GRAPHDANCER: Training LLMs to Explore and Reason over Graphs via
Curriculum Reinforcement Learning

Anonymous ACL submission

Abstract

Large language models (LLMs) increasingly
rely on external knowledge to improve factu-
ality, yet many real-world knowledge sources
are organized as heterogeneous graphs rather
than plain text. Reasoning over such graph-
structured knowledge poses two key challenges:
(1) navigating structured, schema-defined re-
lations requires precise function calls rather
than similarity-based retrieval, and (2) answer-
ing complex questions often demands multi-
hop evidence aggregation through iterative
information seeking. We propose GRAPH-
DANCER, a reinforcement learning (RL) frame-
work that teaches LLMs to navigate graphs
by interleaving reasoning and function exe-
cution. To make RL effective for moderate-
sized LLMs, we introduce a graph-aware cur-
riculum that schedules training by the struc-
tural complexity of information-seeking tra-
jectories using an easy-to-hard biased sam-
pler. We evaluate GRAPHDANCER on a multi-
domain benchmark by training on one do-
main only and testing on unseen domains and
out-of-distribution question types. Despite
using only a 3B backbone, GRAPHDANCER
outperforms baselines equipped with either a
14B backbone or GPT-40-mini, demonstrating
robust cross-domain generalization of graph
exploration and reasoning skills. Our code
is available at https://anonymous.4open.
science/r/GraphDancer.

1 Introduction

The internal parameters of LL.Ms are often insuf-
ficient to capture external knowledge that is both
rapidly evolving (Vu et al., 2024) and extremely
long-tailed (Sun et al., 2024b). Consequently, es-
tablishing a framework that enables LLMs to inter-
act with external knowledge sources is necessary to
improve their factuality and reliability (Ji et al.,
2023). Retrieval-augmented generation (RAG;
Lewis et al., 2020) has become a mainstream so-
lution toward this goal. However, when external

knowledge is not organized as plain text corpora
but instead interconnected in graph structures (Han
et al., 2024; Sun et al., 2024a; Ma et al., 2025), two
major challenges arise.

First, graphs may contain heterogeneous node
and edge types (e.g., [GENE] is upregulated in
[ANATOMY] vs. [GENE] is downregulated in
[ANATOMY]), making it inadequate to retrieve
information solely through semantic similarity
search. Instead, effective information access re-
quires precisely defined function calls (e.g., finding
genes connected to a given anatomy entity via “is
upregulated in””). Second, reasoning over graphs
usually requires capturing complex, multi-hop con-
nections between nodes. This makes it impractical
to force the model to acquire all necessary infor-
mation in a single round. Instead, an adaptive,
multi-round process is needed, in which informa-
tion seeking and reasoning steps are interleaved
(e.g., subsequent function calls should be based on
the gene nodes obtained in the current round).

To elicit multi-round graph interaction capabil-
ities in LL.Ms, existing studies (Jin et al., 2024;
Amayuelas et al., 2025; Gao et al., 2025; Kash-
mira et al., 2025) have proposed various prompt-
ing strategies. However, compared with actual
model training, prompting-based approaches are
less effective at helping models internalize the so-
phisticated graph interaction skills. On the other
hand, training models via supervised fine-tuning
(SFT) to access external knowledge (Schick et al.,
2023; Asai et al., 2024) struggles to generalize to
new graphs and domains, such as those with novel
node/edge types, function calls, or tasks.

Contributions. To address the aforementioned
challenges, in this paper, we propose an RL frame-
work, GRAPHDANCER, that enables LLMs to thor-
oughly and generalizably acquire the ability to in-
teract with and reason over graphs in an adaptive,
interleaved fashion. This solution is not only mo-
tivated by the recent success of RL in enhancing
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Figure 1: Overview of GRAPHDANCER framework.

LLM reasoning (Guo et al., 2025) and information
seeking (Jin et al., 2025), but also by the natu-
ral formulation of graph interaction as a decision-
making process: graphs can be viewed as envi-
ronments, function calls as actions, and the learn-
ing of graph interaction as exploring the environ-
ment through actions. Meanwhile, to make this
solution applicable to open-source, moderate-sized
LLMs (e.g., Qwen2.5-3B-Instruct; Yang et al.,
2024), we propose to incorporate curriculum learn-
ing (Bengio et al., 2009; Parashar et al., 2025) into
RL training, progressively increasing task difficulty
to overcome their inherent reasoning limitations
compared to larger models. Moreover, our curricu-
lum introduces a novel graph-aware design. At
the beginning of RL training, the vast majority of
questions require only one-hop information seek-
ing or reasoning over the graph (e.g., “Who are the
authors of the ResNet paper?””). As training pro-
gresses, these are gradually replaced by questions
that rely on multi-hop connections and multi-round
information seeking (e.g., “Which venue did Kaim-
ing He and Ross Girshick collaborate most?”).

To demonstrate the efficacy and generalizability
of GRAPHDANCER, we train it on only one domain
(i.e., ACADEMIC) from the existing benchmark (Jin
et al., 2024) and evaluate it on the other domains
(i.e., E-COMMERCE, LITERATURE, HEALTHCARE,
and LEGAL). Additionally, during evaluation, the
model encounters never-seen-before, completely
out-of-distribution (OOD) question types, such as

those that cannot be answered by simply looking
up the graph, yet where the graph may still pro-
vide valuable context (e.g., “What book should be
recommended to the user if they just read The Old
Man and the Sea?”’). Experimental results demon-
strate that GRAPHDANCER, with a 3B backbone,
outperforms baselines equipped with either a 14B
backbone or GPT-40-mini, particularly on hard
and OOD questions in specific domains. Further
analysis shows that GRAPHDANCER substantially
improves the LLM’s behavioral reliability, notably
increasing the rate of format-valid multi-round in-
teractions. These results indicate that our model
has internalized the ability to explore and reason
over graphs, generalizing to new domains, unseen
node/edge types, and novel question types.

The contributions of our work are as follows:

* We propose GRAPHDANCER, an RL framework
that teaches LLMs to interact with and reason
over graphs in an adaptive, multi-round fash-
ion, enabling the internalization of sophisticated
graph exploration skills.

* We introduce a novel graph-aware curriculum
that gradually increases question difficulty from
one-hop to multi-hop and multi-round reasoning,
allowing moderate-sized LLMs to progressively
acquire complex graph reasoning abilities.

* We demonstrate the effectiveness and generaliz-
ability of GRAPHDANCER via evaluation on mul-
tiple unseen domains and OOD question types,
where it outperforms competitive baselines with



larger LLM backbones.

