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Abstract
Recommendation systems aim to provide users with relevant
suggestions, but often lack interpretability and fail to capture
higher-level semantic relationships between user behaviors
and profiles. In this paper, we propose a novel approach that
leverages large language models (LLMs) to construct per-
sonalized reasoning graphs. These graphs link a user’s pro-
file and behavioral sequences through causal and logical in-
ferences, representing the user’s interests in an interpretable
way. Our approach, LLM reasoning graphs (LLMRG), has
four components: chained graph reasoning, divergent exten-
sion, self-verification and scoring, and knowledge base self-
improvement. The resulting reasoning graph is encoded using
graph neural networks, which serves as additional input to im-
prove conventional recommender systems, without requiring
extra user or item information. Our approach demonstrates
how LLMs can enable more logical and interpretable rec-
ommender systems through personalized reasoning graphs.
LLMRG allows recommendations to benefit from both en-
gineered recommendation systems and LLM-derived reason-
ing graphs. We demonstrate the effectiveness of LLMRG on
benchmarks and real-world scenarios in enhancing base rec-
ommendation models.

Introduction
Recommendation systems are now prevalent across the in-
ternet, smartly surfacing personalized content and products
to users based on their individual profiles and historical
behavioral data. However, most recommendation systems
rely solely on conventional machine learning techniques,
which can only identify patterns and relationships within
sequences of interactions without actually comprehending
the true meaning or semantics behind the items themselves.
Devoid of any logical or causal reasoning capacities (Li
and Chu 2023; Chu, Rathbun, and Li 2021), these recom-
mender systems struggle to effectively capture the full spec-
trum of conceptual relationships and connections spanning
a user’s diverse interests and behavioral patterns over time.
In addition, recent work (Wang et al. 2019; Chen et al.
2021; Wu et al. 2019; Wang et al. 2020; Sheu et al. 2021)
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has sought to enhance recommendations by incorporating
graph-structured information, which provides valuable con-
textual data beyond standard tabular data formats. However,
even these more advanced knowledge graphs used in recom-
mendation systems still lack the ability to perform complex
reasoning or inference - simply overlaying factual relation-
ships is not enough to enable a system to deeply understand
users’ interests and generate insightful recommendations.

In parallel, tremendous progress in large language mod-
els (LLMs) has demonstrated powerful new capacities for
reasoning, inference, and logic without the need for explicit
training on such tasks. These models exhibit remarkable ap-
titudes for causal, logical, and analogical reasoning, illumi-
nating new opportunities to leverage their strengths to de-
velop superior knowledge representations that can capture
nuanced semantic relationships between users’ interests. By
leveraging LLMs to reason behavioral sequences and com-
prehend user interests at a deeper conceptual level, there is
immense potential to revolutionize next-generation recom-
mendation systems (Chu et al. 2023b; Wang et al. 2023).

Therefore, we propose using an LLM to construct person-
alized reasoning graphs for recommendation systems. The
LLM inputs a user’s profile and behavioral sequences and
outputs a graphical representation linking concepts through
chained causal and logical reasoning. This results in an
expansive graph embedding higher-level semantic relation-
ships between the user’s interests and behaviors. We then
apply graph neural networks to learn a dense feature repre-
sentation that summarizes the graph’s structure and mean-
ing. This graph embedding is provided as additional input
to a conventional recommendation model. Our approach al-
lows recommendations to consider conceptual relationships
derived through reasoning while still benefiting from the rec-
ommendation abilities of traditional models. Moreover, the
graph provides interpretability by surfacing the explicit rea-
soning behind recommendations.

We designed four interlocking modules, powered by large
language models (LLMs), to construct personalized reason-
ing graphs that model each user’s interests: 1) a chained
graph reasoning module that conducts chained causal and
logical reasoning, 2) a divergent extension module that ex-
pands the graph by associating and reasoning about the
user’s interests, 3) a self-verification and scoring module that
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validates the reasoning procedure through abductive reason-
ing and scoring, and 4) a knowledge base self-improving
module that caches validated reasoning chains for later
reuse. Together, these four modules construct the Large Lan-
guage Model Reasoning Graphs (LLMRG) paradigm, which
employs a prompt-based framework leveraging large lan-
guage models to imaginatively generate plausible new rea-
soning chains, given their behavioral history and features.
Besides, it can perform imaginary continuations of each rea-
soning chain to predict the next items the user is likely to
engage with. This divergent thinking allows us to go beyond
reactive recommendations based on consumed content to
proactively recommend new items tailored to modeling the
user’s motivations. Experiments demonstrate our model’s
ability to improve recommendation performance without re-
quiring additional user or item data. This work illustrates
how large language models can enable logical and inter-
pretable recommender systems.

