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Abstract

Integrating knowledge graphs (KGs) with large
language models (LLMs) enhances factual ac-
curacy and interpretability in question answer-
ing (QA). However, existing agent-based meth-
ods rely on static memory mechanisms, which
fail to address the state-space explosion in
multi-hop reasoning and lack self-evolution
capabilities. To overcome these limitations,
we propose EvoMemKG, an agent frame-
work with an evolvable memory mechanism
for multi-hop KG reasoning. EvoMemKG in-
troduces a dual-layer memory: (1) a working
memory that manages and compresses inter-
mediate states using a relation-based compres-
sion algorithm, effectively reducing context us-
age; and (2) an experience memory that distills
historical reasoning paths into reusable, gen-
eralized strategies, enabling cross-task knowl-
edge transfer and self-evolution. We further de-
sign a double-loop workflow that orchestrates
the LLM, the dual-layer memory, and KG en-
vironment to enable end-to-end autonomous
reasoning. Extensive evaluations on three
KGQA datasets across two KGs demonstrate
that EvoMemKG achieves state-of-the-art per-
formance without requiring additional training
or specialized tools, with improvements of up
to 20% over strong baselines on complex multi-
hop queries.

1 Introduction

The integration of knowledge graphs (KGs) with
large language models (LLMs) (Zhao et al., 2023)
offers a promising path toward factually-grounded
and interpretable reasoning (Hu et al., 2024a; Some
et al., 2025). KGs provide structured and human-
readable knowledge (Pan et al., 2024) that can miti-
gate the limitations of LLMSs, such as hallucination
(Rawte et al., 2023) and knowledge deficiencies
(Sun et al.; Schick et al., 2023). However, leverag-
ing KGs for multi-hop question answering remains
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Figure 1: The key limitations of static memory, and
how our EvoMemKG overcomes them by a dual-layer
memory.

challenging, as it requires multiple rounds of ex-
ploration within a vast and structured knowledge
space.

Recent methods focus on developing LLM agent
frameworks (Wang et al., 2024) to handle multi-hop
KG question answering, where an LLM agent inter-
acts with the KG to find answers. These methods
can be categorized into indirect interaction (e.g., us-
ing retrieval tools or generating SPARQL queries)
(Li et al., 2025; Xiong et al., 2024; Jiang et al.,
2023a) and direct interaction (e.g., path-finding
on the graph) (Jiang et al., 2025; Sun et al., 2024;
Markowitz et al., 2024).

Although the agent-based paradigm avoids
costly LLM fine-tuning and excels in flexibility
and generalizability, most existing methods em-
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ploy static memory mechanisms, which suffer from
two limitations (as shwon in Figure 1): (1) State-
space explosion: during multi-hop exploration, the
number of intermediate states grows exponentially.
Static memory cannot store all information within
the finite context of LLMs , resulting in informa-
tion loss or truncated reasoning chains; (2) Lack of
evolution: each query is processed independently,
unable to retain or reuse successful reasoning ex-
periences across tasks, leading to redundant explo-
ration and prevents self-evolution.

To overcome these limitations, we introduce
EvoMemKG, an agent framework equipped with a
dynamic, evolvable memory mechanism designed
for multi-hop KG reasoning. EvoMemKG fea-
tures a dual-layer memory architecture: a Working
Memory (WM) that compresses retrieved triplets
to manage immediate exploration states, and an
Experience Memory (EM) that distills historical
reasoning paths into reusable general strategies. A
dedicated double-loop workflow orchestrates the
interaction between the LLM, memory, and KG
environment, enabling the agent to select appropri-
ate action at each step to solve multi-hop queries
autonomously.

We evaluate EvoMemKG on three common
KGQA datasets across two KGs. Without any task-
specific training or the use of additional tools, our
framework achieved state-of-the-art performance,
showing particularly significant improvements on
complex multi-hop queries. Additional ablation
and analysis experiments further illustrate the effec-
tiveness and efficiency of the memory mechanism.

Our contributions are summarized as follows:

* We propose EvoMemKG, an agent framework
specifically designed for multi-hop KG rea-
soning. It features a dynamic dual-layer mem-
ory mechanism and is adaptable to any KG
and base model, effectively addressing the is-
sues of state explosion and lack of evolution
in multi-hop KG reasoning.