2 The GRAPHDANCER Framework

In this section, we present GRAPHDANCER, an RL
framework that trains an LLM to adaptively inter-
act with a graph via predefined function calls and to
interleave information seeking with multi-step rea-
soning. We formulate graph-augmented reasoning
as an interactive process in which the model alter-
nates between natural-language reasoning and issu-
ing graph function calls to acquire evidence. The
model is trained via RL to internalize this multi-
round interaction behavior, together with a graph-
aware curriculum that schedules training examples
by the structural complexity of their information-
seeking traces. Figure 1 provides an overview of
our GRAPHDANCER framework.

2.1 Problem Setup

Let G = (V,€) be a text-attributed graph with
heterogeneous node/edge types (Jin et al., 2023),
such as an academic network with papers, authors,
and venues. Each node v € V is associated with a
set of textual fields (e.g., title, name, abstract)
and typed relations to other nodes. Given a question
x and the graph environment G, the model needs to
produce a natural-language answer y by interacting
with G through a set of executable graph functions.

We model the process of answering a question
as an episodic Markov decision process (MDP). At
round ¢, the agent observes a state s; comprising
(1) the question z, (2) the history of prior reasoning
and actions, and (3) the graph observations returned
by previous function calls. The agent then selects
an action ay (i.e., a graph function call), receives an
observation o, (i.e., results returned by the function
call), and updates its state. An episode terminates
when the agent produces a final answer or reaches
a maximum of 7" rounds.

2.2 LLM Reasoning with Graph Interaction

We use a simple interaction format to expose tool
use to the LLM, inspired by multi-turn search call-
ing (Jin et al., 2025). Specifically, the model gener-
ates a sequence interleaving three block types:

Reasoning block: <think> --- </think> contain-
ing non-executable reasoning text.

Action block: <graph> - --
one or more function calls.

</graph> containing

Observation block: <information> - .- </infor-
mation> appended by the environment after exe-
cuting the action block.

The final output is produced in an <answer> - - -
</answer> block.

Graph Function Calls. To enable precise access
over heterogeneous graphs, the agent does not re-
trieve arbitrary text as in vanilla RAG (Lewis et al.,
2020). Instead, it invokes a small set of determinis-
tic functions. Following the environment design in
Jin et al. (2024), we assume the agent has access to
the following predefined graph functions:

RetrieveNode(Text): returns a ranked list of
node IDs relevant to a textual query.

NodeFeature(NodelID, FeatureName): returns the
requested textual field for a node.

NeighborCheck(NodeID,NeighborType): returns
neighbor node IDs under a specified typed relation.

NodeDegree(NodeID, NeighborType): returns the
count of neighbors under a specified typed relation.

The environment validates each function call
(including its name and arguments) and returns
structured results (e.g., IDs or textual attributes) en-
closed in <information> --- </information>.

2.3 Training LLMs to Interact with Graphs

We train a policy model 7y using rule-based reward,
framing graph interaction as a sequential decision-
making process. Crucially, the policy only gen-
erates agent tokens (reasoning, tool calls, and the
final answer), while the graph environment deter-
ministically executes tool calls and injects observa-
tion tokens that are not sampled from 7g.

Let y denote the concatenation of all agent-
generated tokens in an episode, and let 7 =
Env(zx,G,y) be the full transcript formed by inter-
leaving y with environment-inserted observations.
Thus, 7 is a deterministic function of the context
(z,G) and the agent’s actions y given the tool ex-
ecutor. We optimize the following objective:

max E;wp, yor, [7“(337 g, 7)]
0 ey
— By [ Dxr(mo || mrer)]

where 7y and ¢ are shorthand for the conditional
distributions 7y (- | 2;G) and e (- | x; G), respec-
tively; mr is a fixed reference model; D denotes
the training set; and -y is the KL-penalty coefficient.

Reward Design. We adopt a rule-based reward
r(x,G, ) that primarily targets final answer cor-
rectness, with lightweight format shaping to en-
courage a well-formed interaction trace. Con-
cretely, an episode receives an accuracy reward
based on whether the content in the final <answer>



block matches the ground-truth answer. In addi-
tion, we apply a format reward to encourage adher-
ence to the prescribed interaction protocol, which
helps prevent malformed traces that cannot be ex-
ecuted by the environment or traces that omit the
<answer> block. The complete reward definition
and its mathematical formulation are provided in
Appendix A.1.

2.4 Structural Difficulty of Graph Interaction

Graph interaction naturally decomposes into a se-
quence of information-seeking rounds, where func-
tion calls issued within the same round are expected
to be independent of one another. Independence
here means that each call relies only on entities al-
ready available in the agent’s state at the beginning
of the round, rather than on the outputs of other
calls in the same round. As a result, calls within
a round can, in principle, be executed in parallel.
After receiving the returned evidence, the agent
updates its state and determines the next action in
the subsequent round.

Scope of an Information-Seeking Round. To
quantify how a round expands the agent’s explored
subgraph, we focus on the node identifiers returned
by the environment. Let A; = {cy1,..., ¢ 4,}
denote the set of graph function calls issued in
round ¢, and let Nodes(-) extract the set of node IDs
from a tool output. For a call ¢ € A; whose return
type does not include node identifiers (e.g., textual
fields or scalar values), we define Nodes(c) = ().
We then define the set of node IDs surfaced in
round ¢ as Uy = |Jc 4, Nodes(c).

Uy can be viewed as a measure of how much the
model expands its exploration scope on the graph in
round ¢. Based on this measure, we can categorize
information-seeking rounds into two types:

Singleton lookup round (S-round): This round in-
troduces exactly one node (i.e., || = 1).

Neighborhood expansion round (E-round): This
round brings in multiple nodes (i.e., [U| > 1).

Typically, S-rounds occur when the agent needs
to identify a single pivot node for subsequent rea-
soning, such as resolving an entity mention to
a unique node via RetrieveNode (e.g., mapping
“ResNet” to its corresponding paper node) or re-
trieving a typed neighbor that is unique under the
graph schema (e.g., obtaining the sole “published
in” venue of a paper). In contrast, E-rounds involve
neighborhood expansions that introduce multiple
candidate nodes, requiring downstream selection
or aggregation.

Structural Difficulty. The difficulty of graph inter-
action varies across questions. To quantify this, we
operationalize graph-aware difficulty based on the
round decomposition above, using the total number
of rounds and the number of E-rounds:

Easy questions require a single round of informa-
tion seeking, regardless of whether it is an S-round
or an E-round.

Medium questions require multiple rounds but at
most one E-round.

Hard questions require at least two E-rounds, re-
flecting repeated neighborhood expansions fol-
lowed by aggregation or path reasoning.

This categorization directly informs our graph-
aware curriculum (to be described below), which
schedules training from S-round-dominated ques-
tions toward those with multiple E-rounds.