Background
Graph-based Recommendation System
Recent work explores graph-based methods that can incor-
porate additional relationship information into recommen-
dation systems (Sheu et al. 2021; Chu et al. 2024). For ex-
ample, knowledge graphs have emerged as a powerful way
to represent relationships between entities to capture com-
plex entity interactions (Wang et al. 2019; Chen et al. 2021).
Beyond predefined knowledge graphs, some methods (Wang
et al. 2019) learn to construct an informative graph from
user-item interactions. While knowledge graphs provide ex-
ternal information, graph learning methods (Wu et al. 2019)
can extract latent structures. Combining the two concepts,
(Wang et al. 2020) jointly leverage a knowledge graph and
interaction graph. In summary, graph-based methods allow
recommendation models to encode richer connectivity pat-
terns. However, there are some potential disadvantages of
graph-based recommendation systems compared to reason-
ing graph construction by large language models (LLMs):
(1) Knowledge graphs require extensive human expertise to
build and maintain relationships, whereas LLMs can auto-
matically extract relational knowledge from large text cor-
pora; (2) Predefined knowledge graphs may have coverage
gaps for certain entities or domains. LLMs can learn to rea-
son about any entity mentioned in the text; (3) Graph learn-
ing methods that construct graphs from interactions are lim-
ited to observable user-item connections. LLMs can infer
more abstract and latent relationships through reasoning; (4)
Knowledge graphs and graphs are static after construction.
LLMs can continue to expand their knowledge and reason-
ing capabilities as they are trained on more data.

Reasoning of LLM
Recent advances in large language models (LLMs) like
GPT-3 and PaLM have enabled strong capabilities in log-
ical and causal reasoning (Chu et al. 2023a; Guan et al.
2023; Xue et al. 2023). This progress stems from three
key strengths. First, natural language understanding allows
LLMs to parse meaning and relationships from text (Devlin

et al. 2018; Brown et al. 2020). Models can identify enti-
ties, actions, and causal chains through techniques like self-
attention and contextual embeddings. Second, LLMs have
accumulated vast commonsense knowledge about how the
world works (Shin et al. 2021; Chowdhery et al. 2022).
GPT-3 was trained on over a trillion words from the inter-
net, absorbing implicit knowledge about physics, psychol-
ogy, and reasoning. Models like PaLM were further trained
with constrained tuning to better incorporate common sense.
This enables filling in missing premises and making deduc-
tions. Third, transformer architectures impart combinatorial
generalization and symbolic reasoning abilities (Wei et al.
2022). Self-attention layers allow LLMs to chain ideas, fol-
low arguments step-by-step, and make coherent deductions.
Together, these strengths of understanding language, lever-
aging knowledge, and combinatorial reasoning empower
LLMs to parse scenarios, tap relevant knowledge, and rea-
son through implications and causes.

LLMRG
Problem Statement
Let U={u1, u2, . . . , u|U|} denote the set of users,
V={v1, v2, . . . , v|V|} be the set of items, and list
Su=[v

(u)
1 , . . . , v

(u)
t , . . . , v

(u)
nu ] denote the sequence of

interactions for user u ∈ U in chronological order, where
v
(u)
t ∈ V is the item interacted with at time step t and
nu is the length of the sequence. We use relative time
indices instead of absolute timestamps. In addition, let
Au=[a

(u)
1 , . . . , a

(u)
i , . . . , a

(u)
na ] represent user attributes

for modeling personalization, where na is the number
of attributes. Given a user’s interaction history Su, the
sequential recommendation task is to predict the item user
u will interact with at the next time step nu + 1.

