visual

GTRs enable rapid, intuitive perception of topology, while

textual GTRs offer slower, analytical understanding, mirror-

ing dual-system cognitive frameworks [11, 16]. Prior works
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[44, 51] further show that layouts and prompt templates sub-

stantially influence graph QA performance, supporting our

emphasis on Variety. Section 5.3 empirically validates the

effectiveness of each GTR across tasks.

4. DynamicGTR
In this section, we present the DynamicGTR framework,

which enhances the zero-shot graph QA of VLMs by dy-

namic GTR routing, on both accuracy and brevity.

4.1. Problem Formulation
VLM-based zero-shot graph QA leverages pretrained

VLMs to tackle a wide range of graph problems, without ac-

cess to or modification of the VLM specifics. This approach

facilitates effective generalization across various tasks and

unseen graph data, while fully preserving the inherent capa-

bilities of VLMs across the other universal domains.

4.2. Framework Overview
The DynamicGTR framework, shown in Figure 3, estab-

lishes a graph QA system with question-specific dynamic

GTRs. It consists of two main components: (1) a VLM

Reasoner for zero-shot graph QA, and (2) a GTR Router

for adaptive GTR selection.

DynamicGTR defines a Graph Response Efficiency

(GRE) score to evaluate the trade-off between accuracy

and computational cost of GTRs concerning the model and

problem context. Using fixed probe data, DynamicGTR

identifies the mapping from questions to their optimal GTRs

with the highest GRE, creating a GTR Preference dataset to

train the GTR Router RouterV LM .

Then, for any input question q, the GTR Router dynam-

ically assigns the most suitable GTR rq ∈ RZS and the

VLM Reasoner uses rq as its GTR input to perform zero-

shot inference, producing the answer ans
rq
q .

4.3. Graph Response Efficiency (GRE)
In this section, we introduce the Graph Response Efficiency
(GRE) score, designed to balance the trade-off between ac-

curacy and computational cost across various GTRs.

For a given question q and a GTR r ∈ RZS utilized

by the VLM Reasoner, the Graph Response Efficiency is

defined as a linear combination of an accuracy objective

Accr(q) and an efficiency objective Effr(q):

GREr(q) = Accr(q) + α× Effr(q), (1)

The accuracy objective, Accr(q) = log(1 + 100 ×
correctnessr(q)), where correctnessr(q) ∈ {0, 1}, repre-

sents the log-transformed answer correctness. The effi-

ciency objective, Effr(q) = − log(tokr(q)), is the negative

logarithm of the average token consumption of the response

from the VLM Reasoner using GTR r.

Design Principle of the log transform. The log transfor-

mation is employed in both accuracy and efficiency objec-

tives for several reasons. First, it compresses the scale of

metric variation, reducing the impact of outliers and mak-

ing the score more robust to extreme values or anomalously

large token consumption. Second, the logarithmic form ac-

centuates significant improvements in correctness and effi-

ciency at the lower end of the scale, while marginal gains

at higher values have reduced influence. For correctness,

log(1 + 100 × correctnessr(q)) ensures that a correct an-

swer (= 1) receives a substantial boost compared to an

incorrect one (= 0), reinforcing the importance of fac-

tual correctness, especially in single-shot settings. For ef-

ficiency, − log(tokr(q)) penalizes longer responses expo-

nentially, thereby incentivizing more concise outputs from

the VLM Reasoner.

Design Principle of Hyperparameter α. The hyperparam-

eter α provides users with the ability to quantitatively ad-

just the balance between accuracy and brevity (efficiency).

For example, a user or setting that prioritizes accuracy over

response brevity can opt for a small α, such as 0 in ex-

treme cases, effectively removing the impact of brevity on

the GRE score. Conversely, users who prioritize efficiency

can select a larger α. This customizable design enhances

the framework’s flexibility to accommodate diverse user or

scenario requirements.

4.4. GTR Preference Dataset
We construct the GTR Preference Dataset to systemati-

cally map each graph QA question to its empirically op-

timal topology representation forms (GTRs), as measured

by the GRE score. Specifically, we generate 7K graph

QA pairs across seven representative graph algorithms (as

detailed in Section 5.1), with each graph topology G =
(V,E) sampled from an Erdős–Rényi model [15] (varying

node count N ∈ [3, 30], edge probability ∈ [0.1, 0.7]1) Re-

sponse correctness is verified using strictly-guaranteed al-

gorithmic solutions. For each question q, we define its pre-

ferred GTRs R∗
q as:

R∗
q = arg max

f∈RZS

GREf (q), (2)

where GREf (q) is averaged over k trials to ensure robust-

ness of the preference estimation. Pairing each question

q with its corresponding set of preferred GTRs R∗
q , we

form the GTR Preference dataset, denoted as DGTRP =
{(qi,R∗

qi)}. More details of the GTRP dataset construction

method are in Appendix B.