* We introduce a dual-layer memory: working
memory uses relationship-based compression
algorithms to compress and manage interme-
diate states during the exploration process;
experience memory distills historical experi-
ences into reusable strategies, enabling the
agent to self-evolve. Additionally, we design
a dual-loop workflow to coordinate all com-
ponents and achieve efficient end-to-end task
solving.

* We conduct extensive experiments demon-
strating state-of-the-art performance and pro-
viding in-depth analysis of the memory mech-
anism’s effectiveness and efficiency, particu-
larly for multi-hop reasoning.

2 Related Work

Our work lies at the intersection of KG-
augmented LLM reasoning and memory-
augmented LLM agents. Below, we review
relevant advances in both lines of research and
highlight the gap that EvoMemKG aims to fill.

2.1 KG-Augmented LLM Reasoning

Incorporating KGs into LLM reasoning has
emerged as a key strategy to enhance factual
grounding and interpretability. Existing approaches
can be categorized along two dimensions: (1) how
the KG is accessed, and (2) whether the LLM is
fine-tuned.

Fine-tuning based methods (Sun et al., 2018;
Saxena et al., 2020; Zhang et al., 2022; Jiang et al.,
2023c) often incorporate KG-specific modules into
pre-trained models and perform task-specific fine-
tuning. While effective on particular benchmarks,
these methods sacrifice generalization and require
substantial training data and computation.

To preserve generality, agent-based frameworks
have gained popularity. Here, the LLM acts as a
controller that decides whether and how to access
the KG, without being retrained. These frameworks
can be further divided into:

Indirect interaction methods, which rely on
intermediate tools such as vector retrievers (Guo
et al., 2023; Faldu et al., 2024; Hu et al., 2024b)
or structured query generators (e.g., SPARQL)
(Jiang et al., 2023a; Agarwal et al., 2024; Xiong
et al., 2024). While effective, their performance
is bounded by the quality of tools, and orchestrat-
ing multi-tool workflows remains challenging (Qu
et al., 2025). Recent work, such as DoG (Li et al.,
2025), uses KG to build a graph-aware decoding
strategy to regulate the decoding process of LLMs.

Direct interaction methods, which treat KGQA
as a path-finding task on the graph (Markowitz
et al., 2024; Sun et al., 2024; Xu et al., 2024).
By allowing the agent to traverse edges step-by-
step, this paradigm offers greater generalizability
and transparency. However, it faces a fundamen-
tal bottleneck: the LLM’s finite context window
cannot accommodate the exponentially growing
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state space during multi-hop exploration. Recent
work like ToG-3 (Wu et al., 2025a), ORT (Liu et al.,
2025), and LMP (Wan et al., 2025) attempts to mit-
igate this by dynamically constructing task-specific
graph representations (such as graph summariza-
tion or pruning). However, they still cannot achieve
lossless compression of retrieved information or
self-evolution based on historical experience. Our
work adopts the direct interaction paradigm and
introduces a dynamic memory system to overcome
these limitations.

2.2 Memory-Augmented LLM Agents

Memory is essential for agents operating in
sequential decision-making environments (Wang
et al., 2024; Xi et al., 2023), enabling experience
accumulation (Zheng et al., 2023), information ab-
straction (Zhao et al., 2024), and long-term adapta-
tion (Zhang et al., 2024).

Early agent designs treated memory as a passive
record of interactions, storing it within the LLM
context, which leads to context overflow in multi-
hop tasks. Recent research explored structured
memory systems. For example, utilizing temporal
KGs to integrate situational and semantic mem-
ory (Rasmussen et al., 2025); constructing graph-
based memory systems that model long-context in-
formation as graphs to enable associative retrieval
(Wu et al., 2025b); and adopting hypergraph-based
memory systems to model higher-order interactions
and handle complex reasoning (Zhou et al., 2026).

