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Abstract
Large language models have shown promising po-
tential in chemistry, with prior work exploring
molecular recognition, classification, and property
prediction. Despite the achieved progress, LLMs
are still far from satisfactory when dealing with
complex chemical multi-step reaction pathway in-
ference task due to the lack of domain knowledge
and limited ability to maintain consistent multi-
step reasoning. To address these challenges, we
propose ChemKGL, a novel multi-step reasoning
framework enhanced by knowledge graph retrieval.
We reformulate the task as a knowledge graph re-
trieval problem to better control LLM generation,
and leverage graph technologies to integrate tex-
tual descriptions, reaction conditions, and materi-
als. Based on this reformulation, we design a novel
multi-retrieval strategy to improve the performance
of reaction pathway inference, which includes for-
ward retrieval, reverse retrieval, and historical re-
trieval. An entropy-based pruning mechanism
is further introduced to alleviate cold-start issues
caused by retrieval failure. In addition, we con-
struct a comprehensive chemical knowledge graph
and corresponding dataset to support model train-
ing and analysis. Finally, we employ multiple eval-
uation methods to assess our proposed ChemKGL,
and the experimental results demonstrate its supe-
riority. Our code and dataset can be obtained at
https://github.com/Double-Sail/ChemKGL.

1 Introduction
The rapid development of large language models (LLMs) has
continuously advanced research in the field of chemistry, es-
pecially in tasks requiring complex reasoning. Among these,
chemical multi-step reaction pathway inference task (CMSR-
PIT) has become a research focus due to its strong reliance on
step-by-step logical inference. Unlike tasks such as molecu-
lar recognition [Bhattacharya et al., 2024], molecular classi-
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Figure 1: Deficiencies of traditional CoT and knowledge graph on
multi-step chemical reaction pathway reasoning. RT stands for Re-
flective Thinking, and Rn stands for the Reaction n.

fication [Edwards et al., 2022], or property prediction [Yang
et al., 2019], this task requires the model to infer multiple
intermediate steps and accurately understand the logical re-
lationships between them. This places higher demands on
the depth and coherence of reasoning. To improve the per-
formance of LLMs in such tasks, current research mainly
focuses on two directions. The first is the introduction of
the Chain-of-Thought (CoT) mechanism, which guides the
model to reason step by step [Wei et al., 2022]. This approach
aligns well with the stepwise nature of multi-step chemical
reactions. The second is the integration of structured knowl-
edge graphs, which support reasoning process with clear en-
tity relationships and strong interpretability [Bai et al., 2025;
Ma et al., 2025].

Despite the achieved progress, some recent studies argue
that CoT reasoning might act as pseudo-logic, failing to sub-
stantially improve true reasoning capabilities [Tanneru et al.,
2024; Jin et al., 2024]. As illustrated in the “Chain Dis-
loyalty” module at the top of Figure 1, in longer reasoning
chains, the model often reinforces early errors through re-
peated “reflective thinking”. This leads to a phenomenon
known as ”chain disloyalty”, where the model generates
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logically coherent but factually incorrect reasoning paths.
Such paths can obscure hallucination issues and reduce in-
terpretability [Lu et al., 2025]. On the other hand, current
research applying knowledge graphs to chemical reasoning
tasks typically represents reaction conditions—such as cata-
lysts, solvents, and temperatures—as nodes, connected using
simple relational properties (e.g., “hasReactant” “usesCata-
lyst” and “isPrecursorOf” in Figure 1). This graph structure
presents two main problems. First, the oversimplified rela-
tionship design makes retrieval and pruning inefficient and
imprecise, leading to information loss (e.g., “Reaction 2” is
missing a reactant due to retrieval failure) or redundancy (e.g.,
“Reaction 3” is incorrectly included due to pruning failure).
Second, the resulting subgraphs are often multi-branched and
lack clear temporal order and linear pathways (e.g., “Reac-
tion 1” and “Reaction 2” are only connected via “nextReac-
tion” in Figure 1), which does not align with the chain-like
evolution of multi-step chemical reactions. These issues lead
to a central challenge: “How can we efficiently obtain an
informative and temporally ordered reaction pathway to
support interpretable multi-step reasoning in LLMs?”