In this work, we propose constructing Large Language
Model Reasoning Graphs (LLMRG), a new paradigm that
utilizes LLMs to improve recommendation system perfor-
mance. We first use a large language model (LLM) to
construct personalized reasoning graphs based on Su and
Au, which reason a user’s profile and behavioral sequences
through causal and logical inferences. The graph provides an
interpretable model of a user’s interests and embeds rich se-
mantic relationships. We propose an adaptive reasoning ar-
chitecture with self-verification based on the capabilities of
LLMs, which includes four components: 1) chained graph
reasoning, 2) divergent extension, 3) self-verification and
scoring, and 4)a self-improved knowledge base. By encod-
ing the resulting conceptual reasoning graph using graph
neural networks, it can be provided as an additional input
into conventional recommender systems. This allows recom-
mendations to benefit from both engineered recommenda-
tion algorithms and the explanatory knowledge derived from
the LLM graph reasoning process.

Adaptive Reasoning Architecture
Chained Graph Reasoning. Along with the user behav-
ioral sequences Su, for each item, we construct reasoning
chains RCn that link it to existing chains if there are logical
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Figure 1: LLMRG framework has two main components, i.e., an adaptive reasoning module with self-verification and a base
sequential recommendation model. Our model concatenates the embeddings from the adaptive reasoning module (Eori and
Ediv) and the base model (Ebase) to obtain Efusion. This fused embedding is used to predict the next item for the user.

connections or start entirely new chains rooted in the item
itself if there are no applicable links to existing reasoning
chains. Relevant user attributes Au are incorporated where
possible to further customize the reasoning chains for rec-
ommending items. This iterative reasoning chain construc-
tion process is carried out progressively along the user’s be-
havioral sequence up until the last item. Specifically, we em-
ploy a prompt-based framework leveraging large language
models to imaginatively generate plausible new reasoning
chains that could logically motivate the user to engage with
the next known item in their sequences. The prompt takes
as input the known next item, existing reasoning chains con-
structed thus far, and available user attributes. It outputs a
comprehensive set of possible new reasoning chains explain-
ing why the user might want to take the next item. These
dynamically generated new chains are integrated into the
evolving logical reasoning graph to enable the modeling of
increasingly complex interdependent motivations and inter-
ests underlying the user’s evolving behavioral trajectory.

Divergent Extension. Besides the observed behavioral se-
quences, we aim to conduct divergent thinking according to
the established reasoning graph. We propose a new diver-
gent extension module that performs imaginary continua-
tions of each reasoning chain to predict the next items the
user is likely to engage with. Specifically, for each reason-
ing chain digging into the user’s motivations and thinking
process, the divergent extension module employs an imag-
ination engine to divergently extend the chain beyond the

last known item. This involves using the language model to
sample plausible continuations of the reasoning trajectory
that predict what other related items the user might be in-
terested in next. For example, if the chain represents an in-
terest in sci-fi movies with complex philosophies, the ex-
tension could generate new sequences predicting more cere-
bral sci-fi films with similar themes and tones that the user
might enjoy. Critically, the imagination engine outputs mul-
tiple diverse possible extending items per reasoning chain,
capturing the user’s multifaceted interests. These imaginary
new items represent predictions of movies the user is likely
to watch soon. We aggregate the predicted new items from
all the extended reasoning chains to form a comprehensive
set of personalized recommendations tailored to the user’s
preferences. It is worth noting that the generated new item
recommendations may not exist in the original item list for
our recommendation task. Therefore, we need to use another
small language model to calculate the similarity between the
generated items and the original list in order to retrieve the
most relevant item recommendations. Divergent thinking al-
lows us to go beyond reactive recommendations based on
consumed content to proactively recommend new items tai-
lored to modeling the user’s motivations. In this procedure, a
prompt-based framework based on LLM is still employed. It
is worth noting that rather than just predicting the single next
movie, our divergent extension module enables the general-
ization of multiple future trajectories per reasoning chain.
This allows for properly capturing the user’s diverse inter-

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

19191



ests and possibilities they may take next.