Although these studies highlight the value of
structured memory, they were not specifically
designed for the iterative, graph-based decision-
making processes required for direct KG interac-
tion. Thus, they fail to address the unique chal-
lenges of multi-hop KG reasoning tasks: (1) intra-
session state compression to handle exponentially
growing exploration branches and states; and (2)
cross-session strategy evolution to reuse successful
reasoning strategies.

EvoMemKG bridges this gap through a dual-
layer memory architecture that manages state space
explosion (via working memory) while distilling
transferable reasoning strategies (via experience
memory), thus tailoring to multi-hop KG reasoning
tasks.

3 Methodology: EvoMemKG

We begin by formalizing multi-hop KG reason-
ing as a sequential decision-making problem (3.1),

then present an overview of EvoMemKG (3.2),
followed by detailed descriptions of its dual-layer
memory (3.3) and double-loop workflow (3.4).

3.1 Problem Formulation

Given a natural language query ¢ and its cor-
responding query entity ¢, € & within a KG
G = (E,R,T), where £, R, and T denote the
sets of entities, relations, and triplets, respectively.
The goal is to find the answer entity e, € £, which
equivalent to finding a valid reasoning path P in G:

P = (6Q7T17 €1,72,€2,...,Tn, 60,)7

1
s.t. Vi, (es, i ei01) €T W

The process of searching for P can be defined
as a Markov decision process. At each step ¢,
the agent observes a state s; (including retrieved
triplets, the current entity, and history) and selects
an action a; (e.g., exploring neighboring nodes or
answering). After executing a¢, the environment
updates the state to s;11. An episode ends when the
agent submits an answer or reaches the maximum
step Tiax- The objective is to learn an optimal pol-
icy m that maximizes the probability of reaching
the correct answer:

argmaxEp, [I(eq € P) | q,eq.G] (2)
where I is the indicator function, and the expecta-
tion is taken over paths P generated by the policy
7 interacting with G starting from e,.

3.2 Overview

As illustrated in Figure 2, EvoMemKG consists
of three core components: (1) LLM Agent, the cen-
tral controller that interprets states, selects actions
and generate answers; (2) Dual-Layer Memory,
comprising Working Memory (WM) for state man-
agement and compression within a single task and
Experience Memory (EM) for cross-task experi-
ence reuse; (3) KG Environment, provides inter-
faces for the agent to access KG.

Above these components, a Double-Loop work-
flow organizes them into a complete agent frame-
work: the inner loop handles each reasoning (ex-
ploration) steps, where the agent uses current state
(from WM) and relevant experience (from EM) to
select an action executed in the KG environment;
the outer loop manages the entire task, initializing
memory, running the inner loop until termination,
and then distilling successful trajectories into expe-
rience memory.
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Figure 2: Left: the double-loop workflow (inner and outer loop) and main components; Right: the memory
operations; (1) retrieve historical strategies from experience memory to initialize the current state; (2) explore KG
and compress the raw triplets into the index of working memory; (3) reconstruct the index of working memory into

triplets; (4) distill reusable strategy from trajectories.

This design enables the agent framework to han-
dle state-space explosion via WM while continu-
ously evolving through EM, achieving both effi-
cient reasoning and adaptive learning.

For formal definitions of actions and workflows,
see Appendix A.

3.3 Dual-Layer Memory

The Dual-Layer Memory is the core of
EvoMemKG. It consists of two modules: Working
Memory (WM), which manages and compresses
the intermediate states of a single exploration pro-
cess, and Experience Memory (EM), which en-
ables the reuse of experience across tasks.

3.3.1 Working Memory

WM manages the intermediate state of each ex-
ploration step. It compresses the exponentially
growing retrieved triplets through a relation-based
compression algorithm, enabling the LLM to grasp
the complete reasoning chain within a limited con-
text.

Relation-based compression algorithm. At
each exploration step, the agent may retrieve nu-
merous triplets from the KG. Directly feeding
them into the LLM would quickly exhaust the
context limit. Therefore, WM employs a relation-
based compression algorithm to compress retrieved

triplets with the same relation into an index entry.