2.5 Graph-Aware Curriculum RL

RL struggles on hard reasoning tasks because
moderate-sized LLMs often perform poorly in the
zero-shot setting, and task-specific rewards are
sparse, making direct learning unstable and ineffi-
cient (Parashar et al., 2025). Curriculum learning
(Bengio et al., 2009) addresses this by training from
easier to harder tasks and decomposing complex
skill acquisition into manageable steps. In our set-
ting, this idea can be implemented via the structural
difficulty defined above.

Easy-to-Hard Sampling with a Biased Mixture.
Let k € {1,..., K} index our graph-aware diffi-
culty levels (e.g., K = 3 when we have the cate-
gorization in Section 2.4), ordered from easiest to
hardest. We adopt Gaussian curriculum sampling
(Parashar et al., 2025), which converts a scheduler
score into a probability distribution:

S(t, k)
k) = : (2)
pt( ) 521 S(t,k/)

Here, S(t,k) > 0 specifies the sampling prefer-
ence for difficulty level k at RL step ¢. Prior easy-
to-hard schedules (Team et al., 2025; Bercovich
et al., 2025) typically define S(¢, k) using a single
parametric shape that shifts mass over time. In our
setting, a pure easy-to-hard schedule can be brit-
tle. This is because hard questions with multiple
E-rounds exhibit branching expansions and longer-
horizon credit assignment. In this case, overly ag-
gressive exposure can produce low-reward rollouts
and unstable updates, while concentrating too late



may impede the consolidation of prerequisite tool-
use behaviors. To improve robustness and encode
task-specific sampling preferences, we propose a
time-varying convex mixture scheduler. Specifi-
cally, we define a normalized level distribution as:

pe(k) = (1 =n(t)) pg(t, k) + n(t)q(k), B3)

where pg(t, -) is the Gaussian curriculum distribu-
tion at step ¢ (shape controlled by hyperparameters
such as o and the shifting mean), ¢(-) is a fixed
bias prior over levels, and 7(t) € [0, 1] controls
the mixing strength. In GRAPHDANCER, we use a
linear schedule:

t

m(ﬁend - Ustaxt), “4)

n(t) = Nsare +
where TRy is the number of RL training steps, and
t=0,1,...,TrL — 1.

Finally, for notational consistency with Eq. 2,
we interpret p; as induced by a scheduler S(¢, k) o
pe(k). We sample k& ~ p;(-) and then select an
instance uniformly within level k. This biased-
mixture design preserves the smooth easy-to-hard
progression of p, while maintaining controlled ex-
posure to each level, which helps the model learn
stable and generalizable graph tool-use behaviors
under sparse rule-based rewards.

2.6 Training Procedure

We summarize the end-to-end training pipeline
of GRAPHDANCER. We initialize my from an
instruction-tuned backbone and construct the graph-
aware difficulty levels (Easy/Medium/Hard). Dur-
ing RL, at each step ¢, we sample a level from
our biased-mixture curriculum (Egs. 3-4) and uni-
formly select an instance from that level. We
roll out an interleaved trajectory under a fixed
interaction budget, compute the rule-based re-
ward r(z, G, 7) (Eq. 5 in Appendix A.1), and up-
date the policy under KL regularization, masking
environment-injected observation tokens so that
gradients are applied only to agent-generated to-
kens. The full procedure is given in Algorithm 1.

3 Experiments

3.1 Experimental Setup

Dataset. We use GRBench (Jin et al., 2024) to
assess the ability of LLMs to interact with graphs.
In this benchmark, we train on the ACADEMIC
domain only and test cross-domain generalization
on four unseen domains: E-COMMERCE, LITER-

Algorithm 1 GRAPHDANCER

1: Imput: dataset D of (z, G, y*); graph executor Env; ref-
erence policy yer
2: Hyperparameters: RL steps Tr1,, max rounds 7', KL
coefficient 3, epochs F, minibatches B, curriculum pa-
rameters (pg., ¢, 7())
3: Initialize policy m¢ from backbone (optional format
warmup SFT)
4: Preprocess: compute round decomposition and assign
each instance to a difficulty level (Section 2.4)
5: fort =0toTry, — 1do
6:  Compute curriculum distribution P (-) using Eqs. 3-4
7:  Sample level k ~ p¢(-); sample (x, G, y*) uniformly
from level k
8:  Roll out agent tokens y ~ mo (- | 2; G) with at most T
rounds of <graph> calls
9:  Form transcript 7 < Env(zx, G, y) by executing calls
and injecting <information> blocks
10:  Compute reward r(z, G, 7) (Eq. 5 in Appendix A.1)
11: Compute token-wise advantages on agent-generated
tokens only (mask observation tokens)
12:  fore=1to E' do

13: Update 6 on B minibatches, using KL regulariza-
tion to Trer (Eq. 1)

14:  end for

15: end for

16: Return: trained policy g

ATURE, HEALTHCARE, and LEGAL. The ACA-
DEMIC training set contains only questions that
were originally labeled Easy or Medium in GR-
Bench (i.e., questions that can always be correctly
answered if the model interacts with the graph prop-
erly), which we reclassify into Easy, Medium, and
Hard according to our structural difficulty catego-
rization (Section 2.4). Questions that were origi-
nally labeled Hard in GRBench (i.e., those that can-
not be answered by simply looking up the graph,
though the graph may still provide useful context)
are treated as out-of-distribution (OOD) samples.
They are excluded from training and used solely for
evaluation. The detailed statistics of the datasets
can be found in Table 1.

Domain Easy Medium Hard OOD Total
ACADEMIC 370 120 310 50 850
E-COMMERCE 80 40 40 40 200
LITERATURE 130 30 70 10 240
HEALTHCARE 100 150 20 0 270
LEGAL 90 40 30 20 180

Table 1: Dataset statistics. Red : training data. Blue :
testing data. Difficulty levels are defined in Section 2.4.

Baselines. We evaluate our framework against both
prompting approaches and the vanilla RL baseline.