Self-verification and Scoring. The self-verification mod-
ule utilizes the abductive reasoning capability (Xu et al.
2023) of LLM to check the plausibility and coherence of the
dynamically generated reasoning chains from the chained
graph reasoning and divergent extension modules. Before
adding a new reasoning chain to the graph, the module
masks the key items or engaged user attributes that the chain
is meant to logically link to. It then prompts the large lan-
guage model to fill in the [Mask] in the masked chains
MC

(u)
n with the most reasonable prediction. If the predicted

item or attribute matches what was originally masked, this
provides evidence that the reasoning chain logically flows
and is consistent with the user’s behavioral history and at-
tributes. The higher the match score, the more robust the rea-
soning graph is as a whole. On the other hand, a low match
score indicates potential flaws in the coherence or plausi-
bility of some reasoning chains. The system can then selec-
tively filter out or recalibrate the problematic chains before
integrating them into the graph. Therefore, we set a thresh-
old score for this self-verification to judge the rationality
of reasoning. This improves the overall soundness of the
dynamically constructed reasoning chains for the chained
graph reasoning and divergent extension modules, ensur-
ing reliable reasoning for recommendations aligned with the
user’s interests. Specifically, this module mainly involves
three steps, i.e., random masking, abductive reasoning, and
scoring, which are exemplified in Figure 1.

Knowledge Base Self-improving. In our system’s
chained graph reasoning, divergent extension, and self-
verification modules, we make extensive use of a language
model to conduct inference and reasoning. This repeated
language model invocation incurs significant computa-
tional costs. However, we observed that many knowledge
elements and reasoning procedures are applied repeatedly
across queries. To avoid redundant work, we introduce a
knowledge base that caches validated reasoning chains for
later reuse. By reusing previous reasoning results rather
than re-computing them, we substantially reduce language
model usage. We employ a self-improving approach to
maintain knowledge base quality over time. Using the
scores from our self-verification and scoring module, which
assess reasoning chain validity, we retain only high-quality
chains in the knowledge base. Low-scoring chains are
discarded to filter out low-quality or erroneous inferences.
Before conducting new reasoning, we first check whether
the knowledge base already contains a relevant chain. If so,
we retrieve and leverage that pre-computed chain instead
of invoking the language model. This knowledge base of
cached, high-quality reasoning chains significantly reduces
computational requirements. Our experiments demonstrate
it can cut language model usage by about 30% compared to
inferences from scratch after 3000 times of reasoning and
verification steps in Figure 4.

LLMRG Framework
Sequential recommendation approaches typically view the
user’s history of interactions as an ordered sequence and at-

tempt to model the user’s dynamically evolving interests. In
this work, we propose to use an LLM to construct personal-
ized reasoning graphs for recommendation systems. There-
fore, as shown in Figure 1, our proposed LLMRG has two
components, i.e., an adaptive reasoning module with self-
verification and a base sequential recommendation model.

The adaptive reasoning module takes the user’s interac-
tion sequence Su=[v

(u)
1 , . . . , v

(u)
t , . . . , v

(u)
nu ] and attributes

Au=[a
(u)
1 , . . . , a

(u)
i , . . . , a

(u)
na ] as input. This input goes

through chained graph reasoning, self-verification and scor-
ing, and divergent extension repeatedly to construct a rea-
soning graph and a divergent graph. The adaptive reason-
ing module is expressed as a mapping ϕ : {Su,Au} →
{Grea, Gdiv}, where Grea and Gdiv represent the reasoning
graph and divergent graph, respectively. We utilize SR-GNN
(Wu et al. 2019) to automatically extract embeddings from
the graphs, considering the rich node connections. This pro-
cess produces two embeddings Eori for the reasoning graph
and Ediv for the divergent graph by g1 : Grea → Eori and
g2 : Gdiv → Ediv . In parallel, the base sequential recom-
mendation model directly processes the input to produce
an embedding Ebase. Finally, we concatenate the embed-
dings from the adaptive reasoning module (Eori and Ediv)
and the base model (Ebase) to obtain Efusion. This fused
embedding is used to predict the next item for the user by
ψ : Efusion → v

(u)
nu+1.

The key advantages of our approach are that the adap-
tive reasoning module can construct personalized reasoning
graphs, and the divergent extension employs divergent think-
ing to go beyond reactive recommendations to proactively
recommend new items following the evolving behavioral
trajectory. The self-verification and scoring also help im-
prove the reasoning process. Fusing this with a standard se-
quential recommendation model allows for combining com-
plementary strengths without accessing extra information.