The GTR Preference dataset is a crucial resource for

examining the task-level preferences of GTRs. Analyzing

the label frequency statistics for specific tasks can reveal

1Insights from small-scale graph probing successfully transfer to large-

scale applications, as demonstrated in Section 5.2.
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Figure 3. Overview of the DynamicGTR framework, where the GTR Router guides the VLM Reasoner to use the most appropriate GTR

based on the question.

Model GTRs Conn Cyc TS SP MF BGM HP

GPT-4o

1st Vfdp (92.3%) Vsfdp (85.1%) Tset (58.5%) Tset (19.5%) Tlist (21.7%) Vdot (34.2%) Tlist (30.4%)

2nd Vneato (92.1%) Vfdp (12.9%) Tlist (36.2%) Vneato (18.7%) Tset (20.8%) Vcirco (20.3%) Tset (20.3%)

3rd Vsfdp (91.7%) Vdot (12.2%) Vdot (23.1%) Tlist (17.1%) Tmat (16.7%) Vneato (19.8%) Vcirco (18.8%)

Gemini

2.5 Pro

1st Vneato (88.8%) Vneato (97.2%) Tset (41.0%) Tlist (48.6%) Tmat (40.0%) Vfdp (24.4%) Tlist (42.9%)

2nd Vfdp (88.2%) Vsfdp (93.0%) Tlist (30.3%) Tmat (37.6%) Tlist (36.0%) Vsfdp (14.5%) Tset (31.7%)

3rd Vsfdp (88.2%) Vdot (71.8%) Tmat (15.4%) Tset (26.6%) Tset (14.0%) Vneato (14.5%) Tmat (30.2%)

Table 2. Task-preferred Top-3 GTRs with frequency in GTRP dataset (GPT-4o and Gemini-2.5 Pro). ‘Conn’, ‘Cyc’, ‘TS’, ‘SP’, ‘MF’,

‘BGM’, and ‘HP’ denote connectivity, cycle detection, topological sort, shortest path, maximum flow, bipartite graph matching, and

Hamilton path. By differing visual or textual GTRs with colors, the special preference patterns of tasks are explicitly exposed.

the task-level GTR preferences. Table 2 provides the top-

3 GTR choices in various tasks of the GTRP dataset, with

their frequency to be selected in R∗
q listed in parentheses.

We can conclude findings from Table 2 by categoriz-

ing the 7 tasks into three types: (1) Perceptual-Intensive
Tasks: Visual GTRs dominate tasks such as Connec-

tivity, Cycle Detection, and Bipartite Graph Matching.

These tasks typically require fast and intuitive topology-

awareness, which visual representations are well-suited for.

(2) Edge-Weighted Tasks: Tasks involving edge weights,

like Shortest Path and Maximum Flow, prefer textual GTRs.

This preference indicates that textual representations are

more analytical and suitable for computation-heavy pro-

cesses. (3) Ordered Decomposition Tasks: Hamilton

Path and Topological Sorting require ordered decomposi-

tion of the graph, and these tasks also prefer textual GTRs.

This suggests that textual representations facilitate struc-

tured and sequential processing. We include the complete

ranking of GTR labels with frequency statistics and more

analysis in Appendix C.

4.5. GTR Router
The GTR Router serves as the core decision-making mod-

ule, dynamically selecting an appropriate GTR rq ∈ RZS

for each question q. As defined in Section 1, the GRE is

a scalarized objective that integrates accuracy (Accr) and

efficiency (Effr) for dual-objective optimization. To obtain

the GTR Router that approximates the GRE-optimal routing

R∗, we treat it as a classification model Rφ(q) : Q �→ RZS

and train it on the GTRP dataset DGTRP = {(qi, R∗
qi)}. For

each GTR r ∈ RZS , we define yr as an indicator of whether

r is in the true label set R∗
q : yr = I[r ∈ R∗

q ]. The loss func-

tion is then defined as

L(φ) = −E(q,R∗
q)∼DGTRP

[ ∑
r∈RZS

yr log pφ(yr|q)

+ (1− yr) log(1− pφ(yr|q))
]
,

where pφ(yr|q) represents the probability that GTR r is

present in the true label set R∗
q . We adopt DeBERTaV3-
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base [24] as the router in our experiments. Notably, the

router training is lightweight, which only costs ∼2.96 hours

on one NVIDIA A100 GPU.