Specifically, at step ¢, the agent retrieves a set
of triplets 7; = {(si,7i,0;)}. The compression
process consists of four specific steps:

1. Grouping: let R; be the distinct relations in
T¢. For each relation r € Ry, find the triplets in 7;
that contain r:

7 = {(s.r.0) € Ta}, 3)

2. Clustering: Next, the head entities and tail
entities in 7;(” are clustered to two entity sets:

1" = {5 (s,r,0) € "}

C)

0" ={o| (s,r.0) € 77}

3. Textualization: Then, generate a structured
text snippet for each relation 7 and its clusters:

qﬁ(?—[y), 7, Oﬁ”) = “Head Set:{s1, 82, .., S },
Relation: r, Tail Set:{o1, 02, ..., 01 }”
&)
where the function ¢(-) formalizes a relation and
its associated entity sets into compact text snippets
as an index, displaying only the first k£ entities from
each set as examples.
4. Concatenation: Finally, concatenate the text
fragments corresponding to all relations r € R to
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obtain the compressed index entry:

L=CT) = oH",r00") (6

reRq

where @D denotes concatenation operation and C(-)
is the relation-based compression algorithm.

After compression, the index is fed into the con-
text of LLM instead of all triplets, which is signif-
icantly smaller, allowing the LLM to maintain a
global awareness of long reasoning chains within
the finite context window. Furthermore, this com-
pression is reversible, as all triplets are stored in
an external memory pool and can be fully recon-
structed via the decoding mapping C~'(I;) = 7.

To enable the agent to use WM, the framework
provides two basic actions:

Write: Compress the new retrieved triplet 7T;
and concatenate it with the existing index:

I = WRITE(L;_1,T7) = L1 P C(T) (D)

Read: LLM can invoke the read operation to re-
construct specific portions of the index into triplets
for fine-grained reasoning:

T’ = READ(I, conditon) = {(s,r,0)|(s,r,0)

€ C~Y(I;) and match condition}
®)

3.3.2 Experience Memory

EM stores generalized reasoning strategies dis-
tilled from past trajectories, enabling cross-task
experience reuse and self-evolution.

Strategy Distillation. After the agent completes
a multi-hop reasoning (exploration), it obtains an
reasoning path Pc = (eq,71,€1,...,7n,€q). The
EM abstracts this into a general strategy S using
the strategy distillation function D:

S = (k,v,8) =D(Pe,q,9) 9

where S is a tuple containing three elements:
1. key: kK = Emb(q) is the embedding of the
original query, serving as a key for future retrievals.
2. value: v is the distilled strategy content. It is
a generalized reasoning path obtained by replacing
the concrete entities in Pc with their types 7(e):

v=(7(eq),r1,7(€1), ..., "0, T(€q)) (10)

For example, the path (Albert Einstein, bornln,
Ulm, locatedIn, Germany) is abstracted to (Per-
son, bornln, City, locatedIn, Country), forming a
reusable strategy for “birth country” queries.

3. score: s = LLM(P.,q,ans) is the self-
assessment score generated by the LLM for the
quality of this reasoning path and generated an-
swer ans, which is used for subsequent strategy
refinement.

Finally, to enable the agent to use the EM, we
also provide two memory management actions:

Read: For a new query ¢/, compute its embed-
ding Emb(q’) and retrieve the top K strategies with
the highest similarity from the experience memory
Mg

Siopic = Retrieve(Mgar, ¢') "

= {(ki,v;) | sim(emb(q), k;) is top-K } (1
where sim(-, -) is a similarity function (e.g., cosine
similarity in the embedding space).

Write/Refine: For a new strategy
S" = (K,v,¢). If a similar strategy exists
(sim(k', k;) > 0, k; € Mpgar), keep the one with
higher score; otherwise, add the new strategy. This
mechanism ensures the quality and diversity of
the strategies in the EM, enabling it to evolve
dynamically.

3.4 The Double-Loop Workflow

The double-loop workflow coordinates LLM
Agent, working memory (WM), experience mem-
ory (EM), and KG environment to enable end-to-
end autonomous reasoning, allowing EvoMemKG
not only to process queries efficiently but also
to continuously evolve its reasoning strategies
through past experience.