To address the above issues, we first re-formulate CM-
SRPIT as the knowledge graph retrieval, which can effec-
tively control the LLM generation. Meanwhile, we col-
lected a series of real-world multi-step chemical reactions
through crowdsourcing, and construct a knowledge graph
with question-answer pairs for model tuning and evalua-
tion. Then, we propose a novel ChemKGL, a knowledge
graph retrieval-augmented framework designed to enhance
the reasoning ability of LLMs in the CMSRPIT. Specifi-
cally, ChemKGL includes three main components. Firstly,
ChemKGL uses an advanced LLM to identify chemical en-
tities in the user query, retaining only reactants and prod-
ucts. Second, ChemKGL develops a robust retrieval strategy
to perform subgraph-level retrieval in the knowledge graph
based on the extracted entities. This strategy includes triple
retrieval components: reverse retrieval, forward retrieval, and
historical retrieval, aiming to ensure complete coverage of the
reaction context. Meanwhile, this strategy includes a fault-
tolerant mechanism to handle extreme cases such as missing
entities or broken paths. Third, the retrieval subgraph is en-
coded with two modalities: textual content and structural en-
coding. ChemKGL fuses the encoded embeddings and sends
to an LLM for complex reaction pathways generation. Fi-
nally, we conduct evaluations using a state-of-the-art LLM
evaluation team and an open-source benchmark, and the eval-
uation results of the LLM are reviewed by experts. Through
these two methods, ensure the rationality and reliability of the
evaluation. Extensive evaluation on real-world data demon-
strates the superiority of our proposed ChemKGL.

2 Related Work
2.1 Chemical Multi-step Reaction Pathway

Inference Task
In recent years, advances in large language models (LLMs)
have accelerated chemistry-related research [Zhong et al.,
2024; M. Bran et al., 2024]. However, most existing studies
focus on single-hop knowledge retrieval and lack deep explo-

ration of complex reasoning. In contrast, multi-step chemi-
cal reasoning tasks—such as retrosynthesis planning—are es-
sential for material discovery, chemical process optimization,
and interdisciplinary research [Chen et al., 2020]. Although
several works have applied LLMs to retrosynthesis [Yu et al.,
2024; Kim et al., 2021], they typically construct multi-step
routes by concatenating single-step reactions, which raises
concerns about the feasibility of the resulting pathways.

Moreover, the diversity and uncertainty of retrosynthe-
sis objectives require models to expend substantial compu-
tational effort to decide when to terminate decomposition,
distracting them from core reasoning. By comparison, our
dataset is based on real multi-step reaction processes. Each
task explicitly specifies the starting materials and target prod-
uct, enabling the model to focus on intermediate reasoning
steps. This formulation also simplifies evaluation and better
reflects practical scenarios, such as synthesizing a target com-
pound from available laboratory reagents.

2.2 Knowledge Graph Retrieval-Augmented
Generation

Model interpretability has long been a central topic in deep
learning research. Darren et al. [Edge et al., 2025] pro-
posed GraphRAG to address the limitations of traditional
RAG methods when target knowledge is distributed across
multiple chunks, improving interpretability and demonstrat-
ing the effectiveness of knowledge graph retrieval for en-
hancing LLM reasoning. In recent years, several related ap-
proaches have emerged. Zhou et al. [Zhou et al., 2025] in-
troduced RefKG, which improves reasoning through reflec-
tive interaction with knowledge graphs. Mavromatis et al.
[Mavromatis and Karypis, 2025] proposed GNN-RAG, inte-
grating graph neural networks with retrieval-augmented gen-
eration for knowledge graph question answering. Song et al.
[Song et al., 2025] presented REKG-MCTS, achieving strong
performance on complex knowledge graph reasoning tasks.

However, these methods primarily focus on global or di-
rect relational reasoning, limiting their ability to satisfy com-
plex conditional requirements in the chemical domain. This
limitation is particularly evident in macromolecular reactions,
where reactants and products strongly depend on rich reac-
tion conditions. Knowledge graphs with overly simplistic re-
lations often fail to capture such information. Our method
effectively addresses this gap.

3 Technical Details of ChemKGL
As shown in Figure 2, our proposed ChemKGL consists of
three main components: 1) entity extraction and recognition:
extracting entity information from user questions, identify-
ing reactants and products, and standardizing their SMILES
representations; 2) subgraph retrieval: developing a retrieval
framework that produces a chain-structured reaction sub-
graph; 3) encoding fusion and inference: fusing the question
and subgraph encodings and sending to LLMs for generation.
Next, we will introduce each component in detail.