For prompting baselines, we consider Tex-
tRAG (Gao et al., 2023), GraphRAG (Ye et al.,
2024), Think-on-Graph 2.0 (Ma et al., 2025;
dubbed as ToG-2), and Graph-CoT (Jin et al.,
2024). Jin et al. (2024) report the performance



E-COMMERCE LITERATURE HEALTHCARE  LEGAL Average Gap
Method Model R-L GS R-L GS R-L GS R-L GS R-L GS A
TextRAG (Gao et al., 2023) GPT-3.5-turbo 14.06 20.00 10.04 20.83 4.57 852 18.14 23.89 11.70 18.31 1264
GraphRAG (Ye et al., 2024) GPT-3.5-turbo 17.52 28.00 1494 2417 8.69 14.07 18.66 22.22 1495 22.12 1229
ToG-2 (Ma et al., 2025) GPT-40-mini 29.28 35.00 21.97 30.42 18.66 18.89 25.59 23.33 23.88 2691 116.0
GPT-3.5-turbo 42.40 4450 4159 46.25 2233 29.89 30.52 28.33 34.21 3724 15.7
Graph-CoT (Jin et al., 2024) GPT-40-mini 37.06 39.50 36.04 46.25 39.88 41.48 3547 40.00 37.11 41.81 12.0
P v Qwen2.5-3B-Instruct 43.58 41.00 43.60 47.50 27.47 26.67 30.68 35.56 36.33 37.68 144
Qwen3-14B 3991 4250 48.03 53.33 38.82 36.67 32.66 35.56 39.85 42.01 10.5
Vanilla RL Qwen2.5-3B-Instruct 45.66 45.00 47.36 49.17 27.09 2593 33.84 36.11 38.49 39.05 12.7
GRAPHDANCER Qwen2.5-3B-Instruct 48.87 47.00 43.82 49.58 31.55 29.63 38.25 42.78 40.62 42.25 -

Table 2: Main results on GRbench. We highlight the Average performance ( purple columns)

Gap (A) compared to our method ( green column).

of TextRAG, GraphRAG, and Graph-CoT using
GPT-3.5-turbo (Ouyang et al., 2022) as the back-
bone, which we directly adopt. In addition, we ex-
periment with more recent and diverse backbones,
including GPT-40-mini (Hurst et al., 2024) on
ToG-2, and GPT-40-mini, Qwen2.5-3B-Instruct
(Yang et al., 2024), and Qwen3-14B (Yang et al.,
2025) on Graph-CoT.

The Vanilla RL baseline can be viewed as an
ablation of GRAPHDANCER, using the same re-
ward function and hyperparameters but without
the proposed graph-aware curriculum. For both
Vanilla RL and GRAPHDANCER, we require an
open-source backbone and adopt the moderate-
sized Qwen2.5-3B-Instruct.

Evaluation Metrics. We report two complemen-
tary metrics: Rouge-L (Lin and Och, 2004) be-
tween the generated answer and the reference, and
GPT4Score, an LL.M-as-a-judge score (Li et al.,
2025) computed with the same prompt and rubric
as in Jin et al. (2024).

3.2 Overall Performance

Table 2 compares GRAPHDANCER with the base-
lines across four unseen domains. Overall, GRAPH-
DANCER achieves the best average performance
(40.62 Rouge-L / 42.25 GPT4Score) despite using
a 3B backbone.

GRAPHDANCER can make a small backbone
competitive for graph interaction. Despite its
smaller size, GRAPHDANCER matches or outper-
forms larger prompting-based baselines on aver-
age, including Graph-CoT with Qwen3-14B (39.85
Rouge-L / 42.01 GPT4Score) and GPT-40-mini.
This suggests that directly optimizing the multi-
round reasoning—action—observation loop
can provide benefits beyond in-context prompting,
particularly when tool use and long-horizon credit
assignment are critical.

Domain transfer is strong but not uniform. Com-

and the performance

Domain Method Easy Medium Hard OOD
Graph-CoT 61.71 11.16 7.05 11.81
ACADEMIC Vanilla RL 56.51 2220 18.12 17.64
GRAPHDANCER 67.52 55.04 20.33 18.20
Graph-CoT 8234 3847 11.64 3.49
E-COMMERCE Vanilla RL 82.03 4731 1241 477
GRAPHDANCER 84.96 5226 16.23 4.90
Graph-CoT 63.52 55.14 6.59 1.67
LITERATURE  Vanilla RL 65.80 5544 1528 1.96
GRAPHDANCER 68.22 48.22 2.53 4.58
Graph-CoT 6323  7.09 0.00 -
HEALTHCARE Vanilla RL 61.13 7.07 5.00 -
GRAPHDANCER 64.27 14.01 0.00 -
Graph-CoT 5293  9.04 439 429
LEGAL Vanilla RL 53.07 1398 4.00 19.33
GRAPHDANCER 58.14 16.73 15.06 16.11

Table 3: Difficulty-wise Rouge-L (%) across domains.
Easy/Medium/Hard/OOD split follows our structural
definition (Section 2.4). The ACADEMIC Easy/Medi-
um/Hard subsets correspond to the training set (OOD
excluded from training). All three baselines are using
Qwen2.5-3B-Instruct as LLM backbone.

pared with Vanilla RL, GRAPHDANCER improves
Rouge-L. on E-COMMERCE (+3.21) and LEGAL
(+4.41), and also yields gains on HEALTHCARE.
However, performance drops on LITERATURE, in-
dicating that cross-domain transfer may depend
on domain-specific graph structures and answer
distributions. We therefore complement aggregate
scores with a difficulty-wise analysis below to bet-
ter localize where the curriculum is most effective.

3.3 Impact of Graph-Aware Curriculum

Table 3 breaks down Rouge-L by structural dif-
ficulty. On the ACADEMIC training domain, the
largest gap between GRAPHDANCER and Vanilla
RL appears on Medium samples (55.04 vs. 22.20),
which require multi-round interaction but limited
branching. This pattern aligns with our motivation:
scheduling from S-round-dominated samples to
more involved traces can increase the frequency of
successful multi-round trajectories early in training,
mitigating sparse-reward instability.



On unseen domains, GRAPHDANCER exhibits
clear gains on Hard samples in E-COMMERCE
(16.23 vs. 12.41) and especially LEGAL (15.06 vs.
4.00), suggesting improved robustness when re-
peated neighborhood expansions are required. At
the same time, LITERATURE and HEALTHCARE re-
main challenging on Hard subsets, where GRAPH-
DANCER does not consistently outperform Vanilla
RL. For OOD questions, GRAPHDANCER is com-
petitive and improves in E-COMMERCE and LITER-
ATURE. However, gains are not uniform across all
domains (e.g., LEGAL-OOD). These mixed results
indicate that the curriculum primarily strengthens
structured, multi-round tool use, while open-ended
OOD answering may require additional objectives
beyond rule-based rewards.

3.4 Qualitative Analysis

To assess whether GRAPHDANCER has internal-
ized generalizable graph exploration skills rather
than memorizing domain-specific patterns, we an-
alyze a Medium-difficulty instance from the E-
COMMERCE domain, which is unseen during train-
ing. The question asks for the price of an item
bought together with a specific loudspeaker, re-
quiring a two-hop reasoning path: Anchor Item —
Neighbor Item — Price.