3.4.1 Inner Loop

The inner loop is responsible for executing each
specific exploration step. At step ¢, the agent re-
ceives the following information as the current state
(observation): (1) the user query ¢; (2) the strate-
gies retrieved from the EM and instantiated for the
current query; and (3) the compressed index I; in
the current WM.

Based on this information, the LLM selects one
of the following three types of actions through
a carefully designed prompt (which includes the
thought process and action selection):

Explore: Used to explore one hop on the KG
to obtain more information; it consists of two sub-
actions executed sequentially.

Extract: Used to read from WM, filter informa-
tion, or perform logical operations on WM. This
action comprises a series of specific functions that
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the agent can select and provide parameters for as
needed.

Answer: Executed when the agent determines
that the current information is sufficient to generate
an answer or when the maximum number of steps
has been reached. It consists of three sub-actions
executed in sequence.

See Appendix A.2 for details about these actions.

3.4.2 Outer Loop

The outer loop manages the execution of a com-
plete task and evolution of the memory system,
consisting of three phases:

Preparation: When receiving a new query g,
the system first retrieves the K (K = 3) most rele-
vant strategies from the EM. These strategies are
then instantiated based on the current query by
replacing the type 7(e) in the strategy with a cor-
responding entity in ¢ and KG, forming an initial
query sketch. These sketches are written to the
WM as the initial exploration state Iy. This phase
provides the agent with high-level prior knowledge,
enabling it to avoid blind exploration from scratch.
See Algorithm 1 in Appendix A.1.

Exploration: Once the preparation phase is
complete, the inner loop will begin, allowing the
agent to autonomously and iteratively explore the
KG until it executes the Answer action and provides
a high-confidence answer, or until the maximum
steps is reached. Throughout the exploration pro-
cess, the WM is continuously updated, providing
the agent with a global, compressed view of the
states.

Evolution: After the task is completed, the rea-
soning path is converted into a general strategy by
strategy distillation. Subsequently, the new strat-
egy is stored in the EM, transforming successful
exploration into the system’s experience memory
and providing guidance for similar queries in the
future. See Algorithm 2 in Appendix A.1.

4 Experimental Setup

4.1 Datasets

We evaluate on three widely-used KGQA
datasets that cover diverse complexity levels: We-
bQuestionsSP(WQSP) (Yih et al., 2016) is a rel-
atively simple dataset where 80% of questions
are within 2 hops; ComplexWebQuestions(CWQ)
(Talmor and Berant, 2018) extends WQSP with
multi-hop and compositionally complex questions;
KQAPro (Cao et al., 2022) is the most challeng-

ing benchmark with numerous complex multi-hop
queries and six distinct compositional types. They
are based on various KGs, where WQSP and CWQ
use Freebase (Bollacker et al., 2008) and KQApro
uses WikiData (Vrandeci¢ and Krotzsch, 2014).

See Appendix B for more details about dataset
statistics and random sampling methods.

4.2 Evaluation Metrics

We adopt Hits@1 as our primary evaluation met-
ric, consistent with prior work (Luo et al., 2024;
Sun et al., 2024; Xu et al., 2024). It evaluates
whether any correct answers appear in the top-1
response generated by the model. See Appendix C
for details.

4.3 Baselines

To thoroughly assess EvoMemKG, we compare
against 20 baseline methods spanning four cate-
gories: (1) full fine-tuned language models (LMs):
early methods that incorporate KG-specific mod-
ules and require full fine-tuning; (2) LLM baselines:
standard LLMs without KG access or task-specific
adaptation; (3) Indirect interaction agents: LLM-
agents that access KGs through intermediate tools;
(4) Direct interaction agents: same as our method
that treat KGQA as direct graph traversal. More
details are provided in Appendix D.

4.4 Implementation Details

Models. We use gpt-3.5-turbo-0125, gpt-4o-
2024-08-06, gpt-4.1-mini-2025-04-14 and gpt-5-
mini-2025-08-07 as our base models.

Hyperparameters. We set the random seed to
42, temperature to 0, top_p to 0.2 and max_tokens
to 2048. All experiments use greedy decoding and
zero-shot settings (no task-specific examples are
provided). See Appendix E for the detailed settings
of each experiment.