5. Experiment

5.1. Experimental Setup
Tasks and Datasets. We assess the zero-shot graph QA

capabilities of DynamicGTR in two distinct settings:

• In-Domain Algorithm QAs: We focus on comprehen-

sive graph algorithmic tasks such as Connectivity, Cy-

cle, Topological Sorting, Shortest Path, Maximum Flow,

Bipartite Graph Matching, and Hamilton Path (abbrevi-

ated as ’Conn’, ’Cyc’, ’TS’, ’SP’, ’MF’, ’BGM’, and

’HP’, respectively) [12, 17, 21, 32, 33, 42]. The data for

these tasks is sourced from the GVLQA-BASE bench-

mark [52]. These tasks encompass a broad spectrum

of essential skills for understanding and reasoning about

graph topology and align with GTR router training.

• Out-of-Domain Real-World Applications: We exam-

ine the framework’s out-of-domain generalizability and

real-world application value by focusing on link predic-

tion (LP) and node classification (NC), two fundamental

tasks in the graph domain. For LP, we utilize the col-

laboration networks ca-GrQC and ca-HepTh [35], along

with 15K queries from the large-scale protein-protein in-

teraction dataset ogbl-ppa [28]. For NC, we employ

the politician blog network PolBlog [1], the citation net-

work Cora [56], and 15K queries of the extensive e-

commerce dataset ogbn-product [28]. To enhance clar-

ity in text and visual GTRs, and adhering to the lo-

cality principle2, we depict graph topology using n-hop

node-surrounding sampled subgraphs instead of entire

graph inputs, following established subgraph-based re-

search practices [7, 23, 34, 46, 54]. Unlike the algorithm

QAs where the GTR router was trained, these real-world

applications feature entirely novel domains with complex

semantics and much larger graphs. More details about

task specifics and data statistics are in Appendix D.

Baselines. We evaluate the zero-shot graph QA capabil-

ities of DynamicGTR against the following baselines for

in-domain tasks: (1) Vanilla Chain-of-Thought (CoT) [50],

which uses step-by-step prompts; (2) NLGraph [47] that

utilizes BAG prompting to conceptualize a graph and algo-

rithmic prompting to specify the algorithm; (3) GraphDPR

[37] employs external tools to generate intermediate de-

scriptions and code with multi-step reasoning; (4) GITA

[52] that pairs a visual GTR and a textual GTR to collabora-

tively solve graph algorithmic problems. For monetary cost,

2Locality Principle: Correlated information is contained within nearby

neighbors [4, 53].

we only evaluate all methods with leading closed-source

VLMs GPT-4o [39] and Gemini-2.5 Pro [20]. The proposed

method can also work on open-source VLMs, we provide

more results on LLaVA-OneVision-7B [36] and Qwen3-

VL-8B [41] in Appendix E. For each question, we evalu-

ate three times with temperature τ = 0.7 and report the

task-average accuracy (noted Acc%) and token cost (noted

Tok) across trials. For out-of-domain tasks, we use the base

model, CoT, and GITA as baselines3. By default, we as-

sume a relatively neutral user preference between accuracy

and efficiency with setting the trade-off parameter α in GRE

score as 0.5 4. Implementation details of all methods are in

Appendix F.

5.2. Main Results
In-Domain Algorithm QAs. Table 3 compares the ef-

fectiveness (accuracy) and efficiency (token consumption)

of DynamicGTR against baseline methods across seven in-

domain graph algorithm QA tasks. As stated in Section

4.4, these tasks acquire three types of distinct graph ca-

pabilities. We also arrange our findings with analysis ac-

cording to such categorization: (1) For perceptual-intensive

tasks (Conn, Cyc, BGM), DynamicGTR significantly en-

hances accuracy while reducing token consumption. These

tasks demand rapid and intuitive perception, favoring vi-

sual GTRs that excel in both accuracy and token efficiency,

thus enabling effective and swift reasoning. (2) For edge-

weighted tasks (SP, MF), the benefits of DynamicGTR are

more reflected in accuracy over token consumption. This

is because the fulfillment of these tasks typically relies on

analytical computation, where the reasoning processes play

an important role and bring a necessary token cost. (3) For

ordered decomposition tasks (TS, HP), the framework plays

more roles in saving token consumption over increasing ac-

curacy. Specifically, in these tasks, we observe that the less

prevalent GTRs selected in rare (< 15%) cases contribute

a majority (> 88%) of token savings, revealing the diverse

sample-wise demands within these tasks.