3.1 Entity Extraction and Recognition
User queries often contain excessive entity information, such
as catalysts, solvents, temperature, and pressure. When or-
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Figure 2: The overall framework of ChemKGL. In the first part, “Extract and Standardize” denotes the standardization of SMILES represen-
tations for the extracted compounds. In the second part, “MI of Q-R” represents mutual information of user questions and node relationships.
In the third part, Text Encoder is frozen and GNN Encoder is trainable.

ganizing these contents in knowledge graph, too many node
types will have a negative impact on LLM reasoning. Thus,
we only focus on the initial reactant and target product enti-
ties, improving the query understanding and utilization.

Although there are many open-source named entity recog-
nition (NER) models available [Yadav and Bethard, 2018;
Huang et al., 2023], they do not directly meet our specific
needs. In particular, these models lack the ability to distin-
guish between reactants and products among the extracted
entities. Addressing this usually requires building super-
vised datasets and fine-tuning models, which is both costly
and time-consuming. Fortunately, recent advances show that
LLMs have achieved impressive performance on NER tasks,
even under low-resource and few-shot settings [Wang et al.,
2025]. Therefore, we adopt a prompt-tuning approach, us-
ing carefully designed prompt templates to guide the LLM in
accurately extracting and classifying entities. Details of the
prompt templates are provided in the Appendix1 A.1. In ad-
dition, we use the RDKit [Landrum, 2023] interface to stan-
dardize the extracted SMILES representations, enabling ac-
curate matching with nodes in the knowledge graph.

3.2 Subgraph Retrieval
Based on mutual information retrieval
Existing studies show shared latent concepts between prompt
and query are critical for activating in-context learning [Xie
et al., 2022], yet such concepts are not directly observable.
To tackle this, inspired by the knowledge editing work of Shi
et al. [Shi et al., 2024], we propose maximizing mutual in-
formation I(Q;GS) between user query Q and retrieved sub-
graph GS . This indirectly aligns latent concepts and boosts
reasoning performance. The optimization objective is formu-
lated in Eq. 1, where H denotes Shannon entropy.

max
GS

I(Q;GS) = H(Q)−H(Q | G = GS). (1)

1The appendix is available at https://github.com/Double-Sail/
ChemKGL.

Focusing on the initial reactant and target product entities,
the retrieved subgraph GS forms a linear structure contain-
ing only reactants, products, and reaction conditions. This
chain-like structure simplifies the computation of I(Q;GS),
which can be performed iteratively. At each step, only the
conditional probability p of the relation text in the next triple
needs to be estimated based on current information. Given the
strong next-word prediction capability of pretrained LLMs
[Vaswani et al., 2017], we use them to estimate this condi-
tional probability. Combined with the rich relational infor-
mation in our knowledge graph, this relation-based subgraph
retrieval method is well suited to our task. Detailed deriva-
tions are provided in Appendix A.4.

Finally, since this iterative process follows a greedy strat-
egy and may suffer from local optima, we adopt a beam
search approach [Medress et al., 1977] that maintains mul-
tiple candidate paths and selects the one with the highest mu-
tual information as the final result.

Hybrid Reasoning Retrieval
To address the issue that a single retrieval strategy may not
ensure sufficient accuracy, we propose a hybrid retrieval ap-
proach. This strategy is inspired by how humans solve rea-
soning tasks with known starting and ending points—using
forward reasoning, reverse reasoning, and leveraging histor-
ical references. Based on experimental accuracy, we assign
priorities to each strategy and apply them in descending order
to reduce unnecessary computation and resource consump-
tion while improving retrieval performance and efficiency.

We start with reverse retrieval as the initial strategy. It be-
gins from the target product node and performs step-by-step
reasoning until the starting reactant node is found. Previ-
ous studies have shown that reverse retrieval can effectively
enhance the reasoning ability of LLMs [Chen et al., 2025;
Liu et al., 2025b]. If the starting node is not found within
the maximum number of steps, the process moves to forward
retrieval, which starts from the known reactant and attempts
to reach the target product. If forward retrieval also fails, we
turn to the third stage—history-assisted forward retrieval (i.e.,
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historical retrieval). In this stage, each triple in the graph
includes “historical product” information, indicating which
products were generated by that reaction. This additional
context helps strengthen the mutual information between in-
termediate nodes and the target product, improving retrieval
accuracy in the middle steps of reasoning.