5 Results and Analysis

We present comprehensive experimental results
to evaluate EvoMemKG’s performance, followed
by ablation studies and in-depth analyses of its
behavior across different query hops and memory
configurations. Additionally, we conduct efficiency
analysis, results on more models, and case studies
in Appendix F.

5.1 Main Results

Overall Performance. Table 1 compares
EvoMemKG against 20 baseline methods on three
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Type Methods WQSP CWQ KQA Base Model #Adapt
LM EmbedKGQA (2020) 66.60 44.70  20.27 RoBERTa-base  add-module
w/ Full-Fine SR (2022) 69.50 4930 22.82 RoBERTa-base = add-module
Tune ReasoninglLM (2023b)  78.50  69.00 — RoBERTa-base add-module
UniKGQA (2023c) 75.10  50.70 — RoBERTa-basex3 add-module
Llama-2 6440 34.60 31.20 Llama-2-7B —
LLM GPT-3.5 66.80 39.90 2496 GPT-3.5 —
Baselines GPT-4 73.20 55.60 3743 GPT-4 —
GPT-4.1-mini 73.53 5031 3292 GPT-4.1-mini —
GPT-5-mini 78.17 6543 46.73 GPT-5-mini —
StructGPT (2023a) 72.60  54.30 — ChatGPT tool-use
Agent-Based SymKGQA (2024) 71.20 — 51.10 CodeLlama tool-use
w/ Indirect  Interact-KBQA (2024) 72.47  59.17 71.89 GPT-4 tool-use
DoG(2025) 91.38 76 — Llama 3.1-8B add-module
ROG (2024) 85.70  62.60 — Llama-2-7B fine-tune
EffiQA (2024) 82.90  69.50 — GPT-4+RoBERTa  fine-tune
KG-Agent (2025) 83.3 72.2 — Llama-2-7B fine-tune
Agent-Based ToG(2024) 82.60 67.60 46.83% GPT-4 static-mem
w/ Direct GoG(2024) 84.40 7520 41.82% GPT-4 static-mem
ORT(2025) 89.43 7291 — DeepSeek-v3 static-mem
LMP(2025) 90 82 — GPT-4 static-mem
w/ GPT-3.5 84.83 63.61 7044 GPT-3.5 evo-mem
EvoMemKG w/ GPT-40 86.69 73.26  80.33 GPT-4o0 evo-mem
(Ours) w/ GPT-4.1-mini 9440 84.33 87.00 GPT-4.1-mini evo-mem
w/ GPT-5-mini 94.57 8947 93.62 GPT-5-mini evo-mem

Table 1: Main Results: the Hits@1 of different methods on three datasets. * denotes we reproduced these methods
on the new dataset, and all other results are from their original paper. #Adapt indicates how to adapt to KGs.

KGQA datasets. Our framework achieves state-of-
the-art performance across all benchmarks without
any task-specific fine-tuning or additional tools.
Notably, with GPT-5-mini as the base model,
EvoMemKG reaches 94.57% Hits@1 on WQSP,
89.47% on CWQ, and 93.62% on KQA Pro, sur-
passing all previous methods.

Outperform fine-tuned methods. EvoMemKG
outperforms fine-tuned LLMs (e.g., RoG, KG-
Agent) methods, demonstrating the effectiveness
of our memory-augmented agent framework.

Advantage over agent baselines. Compared to
recent agent-based methods, EvoMemKG shows
more gains on complex datasets (CWQ and KQA
Pro). For instance, it outperforms ToG by 33.5
points on KQA Pro, highlighting the critical role
of memory in handling multi-hop reasoning.

Model scalability. Performance consistently im-
proves with more capable base models (GPT-3.5
— GPT-5-mini), indicating that EvoMemKG ef-
fectively leverages base model capabilities and has
strong generalizability.

These results demonstrate that our dynamic dual-
layer memory is effective for multi-hop KG reason-
ing, enabling efficient exploration and continuous
learning without sacrificing generalization capabil-
ities.