Out-of-domain Real-world Applications. Table 4

presents a comprehensive comparison of DynamicGTR

and baseline methods on link prediction (LP) and node

classification (NC) across six diverse real-world graph

datasets. Notably, both LP and NC represent tasks and

domains that were entirely unseen during GTR router

training. Despite this domain and task shift, DynamicGTR

consistently outperforms baselines in both accuracy and

token efficiency, even for challenging large-scale graphs

such as ogbl-ppa and ogbl-product. Crucially, these results

3Methods like NLGraph and GraphDPR are not applicable due to the

absence of definitive algorithms for downstream tasks.
4Discussions for more user trade-off preferences with varying the α are

provided in Section 5.4.
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Conn Cyc TS SP MF BGM HP
Method

Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok

GPT-4o

CoT 92.5 273.3 52.7 480.6 36.6 224.2 54.6 566.0 25.3 362.9 69.5 370.1 50.0 124.9
NLGraph 92.9 296.6 60.2 337.9 36.2 202.6 59.0 533.7 25.6 335.1 62.2 356.3 57.1 176.5

GraphDPR 94.3 412.2 68.7 626.4 40.2 411.0 59.1 496.3 31.2 502.7 76.5 582.1 62.7 475.8
GITA 93.4 285.3 64.7 325.7 40.9 256.1 56.8 482.1 27.4 359.9 82.5 392.4 54.9 188.8

DynamicGTR 96.1 38.8 89.3 75.9 40.8 176.1 68.4 499.1 36.6 385.2 92.0 233.6 63.3 75.5

Gemini-2.5 Pro

CoT 97.2 218.7 98.6 716.6 84.1 1395.9 93.6 810.8 91.7 1154.9 97.1 1076.8 96.8 678.1
NLGraph 97.3 220.0 98.6 629.9 84.5 1437.8 94.0 847.5 92.2 1062.9 97.1 1026.4 97.1 742.9

GraphDPR 98.5 396.6 98.9 907.7 86.2 1651.4 95.5 849.5 94.8 1319.6 97.8 1187.2 97.5 992.9
GITA 98.2 238.5 99.2 478.9 85.5 1398.0 94.3 808.2 94.2 1155.1 99.1 1078.2 97.3 679.8

DynamicGTR 100 12.9 99.3 16.7 87.8 1191.2 96.3 798.6 100 1004.8 100 776.0 100 254.6

Table 3. Zero-shot capabilities on in-domain graph algorithmic tasks. Acc and Tok refer to task-average accuracy (%) and token consump-

tion, respectively.

ca-GrQC ca-HepTh ogbl-ppa PolBlog Cora ogbn-product
Method

Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok

GPT-4o 66.2 191.2 77.4 229.8 42.6 199.4 59.2 255.7 52.2 228.5 33.2 192.6

+CoT 68.6 244.0 77.8 268.6 48.2 238.1 60.3 311.2 54.4 272.2 33.1 199.9

+GITA 73.1 203.1 83.1 245.9 52.8 266.2 63.6 226.6 56.8 184.4 35.5 233.4

+DynamicGTR 76.5 143.2 86.3 183.4 54.4 206.3 71.9 153.0 64.5 99.2 40.1 156.1

Gemini-2.5 Pro 71.9 278.5 82.5 321.7 57.2 322.7 63.7 312.6 57.3 348.4 40.8 208.8

+CoT 72.1 316.0 82.9 345.1 59.4 338.7 64.3 332.7 57.5 388.9 42.5 229.9

+GITA 74.8 301.1 85.8 319.3 62.1 365.9 65.7 298.6 59.9 306.2 45.6 211.2

+DynamicGTR 77.9 198.8 89.7 251.3 64.8 189.2 76.4 221.9 68.6 145.3 51.9 155.0

Table 4. Zero-shot capacities on out-of-domain real-world applications across six datasets. Acc and Tok refer to task-average accuracy (%)

and token consumption, respectively.

highlight DynamicGTR’s robust transferability: The router

trained solely on synthetic algorithmic QAs on small-scale

graphs can adaptively select optimal GTRs for previously

unseen complex tasks, diverse domains, and much larger

graph sizes without additional fine-tuning. This demon-

strates that the selected graph algorithms are good gyms

for DynamicGTR to capture essential and common GTR

preference patterns across scenarios, and the DynamicGTR

routing obsesses generalizable application value to promote

VLM-based graph applications.

5.3. Ablation Study
To elucidate the necessity of the proposed GTR Routing,

we present metrics for individual GTRs in Table 5, com-

pared with the proposed GTR Router within the Dynam-

icGTR framework. As can be seen, there does not exist any

GTR that can dominate the others across tasks. For each

task, the top GTRs are highly aligned with the task prefer-

ences in the GTRP dataset (Table 2). With the GTR Router,

DynamicGTR achieves the highest Avg.GRE scores across

all tasks beyond all individual GTRs, underscoring that it

faithfully improves the overall performance according to the

current-specified accuracy-efficiency tradeoff.