We introduce historical information because we observed
that forward retrieval usually performs well in the first
step—even when a node has thousands of child nodes, mu-
tual information can still guide the model to the correct
path. However, failures often occur during intermediate steps,
where direct semantic links to the target are weaker. This
is especially true when using general-purpose open-source
models, which struggle with mutual information estimation
in such cases. Historical product data helps fill this gap by
enhancing the relevance of intermediate reasoning steps.

It is important to note that reverse retrieval does not use
historical information, as all its steps inherently point toward
the target product, making such information redundant. Also,
although history-assisted retrieval is an extension of forward
retrieval, we still retain the regular forward stage. This is be-
cause a single reaction may lead to multiple products, and
adding all historical data at once may greatly increase token
usage and computational cost. Therefore, historical retrieval
serves as a backup strategy when the first two fail. In sum-
mary, our hybrid retrieval process follows this order: reverse
retrieval → forward retrieval → historical retrieval, ensuring
both reasoning diversity and efficient resource use.

Entropy-Based Pruning
To address the limitations of single-mode retrieval, which
cannot always ensure accuracy, we propose a hybrid retrieval
approach. However, in extreme cases, all retrieval strategies
may fail. In some instances, the target product required by the
user may not exist in the knowledge graph, inevitably leading
to retrieval failure and preventing the return of the required
subgraph. This leads to a cold start problem for the model.

To mitigate the impact of cold start problem, when his-
torical retrieval fails, we still provide the model with a rea-
soning path subgraph GS = {a1, a2, . . . , an}, where ai =
{hi, ri, ti}, and h represents the head node, r represents the
relationship, and t represents the tail node. Since the tail en-
tity tn in the final triple is not the target product, feeding
the entire reasoning path into the model may introduce noise.
However, we observe that the head entity h1 in the first triple
matches the known reactant in the query. This suggests that
the early part of the reasoning chain may still be informative.
Therefore, we introduce a pruning strategy based on uncer-
tainty estimation to extract the useful portion and remove re-
dundant information. Specifically, we use Shannon entropy
to measure the uncertainty of the output given different in-
puts, as shown in Eq. 2. Where X represents the input and Y
represents its corresponding output, the model’s uncertainty
is quantified by the entropy value H as follows:

H(Y | X = x) = −
∑
y

p(y | x) log2 p(y | x), (2)

where y represents each possible answer generated by the
LLM, we construct a series of inputs X = {x1, x2, . . . , xn},

where xi = {Q, a1, a2, . . . , ai} represents an incremental
reasoning path. For input xi, we compute the entropy Hi,
obtaining an entropy set Ĥ = {H1, H2, . . . ,Hn}. A lower
entropy indicates that the model is more confident in its re-
sponse. Finally, we prune the reasoning path at the posi-
tion where entropy is minimized. We retain all steps before
this point, giving us Ĥmin = {H1, H2, . . . ,Hmin}, and the
corresponding subgraph GSmin = {a1, a2, . . . , amin}. This
subgraph is considered to provide the most informative and
least noisy input to the model.

3.3 Encoding Fusion and LLM Inference
Knowledge graphs are highly structured data carriers. The
semantic and topological information embedded in nodes and
edges can be weakened or even lost during simple text trans-
formation. Therefore, relying solely on text representations
is not enough to fully leverage the structural knowledge in
graphs. Previous research has shown that combining LLMs
with graph neural networks (GNNs) can effectively integrate
both textual semantics and graph structures, leading to im-
proved reasoning performance [Yasunaga et al., 2021].

Therefore, we propose a fusion encoding strategy. First, we
take retrieved subgraph GS = {a1, a2, . . . , an}, where each
edge represents a relation ri. All relations are concatenated to
form a complete reasoning chain as text T = [r1, r2, . . . , rn].
Since each relation ri already contains rich semantic informa-
tion, the nodes themselves are not included in the text encod-
ing. We input the text sequence T into an embedding model,
obtaining the textual representation.

Etext = Emb(T ) = {e1, e2, . . . , en}. (3)

Next, as shown in the third part of Figure 2, we represent
the question as a special node Q and construct a working sub-
graph Gw by combining it with the retrieved subgraph GS .
We then apply a Graph Attention Network (GAT) [Velickovic
et al., 2017] on Gw to update the node representations. GAT
captures the semantic and structural dependencies between
each node and its neighbors by computing attention weights,
resulting in the graph-based encoding:

Egnn = GAT (Gw). (4)

Finally, we concatenate the two encodings to form the fi-
nal representation Efinal = [Etext;Egnn], which serves as a
hard prompt for the LLM to generate the reasoning output.