Experiments
Settings. To evaluate our proposed method, we conduct
experiments on three benchmark datasets: the Amazon
Beauty, Amazon-Clothing, and MovieLens-1M (ML-1M)
datasets (McAuley et al. 2015; Harper and Konstan 2015).
The statistics of the three datasets after preprocessing are
summarized in Table 1. To evaluate the performance of our
recommendation system, we utilize a leave-one-out strategy
where we repeatedly hold out one item from each user’s se-
quence of interactions. We report two widely used ranking
metrics - Top-n metrics HR@n (Hit Rate) and NDCG@n
(Normalized Discounted Cumulative Gain) where n is set
to 5 and 10. HR@n measures whether the held-out item
is present in the top-n recommendations, while NDCG@n
considers the position of the held-out item by assigning
higher scores to hits at the top ranks. Following the exper-
iment comparison (Du et al. 2023), we include four base-
line methods: BERT4Rec (Sun et al. 2019) adopts a bidirec-
tional Transformer as the sequence encoder. FDSA (Zhang
et al. 2019) applies self-attention blocks to capture transition
patterns of items and attributes. CL4SRec (Xie et al. 2022)
proposes data augmentation strategies for contrastive learn-
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Specs. Beauty Clothing ML-1M

# Users 22,363 39,387 6,041
# Items 12,101 23,033 3,417
# Avg.Length 8.9 7.1 165.5
# Actions 198,502 278,677 999,611
Sparsity 99.93% 99.97% 95.16%

Table 1: Statistics of the datasets after preprocessing.

Dataset Metric FDSA BERT4Rec CL4SRec DuoRec

ML-1M

HR@5 0.0909 0.1124 0.1141 0.2011
HR@10 0.1631 0.1910 0.1866 0.2837
ND@5 0.0599 0.0713 0.0721 0.1265
ND@10 0.0878 0.0980 0.1013 0.1663

HR@5 0.0237 0.0201 0.0398 0.0552
Amazon HR@10 0.0418 0.0413 0.0664 0.0839
Beauty ND@5 0.0195 0.0192 0.0221 0.0350

ND@10 0.0275 0.0263 0.0322 0.0447

HR@5 0.0119 0.0128 0.0166 0.0190
Amazon HR@10 0.0197 0.0202 0.0273 0.0311
Clothing ND@5 0.0073 0.0081 0.0093 0.0118

ND@10 0.0109 0.0113 0.0125 0.0155

Table 2: Performance comparison of baseline models on
three benchmark datasets. Higher is better.

ing in the sequential recommendation. DuoRec (Qiu et al.
2022) proposes both supervised and unsupervised sampling
strategies for contrastive learning in the sequential recom-
mendation.

Results and Analysis. As evidenced in Table 2 and 3, we
conduct comprehensive benchmarking experiments on three
widely-used datasets - ML-1M, Amazon Beauty, and Ama-
zon Clothing. We compare our proposed LLMRG model
built on top of GPT3.5 or GPT4 with several strong baseline
methods, including FDSA (Zhang et al. 2019), BERT4Rec
(Sun et al. 2019), CL4SREC (Xie et al. 2022), and DuoRec
(Qiu et al. 2022). We observe significant performance gains
on HR@5, HR@10, NDCG@5, and NDCG@10 after ap-
plying LLMRG, compared to the original baseline mod-
els. This indicates that conventional recommender systems
struggle to model the conceptual relationships and behav-
ioral sequences of diverse user interests. In contrast, our pro-
posed LLMRG framework can boost recommendation per-
formance without needing any additional information. These
improvements showcase how large language models can
bring logical reasoning and interpretability to recommender
systems. Furthermore, LLMRG performance scales with
the underlying LLM capability - the GPT4-based LLMRG
consistently outperforms its GPT3.5 counterpart. In addi-
tion, when comparing the ML-1M movie dataset to the
Beauty and Clothing product datasets, we observed that our
LLMRG approach led to greater improvements across all
evaluation metrics on the ML-1M dataset. This suggests that
movie items contain richer semantic information and en-
able more semantically logical reasoning relationships than

Amazon product items. As movies often have complex plots,
character arcs, and artistic themes, recommending movies
likely requires more sophisticated relational reasoning be-
tween items than recommending simple retail products. The
complexity of logical relations between movie entities en-
ables our LLMRG method to better leverage its relational
modeling capabilities. In contrast, beauty and clothing prod-
ucts have less narrative complexity, so there is less opportu-
nity for relational reasoning to improve recommendations.