Figure 2 compares the reasoning trajectories.
Both models correctly identify the anchor node
(BOOONJIIYHY). However, their behaviors diverge
markedly during graph traversal. Vanilla RL lacks
a robust expansion strategy: it uses NodeDegree
to verify the existence of a neighbor but fails to
retrieve the corresponding node ID. It then attempts
to hallucinate a node identifier (. . . _item_0) based
on a pseudo-array indexing logic, which results in
a function-call error. Following this failure, the
baseline queries the anchor node’s price instead of
the neighbor’s, leading to an incorrect answer.

In contrast, GRAPHDANCER correctly decom-
poses the query. It uses NeighborCheck to retrieve
the exact ID of the associated item, and then per-
forms a second hop with NodeFeature on this new
node to obtain the correct price ($12.95).

This case highlights that GRAPHDANCER has
learned the syntax of exploration (e.g., “get ID
first, then query attributes”), enabling it to navigate
unseen schemas effectively, whereas the baseline
struggles with valid tool chaining and falls back on

1

'For visual clarity and space constraints, the prompts and
observations presented here are slightly paraphrased without
altering the semantics. Please refer to Appendix B.2 for the
complete outputs.

Case Study: Cross-domain generalization. Interaction
traces on a Medium-difficulty query (E-COMMERCE)

Question (E-COMMERCE):

What is the usual price of the items often purchased together
with “PYLE-PRO PPHP1293 - 800 Watt 12” Two-Way Plastic Molded
Loudspeaker”?

Baseline (Vanilla RL):

<think> Locate the item node first. </think>

<graph> RetrieveNode[PYLE-PRO...] </graph>

<information> [B@OONJIYHY] </information>

<think> Check degree of bought_together neighbors. </think>
<graph> NodeDegree[BOOONJIYHY, bought_together] </graph>
<information> [1] </information>

<think> Access the neighbor using index @. </think>
<graph> NodeFeature[BOOONJIYHY bought_together_item_9,
price] </graph>
<information> Node or
</information>

<think> Access failed. I will assume the price is similar
to the original item. </think>

<graph> NodeFeature[BOOONJIYHY, price] — [140.43] </graph>
<answer> 140.43 </answer> (X Wrong: Returns anchor price)

feature name does not exist.

Ours (GraphDancer): Structured Graph Exploration

<think> Find anchor node, then find its neighbors. </think>
<graph> RetrieveNode[PYLE-PRO. . .]</graph>

<information> [B@@ONJIYHY] </information>

<think> I need the ID of the neighbor to query its price.
</think>
<graph>
</graph>
<information> [’B@OQOE1U4WY’] </information>

<think> Now query the price of the found neighbor BO@OE1U4WY.
</think>

<graph> NodeFeature[BOOOE1U4WY, price] </graph>
<information> [12.95]</information>

<answer> 12.95 </answer> (v Correct)

NeighborCheck[BOOONJIYHY, bought_together] —

shallow heuristics.

3.5 Error Analysis of Graph Interaction

To investigate the behavioral shifts induced by our
training, we decompose each episode into four mu-
tually exclusive outcomes: Correct, Invalid Format
(invalid tool calls), Loop / Timeout (exceeding the
interaction budget), and Premature Stop (terminat-
ing with an incorrect answer). Figure 3 summarizes
the resulting outcome distribution across the four
test domains.

Overall, GRAPHDANCER improves the suc-
cess rate (39.0%) compared with the base model
(36.6%) and Vanilla RL (37.2%). More im-
portantly, GRAPHDANCER substantially reduces
navigational paralysis: Loop / Timeout drops to
11.8% of all episodes, versus 21.2% (Qwen2.5-3B-
Instruct) and 19.8% (Vanilla RL). When condition-
ing on incorrect episodes only, the proportion of
Loop / Timeout nearly halves from 33.5%/31.5%
to 19.3%, indicating that the curriculum teaches
the agent to navigate purposefully and to recognize
when to terminate exploration.

This reduction in aimless navigation comes with
a shift in the residual error profile toward Pre-
mature Stop. Its overall proportion increases to
43.5% (and 71.3% among incorrect episodes),
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Figure 3: Outcome breakdown over all evaluation
episodes. Each bar decomposes episodes into Correct
and three failure modes: Invalid Format, Loop / Time-
out, and Premature Stop. GRAPHDANCER increases the
overall success rate and noticeably reduces Loop / Time-
out, while the remaining errors are more concentrated
in Premature Stop.

which reflects a trade-off between exploration
depth and timely termination, especially for multi-
hop queries. While still an error, this represents
a qualitative improvement: the agent is no longer
stalling or crashing, but actively attempting to for-
mulate an answer. Finally, GRAPHDANCER mit-
igates the instability of standard RL fine-tuning:
while Vanilla RL exhibits a higher rate of Invalid
Format (8.1%), GRAPHDANCER reduces it to 5.7 %,
better preserving adherence to the function-calling
schema during exploration.

4 Related Work

LLM Agents on Graphs. While early works pri-
marily focused on static integration, either using
LLMs to enhance Graph Neural Networks (Gori
et al., 2005; Santoro et al., 2017; Zhou et al., 2020)
via feature extraction (Zhao et al., 2023; Duan
et al., 2023) or linearizing graph structures for di-
rect LLM processing (Ye et al., 2024), these ap-
proaches often struggle with the complexity of
multi-hop reasoning over external knowledge. Con-
sequently, recent research has shifted toward an
agentic paradigm, framing graph reasoning as an
interactive “Think-Act-Observe” decision-making
process. Besta et al. (2024) introduced Graph-
of-Thoughts to model reasoning itself as a graph,
while Graph-CoT (Jin et al., 2024) enables LLMs
to actively traverse external graphs through itera-
tive function calls. Expanding on this line of work,
Graph-R1 (Luo et al., 2025) and Structure-R1 (Wu
etal., 2025) leverage RL to optimize retrieval strate-
gies or learn structured representations, such as
tables, from unstructured text to facilitate reason-

ing. Unlike these methods, which often depend
on heavy prompting or disjointed training, our ap-
proach internalizes graph exploration skills directly
via curriculum-based RL.

RL for Reasoning and Curriculum Learning.
While RL was initially introduced to align LLMs
with human preferences via PPO (Ouyang et al.,
2022) or direct optimization methods such as DPO
(Rafailov et al., 2023), recent work has shifted
toward enhancing complex reasoning capabili-
ties through RL with Verifiable Rewards (RLVR;
Mroueh, 2025). Pioneering studies, including
DeepSeek-R1 (Guo et al., 2025), show that LLMs
can self-improve their reasoning skills when pro-
vided with rule-based feedback (e.g., correctness
in math or code). To facilitate learning in long-
horizon tasks, curriculum learning has been in-
tegrated into RL, using strategies such as easy-
to-hard scheduling (Parashar et al., 2025), adap-
tive rollout control (Shen et al., 2025), and multi-
objective balancing (Hammoud et al., 2025). How-
ever, existing RLVR approaches primarily focus on
internal reasoning tasks, such as math and logic, or
unstructured web search (Jin et al., 2025). Our
work bridges this gap by applying curriculum-
based RL to structured graph environments, en-
abling LLMs to internalize the specialized skills
required for multi-hop graph exploration.