4 Experiment
4.1 Experimental Setup
Dataset Construction
We collected detailed information on a series of multi-step
chemical reactions through crowdsourcing and organized the
data in a structured format. The data were sourced from pub-
lished multi-step reaction studies in leading journals such as
Nature Chemistry and Chemical Science, as well as from
publicly available patents involving multi-step chemical re-
actions. Unlike commonly used USPTO-based [Lowe, 2012]
datasets in the field, our dataset consists of genuine multi-
step chemical reactions rather than sequences artificially as-
sembled from individual single-step reactions. Based on this,
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Model Name Parameters GPT4-o1 Deepseek-R1 Gemini 2.5Pro Average
LLaMA3.1 8B 45.40 26.74 10.23 27.46
Qwen2.5 7B 59.41 30.68 13.28 34.46
Qwen2.5 72B 83.81 42.44 21.81 49.35
Qwen3 8B 71.12 34.48 16.95 40.85

Deepseek-V3 671B 90.97 49.52 38.71 59.73
LLaMA3.1-ChemKGL 8B 84.51 58.51 69.19 70.74
Qwen2.5-ChemKGL 7B 83.04 54.99 64.02 67.35

LLaMA3.1-REKG-MCTS 8B 76.94 55.25 50.24 60.81
Qwen2.5-REKG-MCTS 7B 80.00 55.90 51.59 62.50

Table 1: Experimental results for 120-Sample Test Set. The best results are in bold and the second-best are underlined.

we selected reaction cases with 2 to 5 steps to construct a
training set of 20,000 question-answer pairs. To improve
the model’s ability to understand different expressions, we
rewrote each question in four diverse ways. Specific exam-
ples can be found in the Appendix A.2. And we invited mul-
tiple chemical experts to select 30 more challenging cases for
each reaction step (a total of 120 cases) to construct a test set.

In addition, to further enhance the credibility and persua-
siveness of the experimental results, we also conducted sup-
plementary experiments on the oMeBench [Xu et al., 2025].
It comprises over 10,000 annotated mechanistic steps with
intermediates, type labels, and difficulty ratings. This bench-
mark dataset characterizes another type of multi-hop reactive
reasoning task and was recently released, effectively reduc-
ing the possibility of the model being exposed to related data
during the training stage.

Evaluation method
Research by Zheng et al. has proven that, in the absence
of a “golden standard” for evaluation, LLMs can serve as
judges. By prompting LLMs to compare the generated re-
sults from two different competing models, it is possible to
quantify their relative performance according to a given stan-
dard (Zheng et al.2023b). To ensure fairness and objectiv-
ity in scoring, we used three of the most advanced LLMs
in the industry as evaluation models: GPT4-o1 [Hurst et al.,
2024], Deepseek-R1 [Guo et al., 2025], and Gemini 2.5 Pro
[Comanici et al., 2025]. Each model independently scored
the reasoning outputs from all compared methods, and “Total
Score” was calculated as the average of the three. The scor-
ing template was carefully designed and evaluates multiple
aspects of the responses. The full template is provided in the
Appendix Table 6. Furthermore, we invited experts to con-
duct a blind selection of the output results from each model,
in order to ensure the consistency between human and ma-
chine evaluations. In addition, for oMeBench, we followed
the original paper and conducted experiments exclusively on
the oMeGold dataset. The evaluation method also employed
the dynamic evaluation framework mentioned in the origi-
nal paper, namely oMeS. It no longer relies solely on LLM
for evaluation, but rather demonstrates the superiority of our
method from a more objective perspective.

Knowledge Graph Construction
For our own dataset, we adopt a focused strategy for knowl-
edge graph construction. Only reactants and products are
used as nodes, while all other related entities are modeled

as attributes on the edges between nodes. Each node is rep-
resented by the SMILES representation of the correspond-
ing reactant or product, which is standardized using RDKit
[Landrum, 2023]. Compounds that cannot be successfully
standardized are filtered out during graph construction. This
structure better captures the condition-centered relationships
in chemical reactions. To support historical retrieval, we
added historical information to the edge attributes. In the
end, we built a chemical knowledge graph with about 130,000
nodes and 210,000 edges. The graph supports chain reason-
ing and efficient retrieval of multi-step reaction paths, and is
stored in a Neo4j database. The detailed format of the knowl-
edge graph is provided in the Appendix A.3.