Ablation Study. To demonstrate the effectiveness of our
proposed reasoning graph, we conduct ablation studies on
our LLMRG model using two benchmark datasets: ML-1M
and Amazon Beauty. We compare LLMRG to the DuoRec
baseline model as well as DuoRec augmented with a sim-
ple sequence graph, as proposed by Wu et al. (2019). The
sequence graph directly models interaction sequences with-
out reasoning. We also compare against combining DuoRec
with large language models - GPT-3.5 and GPT-4 - with-
out constructing a reasoning graph. Here, the LLM simply
outputs recommended items based on prompts containing
historical sequences and user profiles, without a reasoning
graph. As shown in Table 4, the DuoRec model augmented
with a sequence graph provides only minor improvements
compared to our full LLMRG model. The DuoRec+GPT3.5
model without reasoning graph integration fails to sig-
nificantly improve DuoRec performance on ML-1M, and
even decreases performance on the Amazon Beauty dataset.
Thanks to its greater capability, DuoRec+GPT4 boosts per-
formance over DuoRec+GPT3.5 but still lags far behind our
LLMRG model. These results demonstrate that the reason-
ing graph constructed by our proposed instructions is criti-
cal for performance, and simple next-item prediction is in-
sufficient (DuoRec+GPT3.5 and DuoRec+GPT4). By ex-
plicitly modeling the reasoning process between user pro-
files and interaction sequences, LLMRG is able to make ac-
curate, explainable recommendations. Our ablation studies
confirm the reasoning graph’s necessity and value in effec-
tively leveraging the power of large language models for rec-
ommendation systems.

Our additional ablation studies further explore the effec-
tiveness of each module in our LLMRG framework. Us-
ing DuoRec as a baseline model, we compared it to ab-
lation versions of LLMRG with or without the divergent
extension and self-verification modules based on GPT3.5
or GPT4. The results in Table 5 reveal that LLMRG (with
GPT3.5 or GPT4) without the divergent extension mod-
ule provides only marginal improvement compared with the
complete LLMRG. However, removing the self-verification
module from LLMRG (GPT3.5) actually decreases perfor-
mance. This demonstrates the limited reasoning capability
of GPT3.5 - without verification, uncontrolled reasoning in-
troduces noise that reduces overall performance. Overall,
these ablation experiments clearly demonstrate the value of
both our divergent extension and self-verification modules in
enabling more advanced reasoning while maintaining accu-
racy. The modules work synergistically to expand the search
space of possible solutions while filtering out inaccurate or
incoherent lines of reasoning.
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Dataset Metric
FDSA BERT4Rec CL4SRec DuoRec

GPT3.5 GPT4 GPT3.5 GPT4 GPT3.5 GPT4 GPT3.5 GPT4

ML-1M

HR@5 + 20.70% + 25.79% + 26.67% + 32.56% + 19.98% + 21.02% + 12.87% + 14.76%
HR@10 + 17.93 % + 22.87% + 13.52 % + 16.49 % + 17.30 % + 19.31 % + 14.10 % + 15.53 %
ND@5 + 21.33% + 30.27 % + 25.74 % + 32.82 % + 14.97 % + 16.78 % + 23.55 % + 26.01 %
ND@10 + 21.78% + 28.25% + 23.34% + 28.06% + 17.67% + 20.42% + 12.86% + 13.77%

HR@5 + 13.89 % + 17.53 % + 19.17 % + 23.22 % + 11.15 % + 14.15 % + 9.31 % + 11.93 %
Amazon HR@10 + 15.02 % + 17.78 % + 17.79 % + 22.14 % + 10.22 % + 11.32 % + 5.14 % + 6.61 %
Beauty ND@5 + 16.20 % + 18.64 % + 14.21 % + 17.63 % + 8.45 % + 10.18 % + 7.42 % + 9.24 %