5.4. Hyperparameter Effects Analysis
In this section, we discuss the effects of hyperparameters

in the framework. Tables 6 and 7 demonstrate the per-

formance effects of varying α and k, respectively, where

the reported values are averaged separately on 1) all in-

domain algorithm QAs (I.D.). 2) Link prediction (LP)

benchmarks. 3) Node classification (NC) benchmarks. For

direct comparison, we also list the best performances of

the non-DynamicGTR baselines with respect to each value

noted as ‘Best Baseline’ for reference. Due to space limits,

we show GPT-4o results here (Gemini-2.5 Pro exhibits the

same trends and is included in Appendix H).

Effects of α. Table 6 demonstrates how varying α values

in Eq. (1) influences overall performance. (1) Compared

with α = 0.5, a lower value (α = 0) makes GRE dominated

by accuracy, thereby increasing QA accuracy but at the cost

of higher token consumption. Conversely, a higher value

(α = 1) strongly penalizes token usage, resulting in greater

efficiency but reduced accuracy. This allows users to effec-
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Conn Cyc TS SP MF BGM HP
GTR Avg.GRE

Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok Acc Tok

Vdot 1.16 78.5 8.4 80.0 8.0 12.3 346.0 14.5 146.3 7.5 410.2 91.2 244.3 13.3 40.0
Vneato 1.20 95.1 7.7 87.1 8.0 3.0 30.0 20.0 130.1 10.8 387.4 87.2 280.0 11.1 40.0
Vcirco 1.13 89.7 8.2 70.7 8.0 3.0 30.0 18.2 153.5 8.1 421.3 88.2 271.6 14.4 40.0
Vfdp 0.88 96.0 8.1 60.5 8.0 3.0 30.0 17.3 150.5 8.1 389.2 82.9 295.3 4.4 74.0
Vsfdp 1.21 94.8 8.1 85.1 7.0 7.0 120.0 25.5 168.7 8.1 386.1 84.0 302.9 12.2 40.0
Tset 1.05 92.5 273.3 52.7 480.6 36.6 224.2 54.6 566.0 25.3 362.9 69.5 370.1 50.0 124.9
Tlist 1.07 89.0 218.2 53.2 359.7 34.2 206.3 55.5 518.9 24.2 400.7 65.8 410.8 50.0 107.0
Tmat 0.56 79.9 233.7 52.7 417.1 6.8 378.1 34.5 591.8 17.2 402.9 60.4 407.3 31.1 160.9
Router 1.67 96.1 38.8 89.3 75.9 41.4 176.1 68.4 499.1 36.6 385.2 92.0 233.6 61.1 76.3

Table 5. Comparison of the DynamicGTR framework with GTR Router versus single GTRs on in-domain tasks (GPT-4o). Additional

results for more VLMs in Appendix G show similar trends.

tively control the tradeoff between accuracy and efficiency

simply by adjusting α, making DynamicGTR flexible for

different deployment scenarios. (2) DynamicGTR outper-

forms the best baselines in both dimensions across all α
values in most cases. As the reflection of their preferences,

α = 0 and α = 1 always achieve the best accuracy and ef-

ficiency, respectively. (3) Furthermore, when a user wants

to adjust their preference for accuracy and efficiency, this

only requires updating α and recomputing the GTR prefer-

ences (i.e., GTRP dataset) based on the previously dumped

probed results without incurring any further API cost. In

our practices, the lightweight retraining of GTR Router can

be completed within 3 GPU-hours on one NVIDIA A100,

ensuring rapid, cost-effective adaptation to new user prefer-

ences.

Metric setting I.D. LP NC

α = 0 69.6 73.1 59.3
Acc↑ α = 0.5 69.5 72.4 58.8

α = 1 69.3 72.0 58.6
Best Baseline 61.8 69.7 52.0

α = 0 290.8 223.2 168.8
Tok↓ α = 0.5 212.0 177.6 136.1

α = 1 209.9 174.1 133.9
Best Baseline 319.8 206.8 214.8

Table 6. The accuracy and token consumption with setting differ-

ent α values. The base VLM is GPT-4o.

Effects of k. Table 7 shows the impact of the hyperpa-

rameter k. By repeating inferences across trials, increas-

ing k improves the quality of the GTR preference dataset

by aligning probing results more closely with the true GTR

priority distribution, resulting in more accurate and concise

responses. Even with limited resources, using a small k still

achieves remarkable gains compared to the best baseline.