In addition, for the oMeBench, we adopted the same con-
struction approach as described above, using substance names
as nodes and modeling detailed reaction mechanism infor-
mation as edge condition attributes. During the graph con-
struction process, we jointly used the oMeSilver, oMeTem-
plate, and oMeGold datasets to avoid oversimplification of
the graph structure constructed solely based on the oMeGold
data, which could lead to an overly easy retrieval process and
subsequently affect the objectivity and credibility of experi-
mental evaluation results.

Training Setup
In this experiment, we froze the parameters of the LLM and
trained only the GNN component. The detailed training hy-
perparameters and GNN architecture are provided in the Ap-
pendix A.5.

Baseline Models
To evaluate our method’s robustness across different model
architectures, we selected LLaMA-3.1-8B [Dubey et al.,
2024] and Qwen2.5-7B [Qwen et al., 2025] as baseline
models. To compare our approach with larger open-source
and closed-source models, we included Qwen2.5-72B and
Deepseek-V3 [Liu et al., 2025a] in the evaluation. To ana-
lyze performance differences between our method and deep
reasoning models, we compared with Qwen3-8B. In addition,
we compared REKG-MCTS [Song et al., 2025], a state-of-
the-art baseline for LLM reasoning in knowledge graphs.

4.2 Experimental Result
Our Test Set
Table 1 presents the comparison of model scores on our test
set. Average represents the mean of score from the three
evaluation models and is used to reflect the overall perfor-
mance. According to the experimental results, LLaMA-3.1-
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Model Size Overall Easy Medium Hard
V L Stot Spart V L Stot Spart V L Stot Spart V L Stot Spart

Proprietary and Frontier Models
† GPT-5 – 90.4 51.9 23.6 29.1 92.4 69.9 42.5 51.8 90.0 50.7 21.6 26.5 90.2 31.5 7.2 10.0
† GPT-4o – 83.7 20.3 3.9 5.0 82.6 26.0 8.3 10.1 83.8 20.6 3.2 4.2 85.1 9.7 1.6 1.6
† Claude-Sonnet-4 – 91.0 37.3 14.9 17.9 93.0 54.3 28.9 33.9 90.9 35.8 12.7 15.6 88.7 20.7 7.5 7.9
† Gemini-Pro-2.5 – 90.5 57.8 34.9 37.9 94.5 70.5 56.5 61.3 90.3 56.6 32.4 35.2 85.4 46.3 16.6 18.5
† DeepSeek-R1* 685B 87.6 45.4 22.5 25.0 88.4 62.3 39.0 41.9 87.9 45.1 20.6 23.3 82.9 21.3 8.3 9.7

Open Source Models
† GPT-OSS 20B 78.2 31.5 12.9 14.2 88.4 47.6 25.1 28.0 77.0 30.3 11.7 12.6 70.2 14.8 1.8 2.4
LLaMA3.1 8B 63.7 12.3 1.7 2.5 65.8 12.4 3.1 5.3 63.0 12.8 1.5 2.1 64.4 9.7 0.7 0.9
Qwen2.5 7B 61.3 13.3 2.8 3.6 64.3 17.2 3.9 6.6 58.4 13.5 2.5 3.0 73.6 6.5 2.4 2.9

Knowledge graph Retrieval-augmented generation
LLaMA3.1-ChemKGL 8B 80.3 78.6 64.0 67.0 81.7 81.2 62.5 69.9 81.4 80.1 66.7 68.9 71.2 66.1 50.0 51.3
LLaMA3.1-REKG-MCTS 8B 72.5 63.2 47.5 51.3 69.2 60.3 48.3 51.6 74.2 71.7 59.8 50.8 65.4 62.7 44.2 46.3
Qwen2.5-ChemKGL 7B 76.4 57.0 38.9 41.1 65.9 39.0 29.8 31.4 77.1 60.5 40.2 42.6 88.5 63.8 45.0 46.7
Qwen2.5-REKG-MCTS 7B 69.3 49.2 23.2 28.1 53.2 22.4 21.2 22.6 66.3 51.8 34.4 29.7 73.5 60.9 43.1 44.9

Table 2: Experimental results for oMeBench. The best results are in bold and the second-best are underlined.The symbol † indicates that the
experimental data of the model is directly extracted from the original paper.