5 Conclusion

In this paper, we present GRAPHDANCER, an RL
framework designed to equip LLMs with the capa-
bility to autonomously explore and reason over
structured graph environments. By incorporat-
ing a novel graph-aware curriculum, we enable
moderate-sized models to progressively internal-
ize complex multi-hop reasoning skills, moving
beyond the limitations of static retrieval or heavy
prompting strategies. Extensive experiments show
that GRAPHDANCER generalizes effectively across
diverse unseen domains, including E-COMMERCE,
LITERATURE, HEALTHCARE, and LEGAL, after
training on a single ACADEMIC domain. Notably,
GRAPHDANCER demonstrates robust adaptabil-
ity to out-of-distribution question types, where
graph interactions serve as contextual grounding
rather than direct lookups. These results suggest
that through adaptive interaction and curriculum-
based training, LLMs can acquire truly general-
izable graph reasoning abilities, paving the way
for more reliable and factually grounded agents in
knowledge-intensive applications.



Limitations

Our framework involves several design choices,
including the curriculum shape, biased-mixture
schedule, and RL hyperparameters. Due to the high
computational cost of RL fine-tuning, we do not
perform an exhaustive sensitivity study over this
space, such as varying mixture coefficients, level
priors, KL strength, or rollout budgets. Pilot runs
indicate that auxiliary format rewards and biased-
mixture sampling can significantly impact training
stability, but a systematic multi-seed ablation with
complete learning curves is left to future work. Ad-
ditionally, we adopt the deterministic Graph-CoT
tool API; how well the learned policy transfers
to substantially different tool interfaces, such as
non-deterministic tools, or noisy and incomplete
outputs, remains an open question.

Ethical Considerations

Our work enhances an LLM’s ability to explore
graph-structured knowledge through executable
function calls, which can improve grounding and
factuality but also introduces risks when connected
to real-world graphs. In particular, graph tool APIs
may expose sensitive information, such as propri-
etary relations or user data, and could be misused
for broad traversal or data exfiltration if access is
not carefully controlled. Deployments should there-
fore enforce strict authentication and authorization,
least-privilege function permissions, auditing, and
redaction of sensitive fields in tool outputs. Be-
cause node attributes and observations may con-
tain untrusted text, systems are also vulnerable to
prompt-injection attacks that attempt to manipu-
late subsequent actions. Tool outputs should be
sanitized and isolated, and all calls should be val-
idated against an allowlist of functions and argu-
ment schemas. Finally, while our method reduces
some behavioral failures, such as invalid calls, it
does not guarantee correctness. Agents may still
retrieve incomplete evidence or terminate prema-
turely. We therefore view it as decision support
rather than a substitute for expert judgment, espe-
cially in high-stakes domains.
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A Implementation Details

A.1 Reward Function Details

Let 3 denote the content extracted from the fi-
nal <answer> --- </answer> block, and y* be
the ground-truth answer for (x,G). We define an
exact-match indicator EM(g, y*) € {0,1}, a for-
mat validity indicator VF(7) € {0, 1} that checks
whether the model follows the interaction protocol
in Section 2.2, and an answer-presence indicator
AP(y) € {0,1} that examines whether the final
answer is non-empty. The reward used in Eq. 1 is:

r(z,G,7) = EM(g,y"
- )\struct EM(Q7 y*) (1 - VF(T))
+ Afinat (1 — EM(g, y%)) VF(7) AP(9).

(&)

where Aguct and Aqna are coefficients that control
the strength of the structural shaping and final-
answer shaping terms, respectively.

Intuitively, EM provides the primary learning
signal by rewarding correct final answers. The
second term applies a mild penalty when the an-
swer is correct but the interaction trace violates
the protocol. The last term gives a small positive
reward to well-formed, non-empty attempts even
when the final answer is incorrect, which helps pre-
vent degenerate behaviors such as empty outputs
or malformed tool text.
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A.2 Baselines Details

* TextRAG (Gao et al., 2023) & GraphRAG (Ye
et al., 2024): Following the setup in Jin et al.
(2024), we include two retrieval-augmented base-
lines that ground the LLM on graph knowledge
via linearized context rather than typed function
calls. TextRAG treats the graph as a plain text
corpus and uses a retriever to fetch relevant tex-
tual entries, which are appended to the prompt
for single-pass answering. GraphRAG extends
TextRAG by additionally retrieving the associ-
ated local subgraph of the retrieved entry and
linearizing it as extra context, after which the
backbone produces the answer in the same single
forward pass without executing any structured
graph functions.

* Graph-CoT (Jin et al., 2024): We report re-
sults on GPT-3.5-turbo and GPT-40-mini us-
ing the original system instructions and few-
shot examples from Jin et al. (2024). For
Qwen2.5-3B-Instruct and Qwen3-14B, we uti-
lize the same interaction format as our RL policy
(described in Section 2.2).

* ToG-2 (Ma et al., 2025): This is a knowledge-
guided RAG method that interleaves reason-
ing with iterative retrieval over graph-structured
knowledge. To ensure a fair comparison, we
use the same text-to-node linker as in Graph-
CoT, all-mpnet-base-v2,> when mapping tex-
tual mentions to graph nodes.

e Vanilla RL. We fine-tune the Qwen2.5-3B-
Instruct backbone with the same RL reward
function (Eq. 5) and hyperparameters as GRAPH-
DANCER. This baseline samples training data x
uniformly from the dataset, without the proposed
graph-aware curriculum.

A.3 Hyperparameters

Graph Executor and Interaction Budget. All
models interact with the same graph executor and
function API (Section 2.2). We set max_turns
T = 10. Within each turn, the model may emit a
batch of graph calls inside a <graph> block, which
are executed deterministically.

Training and Inference Details. For all Qwen-

family backbones, we apply the same decoding
configuration for both inference-time generation

2https://huggingface.co/sentence—transformers/
all-mpnet-base-v2


https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2

and rollout generation: we set temperature as 0.7,
top-p as 0.8, and top-k as 20. For RL training, we
train for a total of 200 steps using a global rollout
buffer and mini-batch size of 128 (micro-batch size
8 per GPU). We use a constant KL penalty § =
0.001 relative to the reference policy, a policy clip
ratio of 0.2, and a value clip range of 0.5. The actor
and critic learning rates are set to 1075 and 1075,
respectively.