5.5. Router Transferability for VLMs
To evaluate the cross-model generalization of the pro-

posed method, we conducted transfer experiments where

the router trained for one VLM (either GPT-4o or Gemini-

2.5 Pro) is directly used by the other without retraining.

This setup tests whether GTR preferences learned from one

Metric setting I.D. LP NC

k = 1 62.4 70.6 54.2
Acc↑ k = 5 66.2 72.1 57.8

k = 10 69.5 72.4 58.8
Best Baseline 61.8 69.7 52.0

k = 1 286.2 198.2 196.6
Tok↓ k = 5 232.4 181.6 158.9

k = 10 212.0 177.6 136.1
Best Baseline 319.8 206.8 214.8

Table 7. The accuracy and token consumption with setting differ-

ent k values. The base VLM is GPT-4o.

Metric I.D. LP NC Avg.
Transfer Gemini-2.5 Pro’s Router to GPT-4o

ΔAcc ↑ -0.3(+6.1) -0.1(+3.2) -1.4(+6.6) -0.6(+5.3)

ΔTok ↓ -35.5(-123.4) -9.2(-56.4) -40.1(-119.5) -28.3(-99.8)

Transfer GPT-4o’s Router to Gemini-2.5 Pro

ΔAcc ↑ +0.1(+1.9) +0.5(+4.0) -0.1(+9.6) +0.2(+5.2)

ΔTok ↓ +14.4(-216.2) +26.9(-47.5) +3.2(-115.6) +14.8(-126.4)

Table 8. Performance differences when a GTR router trained for

one VLM is applied to another VLM (i.e., transfer).

model’s behavior could be effectively leveraged by another.

In Table 8, the values outside parentheses are changes rel-

ative to using the router aligned with the target VLM (i.e.,

naive router). Values in parentheses are changes relative

to the best non-DynamicGTR baseline. As indicated, al-

though transferred routers can slightly underperform the na-

tive router in some cases (reflecting model-specific biases),

they consistently deliver benefits over standard baselines

in both accuracy and efficiency, demonstrating that learned

GTR preferences transfer across VLMs.

6. Conclusion
We propose DynamicGTR, a novel framework that lever-

ages the preferences of queries on diverse graph topology

representations. With extensive experiments, DynamicGTR

boosts VLM-based graph capabilities in both in-domain

tasks and out-of-domain applications, showing strong gen-

eralizability across tasks, models, and domains.
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[15] Paul Erd6s and Alfréd Rényi. On the evolution of random

graphs. Publ. Math. Inst. Hungar. Acad. Sci, 5:17–61, 1960.

4, 2

[16] J St BT Evans. Dual processes in reasoning? Cognition, 3

(2):141–154, 1974. 3

[17] Lester Randolph Ford and Delbert R Fulkerson. Maximal

flow through a network. Canadian Journal of Mathematics,

1956. 6, 3

[18] Thomas MJ Fruchterman and Edward M Reingold. Graph

drawing by force-directed placement. Software: Practice
and experience, 21(11):1129–1164, 1991. 3, 1

[19] Emden R Gansner and Stephen C North. An open graph vi-

sualization system and its applications to software engineer-

ing. Software: practice and experience, 30(11):1203–1233,

2000. 3, 1

[20] Google. Gemini-2.5 Pro. Technical report, 2025. 6

[21] Ronald J Gould. Advances on the hamiltonian problem–a

survey. Graphs and Combinatorics, 2003. 6, 3

[22] Jiayan Guo, Lun Du, Hengyu Liu, Mengyu Zhou, Xinyi He,

and Shi Han. Gpt4graph: Can large language models un-

derstand graph structured data? an empirical evaluation and

benchmarking. arXiv preprint arXiv:2305.15066, 2023. 3

[23] Will Hamilton, Zhitao Ying, and Jure Leskovec. Inductive

representation learning on large graphs. Advances in neural
information processing systems, 30, 2017. 6

[24] Pengcheng He, Jianfeng Gao, and Weizhu Chen. Deber-

tav3: Improving deberta using electra-style pre-training with

gradient-disentangled embedding sharing. arXiv preprint
arXiv:2111.09543, 2021. 6

[25] Xiangnan He, Kuan Deng, Xiang Wang, Yan Li, Yongdong

Zhang, and Meng Wang. Lightgcn: Simplifying and pow-

ering graph convolution network for recommendation. In

International Conference on Research and Development in
Information Retrieval, pages 639–648, 2020. 3

[26] John Hopcroft and Robert Tarjan. Algorithm 447: efficient

algorithms for graph manipulation. Communications of the
ACM, 16(6):372–378, 1973. 2

[27] John E Hopcroft and Richard M Karp. An nˆ5/2 algorithm

for maximum matchings in bipartite graphs. SIAM Journal
on computing, 2(4):225–231, 1973. 2