8B and Qwen2.5-7B achieved significant improvements af-
ter incorporating ChemKGL, with score increases of 43.28
and 32.89, respectively. This demonstrates not only the
effectiveness of ChemKGL in enhancing base models but
also its robustness across different model architectures. No-
tably, the ChemKGL-enhanced versions of LLaMA-3.1-8B
and Qwen2.5-7B outperformed larger models like Qwen2.5-
72B and Deepseek-V3, showing that ChemKGL can signif-
icantly boost multi-step reasoning performance while keep-
ing the model relatively lightweight. On the other hand,
models equipped with deep reasoning capabilities, such as
Qwen3-8B, performed better than the base models, which
indicates that deep reasoning paradigms can indeed bene-
fit multi-step chemical reaction tasks. However, even so,
Qwen2.5-7B combined with ChemKGL still outperforms
Qwen3-8B, with a notable improvement of 26.5 points. This
indicates that the graph enhancement mechanism introduced
by ChemKGL is superior to the deep reasoning paradigm
based on CoT in CMSRPIT. Furthermore, while the integra-
tion of REKG-MCTS also leads to noticeable performance
improvements, a clear performance gap remains when com-
pared to ChemKGL. This indicates that although REKG-
MCTS-based methods can enhance knowledge graph reason-
ing to some extent, ChemKGL provides a more effective and
comprehensive utilization of structured chemical knowledge.
Consequently, our proposed approach maintains a clear ad-
vantage over existing knowledge graph reasoning baselines
in addressing complex multi-step chemical reasoning tasks.
Furthermore, Appendix Table 7 reports additional experimen-
tal analyses based on a larger test set. We evaluated responses
with 2 to 5 reasoning steps by averaging the scores from three
evaluation models. The results reveal a clear downward trend
in scores as the number of reasoning steps increases, indicat-
ing that performance degrades with growing task complex-
ity. This trend aligns with intuitive expectations and provides
indirect evidence for the reliability and effectiveness of our
evaluation method in capturing performance variations across
different levels of reasoning complexity.

Expert blind selection

31.7%

48.3%

8.3%

1.7%

10.0%
Qwen2.5-ChemKGL
LLaMA3.1-ChemKGL
Deepseek-V3
All wrong
Qwen2.5-REKG-MCTS

Figure 3: Expert blind selection results. All wrong means that the
output results of all models are unreasonable and the best answer
cannot be selected.

To further improve the credibility of the evaluation re-
sults, we invited chemistry experts to conduct a blind eval-
uation of the outputs generated by the nine models in Table 1.
For each test case, experts compared the outputs of the nine
models without knowing their identities. They selected the
best-performing result and provided specific reasons for their
choices. Representative examples of the experts’ rationales
are presented in Appendix Table 8, while the complete se-
lection criteria and detailed explanations are available in our
code repository.

The aggregated results of the expert selections are shown as
a pie chart in Figure 3. As illustrated in the figure, ChemKGL
was selected as the best result in 80% of the test cases. This
finding is highly consistent with the LLM-based automatic
evaluation results. It demonstrates strong agreement between
expert judgment and model-based evaluation, further con-
firming the reliability of the evaluation method and the credi-
bility of the results.

oMeBench
Table 2 compares the model scores on oMeBench. The ex-
perimental results show that LLaMA-3.1-8B and Qwen2.5-
7B still achieved significant improvements after incorporat-
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Model Name o1 R1 Gemini Average
LLaMA3.1-ChemKGL 84.51 58.51 69.19 70.74

LLaMA3.1-no-gnn 81.19 53.78 61.48 65.48
LLaMA3.1-EBP 66.72 42.32 40.85 49.96

LLaMA3.1-one-shot 51.89 27.18 12.88 30.65
LLaMA3.1 45.40 26.74 10.23 27.46

Qwen2.5-ChemKGL 83.04 54.99 64.02 67.35
Qwen2.5-no-gnn 80.88 51.13 59.98 64.00
Qwen2.5-EBP 67.32 43.31 46.58 52.40

Qwen2.5-one-shot 59.90 29.32 12.48 33.90
Qwen2.5 59.41 30.68 13.28 34.46

Table 3: Experimental results for ablation experiment. Where o1
means GPT4-o1, R1 means Deepseek-R1, Gemini means Gemini
2.5Pro and EBP means Entropy-Based Pruning. The best results are
in bold and the second-best are underlined.