ND@10 + 14.78 % + 17.64 % + 11.53 % + 14.76 % + 8.17 % + 9.68 % + 6.67 % + 7.95 %

HR@5 + 20.67 % + 23.92 % + 16.09 % + 19.10 % + 7.90 % + 10.92 % + 9.98 % + 11.40 %
Amazon HR@10 + 14.45 % + 17.88 % + 10.52 % + 13.72 % + 11.21 % + 14.99 % + 7.65 % + 9.48 %
Clothing ND@5 + 8.16 % + 10.86 % + 7.39 % + 10.39 % + 6.02 % + 9.09 % + 6.74 % + 9.19 %

ND@10 + 6.01 % + 8.13 % + 5.21 % + 5.94 % + 4.32 % + 8.07 % + 7.89 % + 9.29 %

Table 3: Performance comparison on three benchmark datasets. We set the original models as baselines (Table 2) to compare
with our proposed LLMRG model based on GPT3.5 or GPT4. Higher is better.

Method
ML-1M Amazon Beauty

HR@5 HR@10 ND@5 ND@10 HR@5 HR@10 ND@5 ND@10

DuoRec 0.2011 0.2837 0.1265 0.1663 0.0552 0.0839 0.0350 0.0447
DuoRec w/ seq + 6.36 % + 7.12 % + 12.25 % + 4.50 % + 3.26 % + 2.74 % + 3.71 % + 2.68 %
DuoRec+GPT3.5 + 0.94 % + 0.81 % + 0.55 % + 1.80 % - 1.26 % - 0.71 % - 0.85 % - 0.89 %
LLMRG(GPT3.5) + 12.87 % + 14.10 % + 23.55 % + 12.86 % + 9.31 % + 5.14 % + 7.42 % + 6.67 %
DuoRec+GPT4 + 3.28 % + 2.29 % + 3.95 % + 2.22 % + 0.72 % + 0.71 % + 0.86 % + 0.67 %
LLMRG(GPT4) + 14.76 % + 15.53 % + 26.01 % + 13.77 % + 11.93 % + 6.61 % + 9.24 % + 7.95 %

Table 4: Ablation studies of our LLMRG model on two benchmark datasets, i.e., ML-1M and Amazon Beauty. We take the
DuoRec as a baseline model to compare with the DuoRec with sequence graph and DuoRec with direct recommendation results
via naive GPT3.5 or GPT4 without constructing a reasoning graph. Higher is better.

LLM Method
ML-1M Amazon Beauty

HR@5 HR@10 ND@5 ND@10 HR@5 HR@10 ND@5 ND@10

NA DuoRec 0.2011 0.2837 0.1265 0.1663 0.0552 0.0839 0.0350 0.0447

w/o div + 5.12 % + 3.87 % + 8.30 % + 4.75 % + 3.62 % + 2.86 % + 4.57 % + 3.80 %
GPT3.5 w/o ver - 4.72 % - 3.94 % - 10.90 % - 4.14 % - 2.17 % - 1.43 % - 2.57 % - 2.46 %

w/ div & ver + 12.87 % + 14.10 % + 23.55 % + 12.86 % + 9.31 % + 5.14 % + 7.42 % + 6.67 %

w/o div + 7.06 % + 4.68 % + 13.35 % + 8.11 % + 4.89 % + 3.45 % + 4.28 % + 5.81 %
GPT4 w/o ver + 5.86 % + 2.36 % + 5.77 % + 3.72 % + 1.26 % + 1.31 % + 1.71 % + 1.56 %

w/ div & ver + 14.76 % + 15.53 % + 26.01 % + 13.77 % + 11.93 % + 6.61 % + 9.24 % + 7.95 %

Table 5: Ablation studies of our LLMRG model on two benchmark datasets, i.e., ML-1M and Amazon Beauty. We take the
DuoRec as a baseline model to compare with the ablation models w/ or w/o divergent extension and self-verification modules
based on GPT3.5 or GPT4. Higher is better.