[28] Weihua Hu, Matthias Fey, Marinka Zitnik, Yuxiao Dong,

Hongyu Ren, Bowen Liu, Michele Catasta, and Jure

Leskovec. Open graph benchmark: Datasets for machine

learning on graphs. Advances in Neural Information Pro-
cessing Systems, 33:22118–22133, 2020. 6, 3

[29] Chao Huang, Huance Xu, Yong Xu, Peng Dai, Lianghao Xia,

Mengyin Lu, Liefeng Bo, Hao Xing, Xiaoping Lai, and Yan-

fang Ye. Knowledge-aware coupled graph neural network

for social recommendation. In Proceedings of the AAAI con-
ference on artificial intelligence, pages 4115–4122, 2021. 1

[30] Jinhao Jiang, Kun Zhou, Zican Dong, Keming Ye,

Wayne Xin Zhao, and Ji-Rong Wen. Structgpt: A general

framework for large language model to reason over struc-

tured data. In Proceedings of the 2023 Conference on Empir-

40830



ical Methods in Natural Language Processing, pages 9237–

9251, 2023. 2

[31] Bowen Jin, Gang Liu, Chi Han, Meng Jiang, Heng Ji, and

Jiawei Han. Large language models on graphs: A compre-

hensive survey. IEEE Transactions on Knowledge and Data
Engineering, 2024. 1

[32] Arthur B Kahn. Topological sorting of large networks. Com-
munications of ACM, 1962. 6, 2, 3

[33] Richard M Karp, Umesh V Vazirani, and Vijay V Vazirani.

An optimal algorithm for on-line bipartite matching. In Pro-
ceedings of the twenty-second annual ACM symposium on
Theory of computing, 1990. 6, 3

[34] Thomas N Kipf and Max Welling. Semi-supervised classi-

fication with graph convolutional networks. arXiv preprint
arXiv:1609.02907, 2016. 6

[35] Jure Leskovec, Jon Kleinberg, and Christos Faloutsos. Graph

evolution: Densification and shrinking diameters. ACM
transactions on Knowledge Discovery from Data (TKDD),
1(1):2–es, 2007. 6, 3

[36] Bo Li, Yuanhan Zhang, Dong Guo, Renrui Zhang, Feng Li,

Hao Zhang, Kaichen Zhang, Peiyuan Zhang, Yanwei Li, Zi-

wei Liu, et al. Llava-onevision: Easy visual task transfer.

arXiv preprint arXiv:2408.03326, 2024. 6, 4

[37] Yunxin Li, Baotian Hu, Haoyuan Shi, Wei Wang, Longyue

Wang, and Min Zhang. Visiongraph: Leveraging large mul-

timodal models for graph theory problems in visual context.

arXiv preprint arXiv:2405.04950, 2024. 1, 2, 3, 6, 4

[38] Mark EJ Newman and Michelle Girvan. Finding and evalu-

ating community structure in networks. Physical review E,

69(2):026113, 2004. 3

[39] OpenAI. GPT-4o. Technical report, 2024. 6

[40] Bryan Perozzi, Bahare Fatemi, Dustin Zelle, Anton Tsitsulin,

Mehran Kazemi, Rami Al-Rfou, and Jonathan Halcrow. Let

your graph do the talking: Encoding structured data for llms.

arXiv preprint arXiv:2402.05862, 2024. 1, 2, 3

[41] Qwen. Qwen3-VL. Technical report, 2024. 6, 4

[42] Robert Sedgewick. Algorithms in C, part 5: graph algo-
rithms. Pearson Education, 2001. 6, 3

[43] Jiabin Tang, Yuhao Yang, Wei Wei, Lei Shi, Lixin Su, Suqi

Cheng, Dawei Yin, and Chao Huang. Graphgpt: Graph in-

struction tuning for large language models. arXiv preprint
arXiv:2310.13023, 2023. 2, 3

[44] Jianheng Tang, Qifan Zhang, Yuhan Li, Nuo Chen, and Jia

Li. Grapharena: Evaluating and exploring large language

models on graph computation. In The Thirteenth Interna-
tional Conference on Learning Representations, 2025. 3, 4

[45] Robert Endre Tarjan. Efficiency of a good but not linear set

union algorithm. Journal of the ACM (JACM), 22(2):215–

225, 1975. 2

[46] Petar Velickovic, Guillem Cucurull, Arantxa Casanova,

Adriana Romero, Pietro Lio, Yoshua Bengio, et al. Graph

attention networks. stat, 1050(20):10–48550, 2017. 6

[47] Heng Wang, Shangbin Feng, Tianxing He, Zhaoxuan Tan,

Xiaochuang Han, and Yulia Tsvetkov. Can language models

solve graph problems in natural language? Advances in Neu-
ral Information Processing Systems, 36:30840–30861, 2023.