Search method Search accuracy(%)

Forward retrieval(BW = 1) 76.67
Forward retrieval(BW = 3) 91.70
Historical retrieval(BW = 3) 95.00
Reverse retrieval(BW = 3) 99.17
Fusion retrieval(BW = 3) 100.00

Table 4: The retrieval accuracy of different retrieval methods. Where
BW means beam-width.

ing ChemKGL, and remained superior to the approach com-
bining REKG-MCTS. Furthermore, on the three indicators
of L,Stot,Spart, they even surpassed excellent closed-source
models such as Gemini-Pro-2.5 and GPT-5. This indicates
that incorporating ChemKGL can significantly enhance the
model’s output performance in terms of reaction mechanisms
and reaction intermediates.

4.3 Ablation experiment
To evaluate the impact of different modules and strategies on
model performance, we conducted ablation experiments. We
explored three main questions: whether to introduce a GNN
module, whether to use an entropy-based pruning strategy,
and whether to adopt a hybrid retrieval strategy.

Use of the GNN module
We first examined the necessity of the GNN module. In Ta-
ble 3, “LLaMA3.1-no-gnn” represents the model without the
GNN module, and its performance dropped by 5.26 points
compared to the full model. Similarly, “Qwen2.5-7B-no-
gnn” sees a 3.35-point decrease. This shows that the GNN
module is crucial; the structured information from subgraphs
supports better reasoning. The results are shown in Table 3.

Use of entropy-based pruning
To test the importance of entropy-based pruning, we created
an extreme scenario by removing the target product node for
each question in the test set from the knowledge graph. This
forces target-based retrieval to fail. Table 3 shows that the
LLaMA3.1-EBP model, which uses entropy-based pruning,
improved by 22.5 points over the original inference model
(LLaMA3.1-8B). Qwen2.5-7B-EBP also improves by 17.94
points. These results prove that the pruning strategy is highly
effective in retrieval failure cases, especially in cold-start sce-
narios where inference performance tends to drop.

To ensure the improvement does not simply come from the
presence of answer format rather than meaningful content,
we conducted a one-shot control experiment. Specifically,
we randomly selected answer labels from unrelated questions
and used them as one-shot examples. These examples are for-
mally valid but semantically irrelevant to the current question.
Results show that the one-shot setting did not lead to per-
formance improvement. In fact, Qwen2.5-one-shot showed
a slight drop. This indicates that formal hints alone cannot
compensate for the lack of semantic information, and irrele-
vant or redundant prompts may even hinder model reasoning.

Use of hybrid retrieval strategy
Table 4 shows the accuracy of different retrieval strategies.
We define a retrieval as successful when the starting and end-
ing nodes of the retrieved subgraph exactly match the reactant
and product in the question.

In forward retrieval, applying beam search (beam width
= 3) raised the accuracy to 91.7%, significantly higher than
76.67% without beam search. This indicates that beam search
plays a key role in improving retrieval quality. Adding histor-
ical information further boosted accuracy to 95%, showing
that reference to past information helps the model make bet-
ter retrieval decisions. Reverse retrieval performed even bet-
ter, achieving an accuracy of 99.17%, but a few samples still
failed in retrieval. To address this, we introduced a hybrid
strategy combining “reverse retrieval → forward retrieval →
historical retrieval.” This approach achieved a 100% retrieval
success rate, with all 120 test samples successfully matched.
The result verifies both the effectiveness and completeness of
the hybrid retrieval strategy.

Since reverse retrieval covers the majority of cases, for-
ward and historical retrieval steps are only used as fallback
mechanisms. As a result, the additional computational over-
head introduced by the hybrid retrieval strategy remains man-
ageable. Experimental results on a test set of 120 cases show
that knowledge graph retrieval takes approximately 12 sec-
onds per instance on average, which is comparable to the
inference time of current deep reasoning models and falls
within an acceptable range.

5 Conclusion
We proposed a reasoning framework called ChemKGL,
which was enhanced by knowledge graph retrieval. The
framework employed a hybrid retrieval strategy based on the
principle of maximizing mutual information. It also intro-
duced an entropy-based pruning mechanism to effectively
alleviate the cold-start problem. In addition, ChemKGL
leveraged graph neural networks to deeply integrate textual
information with structured knowledge, thereby improving
reasoning capabilities. Experimental results showed that
ChemKGL demonstrated strong robustness across various
backbone model architectures. It significantly enhanced the
model’s multi-step reasoning ability, and it not only surpassed
LLMs with larger parameter scales, but also outperformed
various models with deep reasoning capabilities. Overall,
ChemKGL provided an efficient and highly generalizable
new paradigm for multi-step chemical reaction pathway rea-
soning, offering strong scalability and practical value.
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