As shown in Figure 4, we also analyze the effective-
ness of the proposed knowledge base self-improving. Based
on LLMRG (GPT3.5), we calculate the average access
frequency of the model call to LLM on two benchmark
datasets. The experimental results show that the average
access frequency decreases significantly as the number of
reasoning steps increases. After 3,000 times of reasoning
and verification, the average access frequency decreases by
about 30% compared to not using this module, proving that
the knowledge base contains high-quality reasoning chains

that can be reused. Moreover, we observed that the reuse
rate of high-quality reasoning chains in Amazon Beauty is
higher than that of ML-1M, and the long-tailed distribution
of Amazon products is one of the reasons for this difference.

To provide intuitive examples corroborating our quan-
titative results, we examined real case studies from the
ML-1M dataset using (a) our complete LLMRG model,
(b) LLMRG without the divergent extension module, and
(c) LLMRG without the self-verification module. The case
studies in Figure 2 illustrate the differences in reasoning be-
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Divergent Interactions

1. Gender: Male, 2. Age: 25
3. Occ.: Writer

User Attributes

 User
Interactions

Divergent
Interactions

User
Attributes

d1: Blade Runner, d2: The Terminator
d3: Die Hard
d4: Close Encounters of the Third Kind

Sequence of Interactions
1. Star Wars: Episode VI 
2. E.T. the Extra-Terrestrial
3. Hustler, The,  4. Jurassic Park
5. Predator  6. Star Wars: Episode IV
7. Star Wars: Episode V
8. Raiders of the Lost Ark,  9. Jaws
10. Saving Private Ryan

Divergent Interactions
d1: National Treasure  
d2: Schindler's List
d3: Die Hard,  d4: Psycho

Legend

(c) w/o self-verification(b) w/o divergent extension (a) LLMRG

Figure 2: The real case studies (ML-1M) on our (a) LLMRG and ablation models, i.e., (b) LLMRG w/o divergent extension
and (c) LLMRG w/o self-verification. The black arrow represents the reasoning procedure.

(c) 𝒍𝒕𝒓𝒖 in ML-1M (d) 𝒍𝒕𝒓𝒖 in Beauty(b) 𝝉 in Beauty(a) 𝝉 in ML-1M

Figure 3: Sensitivity analysis of threshold of verification scoring τ and sequence truncation length ltru on HR and NDCG
performance based on ML-1M and Amazon Beauty benchmarks.
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Figure 4: The average access frequency of LLM.

tween the models. LLMRG generates coherent recommen-
dations with sound justifications, leveraging both divergent
thinking to expand possibilities and self-verification to fil-
ter out poor options. Without divergent extensions, LLMRG
struggles to move beyond obvious choices. Further, without
self-verification, LLMRG’s recommendations become more
speculative and sometimes nonsensical, as the model lacks
the ability to check its own thinking. These qualitative anal-
yses mirror the patterns in our numerical results, serving as
further validation of the value added by each reasoning mod-
ule working in concert with our full LLMRG framework.
The case studies provide intuitive examples of how our ap-

proach combines creative thinking and critical evaluation to
produce logical recommendations.

Sensitivity Analysis. We evaluate LLMRG’s sensitivity to
the two most crucial parameters, τ and ltru, on HR and
NDCG, which control the threshold for verification scoring
and sequence truncation length, respectively. Figure 3 (a)
and (b) show that larger τ values yield more robust reason-
ing and filter out inferior options, thus boosting the model’s
performance on the ML-1M dataset. However, on the Beauty
dataset, performance starts to decrease from τ = 30, likely
because higher verification scoring thresholds filter out more
reasoning chains, increasing the sparsity of the graph. Fig-
ures 3 (c) and (d) indicate that, generally, longer sequences
bring better recommendation results by incorporating more
information. In summary, larger τ and longer sequences both
tend to improve performance. τ exhibits a peak value, be-
yond which sparser reasoning graphs degrade results, espe-
cially for less logical sequences, such as Amazon products.

Conclusion
We present LLMRG that utilizes LLM to construct personal-
ized reasoning graphs. This method demonstrates how LLM
can bring logical reasoning and interpretability to recom-
mendation systems without needing any additional informa-
tion. We demonstrate that our plug-and-play method can ef-
fectively enhance multiple existing recommenders.
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