Curriculum Configuration for GRAPHDANCER.
We use the Gaussian curriculum schedule with 5 =
3and 0 = 0.75. We use a time-varying mixture
(Eq. 3) with ngart = 0.2 and neng = 0.8, and a
fixed level bias prior ¢ = [0.5,0.5, 0] over {Easy,
Medium, Hard}.

B Analysis

B.1 Behavioral Analysis of Graph Interaction

Outcome metrics alone do not reveal whether
a model truly internalizes the multi-round
reasoning—action—observation procedure.
We therefore complement Table 2 with behavioral
diagnostics computed from execution traces.

Metrics. We report (1) Format Validity (VF), the
proportion of trajectories that follow the required
<think> / <graph> / <information> / <answer>
structure; (2) Call Validity (CV), the fraction of
tool calls that pass schema validation; and (3) Evi-
dence Hit (EH), the fraction of episodes where the
normalized gold answer appears in any returned
<information> block.

Findings. Table 4 shows that GRAPHDANCER
substantially improves VF across all unseen do-
mains, indicating that curriculum-based RL helps
the model reliably follow the intended multi-round
interaction protocol. Notably, Vanilla RL exhibits
much lower VF than the base model in every do-
main (e.g., 0.138 vs. 0.488 on LITERATURE, and
0.290 vs. 0.625 on E-COMMERCE), suggesting that
RL without curriculum can degrade structural com-
pliance during exploration. We hypothesize that
sparse rewards and exploration noise can destabi-
lize format adherence; curriculum mitigates this
by increasing early successful trajectories. Evi-
dence hit rates (EH) improve modestly but con-
sistently for GRAPHDANCER compared to base-
lines. This suggests that GRAPHDANCER more fre-
quently surfaces answer-relevant evidence in tool
observations.

Difficulty-wise Breakdown. Tables 5-8 report be-
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Domain Model VF1+ CV1 EH?
Graph-CoT 62.5 99.1 49.0
E-COMMERCE Vanilla RL 290 97.0 49.0
GRAPHDANCER 78.0 99.1 50.0
Graph-CoT 488 98.6 51.7
LITERATURE  Vanilla RL 13.8 963 529
GRAPHDANCER 70.0 100.0 55.8
Graph-CoT 31.9 993 204
HEALTHCARE Vanilla RL 219 99.0 17.8
GRAPHDANCER 46.7 989 21.9
Graph-CoT 428 978 46.7
LEGAL Vanilla RL 26.1 913 433
GRAPHDANCER 544 89.1 439

Table 4: Behavioral analysis of execution traces on
unseen domains. VF: fraction of episodes follow-
ing the required interaction format; CV: fraction of
tool calls passing schema validation; EH: fraction of
episodes where the normalized gold answer appears in
any <information> block. All three baselines are us-
ing Qwen2.5-3B-Instruct as LLM backbone.

havioral diagnostics stratified by our structural dif-
ficulty levels (Easy/Medium/Hard). We report VF
(format validity), CV (schema-valid tool-call rate),
and EH (evidence hit rate; whether the normal-
ized gold answer appears in any <information>
block).

Analysis. Across domains, VF generally decreases
as difficulty increases, reflecting the challenge of
maintaining a clean multi-round interaction pro-
tocol under longer-horizon reasoning. Vanilla RL
is particularly brittle on Medium/Hard samples,
where VF is often near zero (e.g., Medium E-
COMMERCE and Hard LITERATURE/LEGAL), sug-
gesting that RL without curriculum can lead to fre-
quent deviations from the required tool-use format.
In contrast, GRAPHDANCER consistently improves
VF on Medium/Hard, indicating that curriculum-
based RL better preserves structural compliance.

Schema-level tool-call validity (CV) remains
high for most settings but exhibits notable drops
on LEGAL Medium/Hard for RL-trained models,
consistent with the hypothesis that certain domains
induce more complex or error-prone argument pat-
terns. Finally, EH is high on Easy subsets (often
> 0.65) but can be substantially lower on Hard
subsets (e.g., E-COMMERCE and LITERATURE),
indicating that the gold answer string may not fre-
quently appear verbatim in tool observations for
multi-hop or aggregation-heavy questions. These
results help contextualize why improvements on
Hard subsets can be domain-dependent: even when
the model follows the protocol (VF), the retrieval
trace may still fail to surface gold strings (EH), mo-



E-COMMERCE HEALTHCARE LEGAL LITERATURE

Method VF Cv EH VF Cv EH VF CV EH VF Ccv EH
Graph-CoT 93.75 100.00 88.75 61.00 100.00 31.00 60.64 98.98 65.96 72.09 100.00 69.77
Vanilla RL 62.50 100.00 92.50 44.00 99.83 31.00 47.87 94.65 64.89 23.26 100.00 73.64

GRAPHDANCER 92.50 99.46 90.00 53.00 100.00 39.00 70.21 94.06 68.09 73.64 100.00 75.19

Table 5: Difficulty-wise behavioral diagnostics on Easy samples.

E-COMMERCE HEALTHCARE LEGAL LITERATURE
Method VF CV EH VF CV EH VF CV EH VF CcvV EH
Graph-CoT 33.33 97.41 53.85 8.67 98.97 8.00 26.47 98.69 20.59 46.67 99.35 83.33
Vanilla RL 0.00 95.07 41.03 2.00 98.62 3.33 294 82.72 294 10.00 96.62 70.00

GRAPHDANCER 71.79 97.02 53.85 40.00 98.46 5.33 2647 84.57 882 90.00 100.00 93.33

Table 6: Difficulty-wise behavioral diagnostics on Medium samples.

tivating evidence-aware objectives in future work.

OOD Subsets. Table 8 reports behavioral diagnos-
tics on QOD samples. We observe that EH is 0
across all three OOD domains. This is expected
given the definition of OOD in GRbench: many
OOD queries are not answerable by directly look-
ing up a gold string in the graph, and instead require
using the graph as supporting context for open-
ended generation (e.g., recommendation-style out-
puts). Under such settings, an exact string-based
evidence-hit metric becomes overly strict and can
under-estimate useful graph interaction.

Despite EH = 0, VF and CV still provide infor-
mative signals about interaction reliability. Com-
pared with Vanilla RL, GRAPHDANCER substan-
tially improves VF on OOD across domains (E-
COMMERCE: 67.50 vs. 15.00; LEGAL: 35.00
vs. 5.00; LITERATURE: 33.33 vs. 0.00), indicat-
ing better adherence to the intended multi-round
tool-use protocol even when the task is open-
ended. Schema-level call validity (CV) shows a
mixed pattern: GRAPHDANCER reaches perfect
CV on E-COMMERCE and LITERATURE OOD,
but drops on LEGAL OOD (79.13), suggesting
that LEGAL OOD questions induce more chal-
lenging or error-prone API usage (e.g., relation/ar-
gument mismatches). Overall, these results sup-
port the view that curriculum-based RL primarily
strengthens structural tool-use reliability on OOD
queries, while measuring contextual grounding on
OOD likely requires evidence metrics beyond exact
string hits (e.g., semantic grounding or judge-based
rubrics).