1, 3, 6, 4

[48] Zhen Wang, Jianwen Zhang, Jianlin Feng, and Zheng Chen.

Knowledge graph embedding by translating on hyperplanes.

In Proceedings of the AAAI conference on artificial intelli-
gence, 2014. 1

[49] Stanley Wasserman and Katherine Faust. Social network

analysis: Methods and applications. 1994. 1, 3

[50] Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten

Bosma, Brian Ichter, Fei Xia, Ed H. Chi, Quoc V Le, and

Denny Zhou. Chain of thought prompting elicits reasoning

in large language models. In Proceedings of Neural Infor-
mation Processing Systems, 2022. 6, 4

[51] Yanbin Wei, Shuai Fu, Weisen Jiang, James T Kwok, and Yu

Zhang. Rendering graphs for graph reasoning in multimodal

large language models. arXiv preprint arXiv:2402.02130, 1,

2024. 4, 1

[52] Yanbin Wei, Shuai Fu, Weisen Jiang, Zejian Zhang, Zhix-

iong Zeng, Qi Wu, James Kwok, and Yu Zhang. Gita: Graph

to visual and textual integration for vision-language graph

reasoning. Advances in Neural Information Processing Sys-
tems, 37:44–72, 2024. 1, 3, 6, 4

[53] Zonghan Wu, Shirui Pan, Fengwen Chen, Guodong Long,

Chengqi Zhang, and Philip S Yu. A comprehensive survey

on graph neural networks. IEEE Transactions on Neural Net-
works and Learning Systems, 2020. 6

[54] Keyulu Xu, Weihua Hu, Jure Leskovec, and Stefanie Jegelka.

How powerful are graph neural networks? arXiv preprint
arXiv:1810.00826, 2018. 6

[55] Yoshihiro Yamanishi, Michihiro Araki, Alex Gutteridge,

Wataru Honda, and Minoru Kanehisa. Prediction of drug–

target interaction networks from the integration of chemi-

cal and genomic spaces. Bioinformatics, 24(13):i232–i240,

2008. 3

[56] Zhilin Yang, William Cohen, and Ruslan Salakhudinov. Re-

visiting semi-supervised learning with graph embeddings. In

International conference on machine learning, pages 40–48.

PMLR, 2016. 6, 3

[57] Ruosong Ye, Caiqi Zhang, Runhui Wang, Shuyuan Xu, and

Yongfeng Zhang. Language is all a graph needs. arXiv
preprint arXiv:2308.07134, 2023. 1, 3

[58] Jiawei Zhang. Graph-toolformer: To empower llms with

graph reasoning ability via prompt augmented by chatgpt.

arXiv preprint arXiv:2304.11116, 2023. 2

[59] Pingrui Zhang, Yifei Su, Pengyuan Wu, Dong An, Li Zhang,

Zhigang Wang, Dong Wang, Yan Ding, Bin Zhao, and Xue-

long Li. Cross from left to right brain: Adaptive text

dreamer for vision-and-language navigation. arXiv preprint
arXiv:2505.20897, 2025. 9

[60] Qifan Zhang, Xiaobin Hong, Jianheng Tang, Nuo Chen,

Yuhan Li, Wenzhong Li, Jing Tang, and Jia Li. Gcoder: Im-

proving large language model for generalized graph problem

solving. arXiv preprint arXiv:2410.19084, 2024. 2, 3

[61] Dachuan Zhao, Weiyue Li, Zhenda Shen, Yushu Qiu, Bowen

Xu, Haoyu Chen, and Yongchao Chen. Bias is a sub-

space, not a coordinate: A geometric rethinking of post-

hoc debiasing in vision-language models. arXiv preprint
arXiv:2511.18123, 2025. 9

40831



[62] Jianan Zhao, Le Zhuo, Yikang Shen, Meng Qu, Kai Liu,

Michael Bronstein, Zhaocheng Zhu, and Jian Tang. Graph-

text: Graph reasoning in text space. arXiv preprint
arXiv:2310.01089, 2023. 3

[63] Chunzheng Zhu, Yangfang Lin, Shen Chen, Yijun Wang,

and Jianxin Lin. Medeyes: Learning dynamic visual fo-

cus for medical progressive diagnosis. arXiv preprint
arXiv:2511.22018, 2025. 9

[64] Chunzheng Zhu, Yangfang Lin, Jialin Shao, Jianxin Lin,

and Yijun Wang. Pathology-aware prototype evolution via

llm-driven semantic disambiguation for multicenter diabetic

retinopathy diagnosis. In Proceedings of the 33rd ACM In-
ternational Conference on Multimedia, pages 9196–9205,

2025. 9

40832