B.2 Case Study Logs

Figure 4 presents the original reasoning trajectories
for the case study discussed in Section 3.4.
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E-COMMERCE HEALTHCARE LEGAL LITERATURE

Method VF Ccv EH VF Ccv EH VF CvV EH VF Ccv EH
Graph-CoT 50.00 99.46 12.50 60.00 100.00 60.00 13.33 100.00 16.67 11.43 98.34 11.43
Vanilla RL 500 96.46 17.50 60.00 98.99 60.00 0.00 93.03 2333 0.00 96.72 14.29

GRAPHDANCER 67.50 100.00 15.00 65.00 100.00 60.00 53.33 91.21 6.67 58.57 100.00 11.43

Table 7: Difficulty-wise behavioral diagnostics on Hard samples.

E-COMMERCE LEGAL LITERATURE
Method VF Ccv EH VF CvV EH VF Ccv EH
Graph-CoT 40.00 100.00 0.00 30.00 8197 45.00 16.67 94.44 0.00
Vanilla RL 15.00 96.69 0.00 5.00 9098 4500 0.00 80.65 0.00

GRAPHDANCER 67.50 100.00 0.00 35.00 79.13 45.00 33.33 100.00 0.00

Table 8: Difficulty-wise behavioral diagnostics on OOD samples.

Component

Content

Task instruction

Output protocol

Available functions

Format rules

In-context examples

Graph schema

Question

Solve a question answering task by repeating bundled steps that contain
reasoning (<think>...</think>) followed by exactly one graph interaction
(<graph>...</graph>). After each <graph> call, the environment returns feedback
inside <information>...</information>. You may take as many steps as necessary.

- Intermediate step: <think>...</think><graph>Function[...]</graph> (then
environment returns <information>...</information>.)
- Final step: <think>...</think><answer>...</answer> (no more graph calls).

RetrieveNode[keyword] ## retrieves the related node from the graph according to
the query

NodeFeature[Node, feature] ## returns detailed attribute information of Node for
the given "feature” key

NodeDegree[Node, neighbor_type] ## returns the number of "neighbor_type" neighbors
of Node

NeighborCheck[Node, neighbor_type] ## lists the "neighbor_type"” neighbors of Node
and returns them

1) You MUST conduct reasoning inside <think>...</think> before every graph call
and after every <information> you receive.

2) Inside <graph>...</graph>, issue EXACTLY ONE function per step. Do NOT include
any other text in <graph>.

3) Do NOT fabricate <information>; it is ONLY produced by the environment
immediately after your <graph> step.

4) Keep thoughts concise and ONLY inside <think>. Do NOT put a graph call inside
<think>, and do NOT put thoughts inside <graph>.

5) The final output MUST contain ONLY one <answer>...</answer> block with the
requested node main features (e.g., names), not node IDs.

Here are some examples:
{examples?}
(END OF EXAMPLES)

Definition of the graph:
{graph_definition}

Question:
{question}

Table 9: Prompt template used for all LLM rollouts in GRAPHDANCER. Placeholders ({examples},
{graph_definition}, {question}) are instantiated per example. We use the same graph definitions as in Jin et al.

(2024)
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Full Log: Vanilla RL

Question:
What is the usual price of the items often purchased together with PYLE-PRO PPHP1293 - 800 Watt 12”
Two-Way Plastic Molded Loudspeaker?

Trace:

[Turn @]

<think>The question is asking for the usual price of items often purchased together with a specific
item... first need to locate the item node in the graph.</think>

<graph>RetrieveNode[PYLE-PRO PPHP1293 - 800 Watt 12” Two-Way Plastic Molded Loudspeaker]</graph>
<information>The ID of this retrieval target node is B@@ONJIYHY.</information>

[Turn 1]

<think>The question needs the usual price of items often purchased together... check the
bought_together_item neighbors...</think>

<graph>NodeDegree[BOOONJIIYHY, bought_together_item]</graph>

<information>The bought_together_item neighbor node degree of BO@OONJIYHY are: 1.</information>

[Turn 2]

<think>The item BQ@OONJIYHY has 1 item often purchased together... We need to check the node feature
(price) of the only bought_together_item...</think>

<graph>NodeFeature[BOOONJIYHY _bought_together_item_0, pricel</graph>

<information>The node or feature name does not exist in the graph. This might be because your given
feature name is not correct. Please modify it.</information>

[Turn 3]
<think>It seems there’s an issue with accessing the price information... Since we couldn’t directly
access the price, we can infer it by checking... the original item...</think>

<graph>NodeFeature[BO@ONJIYHY, pricel</graph>
<information>The price feature of BOOONJIYHY are: 140.43.</information>

[Turn 4]
<think>The price of the original item BQO@ONJIYHY is 140.43... we can reasonably assume the usual
price... is around the same value.</think>

<answer>140.43</answer>

\

Full Log: GRAPHDANCER

Question:
What is the usual price of the items often purchased together with PYLE-PRO PPHP1293 - 800 Watt 12”
Two-Way Plastic Molded Loudspeaker?

Trace:

[Turn 0]

<think>First, I need to find the node corresponding to the item PYLE-PRO PPHP1293... After that, I
can determine its bought_together_item neighbors...</think>

<graph>RetrieveNode[PYLE-PRO PPHP1293 - 800 Watt 12” Two-Way Plastic Molded Loudspeaker]</graph>
<information>The ID of this retrieval target node is BO@ONJIYHY.</information>

[Turn 1]

<think>To answer the question, I need to check the bought_together_item neighbors of the found
node.</think>

<graph>NeighborCheck[BOQONJIYHY, bought_together_item]</graph>

<information>The bought_together_item neighbors of BO@ONJIYHY are: [’B@QOETU4WY’].</information>
[Turn 2]

<think>The item often purchased together... is BOOOETU4WY. Now, I need to find the price feature of
this item...</think>

<graph>NodeFeature[BOOOETU4WY, pricel</graph>

<information>The price feature of BOQOOE1U4WY are: 12.95.</information>

[Turn 3]
<think>The usual price of the item often purchased together is 12.95.</think>
<answer>12.95</answer>

\.

Figure 4: Original reasoning trajectories for the case study discussed in Section 3.4. The top box shows the Baseline
failure, while the bottom box shows the successful trajectory of GRAPHDANCER.
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