5.2 Ablation Study

To understand the contribution of each compo-
nent, we conduct ablation experiments in Table 2.
Removing EM causes an average performance drop
of 5.75% across datasets and models, with larger
degradation on complex queries (up to 6.13% on
KQA). This suggests that the strategies abstracted
by EM can guide exploration and reduce redundant
search. Removing WM leads to more degrada-
tion (18% average drop), validating that without
state compression, the exponential growth of search
states quickly exhausts the LLM’s context window,
causing reasoning breakdown. Finally, removing
WF prevents the agent from accessing the KG and
memory, causing it to degrade into a single-round
LLM question-answering system.
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Base

Method CWQ KQA Model
EvoMemKG 84.33 87.00

w/o EM 81.32 79.85 GPT-4.1
w/o EM+WM 74.69 71.88 mini
w/o EM+WM+WF 50.31 32.92
EvoMemKG 89.47 93.62

w/o EM 8498 87.12 GPT-5
w/o EM+WM 78.63 75.13 mini
w/o EM+WM+WF 6543 46.73
EvoMemKG 74.42  72.06

w/o EM 69.45 70.65 Qwen3
w/o EM+WM 62.76  60.33 8B
w/o EM+WM+WF 39.53 2433

Table 2: Ablation Study: the performance of removing
Experiential Memory (EM), Working Memory (WM),
and Workflow (WF) sequentially.

5.3 Analysis and Discussion

5.3.1 Impact of Query Complexity

Figure 3 shows how performance varies with
different reasoning hops. As query complexity in-
creases (from 1 to 5 hops), baseline methods exhibit
a steady performance decline, particularly beyond
3 hops. In contrast, EvoMemKG maintains con-
sistently high accuracy across all hop counts. This
robustness stems from our dual-memory design:
WM prevents context overflow during long tra-
jectories, while EM provides high-level strategies
that guide the agent through complex multi-hop
searches. Furthermore, as the number of hops in-
creases, the performance gap between EvoMemKG
and its variants widens, demonstrating the effec-
tiveness of our memory mechanism specifically for
multi-hop reasoning.

1.0

0.5 Methods

mm EvoMemKG (Ours)
04| = EvoMemKG w/o EM
EvoMemKG w/o WM|
0.3| == ToG

1-hop 2-hop

3-hop 4-hop 5-hop
Number of Hops

Figure 3: The average performance across various meth-
ods under different hop queries.

5.3.2 Exploration Efficiency

Figure 4 compares the average number of ex-
ploration steps required to find correct answers.
EvoMemKG find answers with approximately 40%
fewer steps than the w/o EM variant. This suggests
that EM enables the agent to bypass most of the
search space by retrieving and instantiating relevant
strategies, thereby allowing it to proceed directly
to promising regions.

5.3.3 Compression Efficiency

Table 3 quantifies WM’s compression effec-
tiveness. As hop count increases, raw triplet
count grows exponentially (from 6,678 at 1-hop
to 115,585 at 5-hop), while WM’s compressed rep-
resentation remains stable and compact (105 to 240
tokens). Compression ratios exceed 98% at all hop
levels, demonstrating WM’s ability to transform
combinatorial information growth into fixed-size
representations that fit within LLM context win-
dows.

Distribution of Exploration Steps
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Exploration Steps
w

T

N WW
(©urd Gwlo¥ G o 106
S e‘““
EvoMe proM

0
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Figure 4: The distribution of exploration steps across
different methods.

Hop w/o WM w/ WM Comp. Ratio

1 6,678 105 98.43%
2 15,200 183 98.80%
3 22,037 252 98.86%
4 84,462 253 99.70%
5 115,585 240 99.79%

Table 3: The average token usage per sample with or
without working memory.

5.3.4 Memory Reuse and Evolution

Figure 5 shows that the top 20% of strategies
in EM are utilized by 41.7% of query samples.
This high reuse rate indicates that our strategy dis-
tillation process effectively captures transferable
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Figure 5: Cumulative contribution of strategies, show-
ing the reuse rate of different strategies.

reasoning patterns rather than simply memorizing
specific answers.

Figure 6 illustrates performance improvement
as EM accumulates more strategies. It exhibits a
upward trend during the first 300 strategy accumu-
lations, then gradually stabilizes. This indicates
that EM endows the agent evolution capability;
as the scope and quality of its accumulated strate-
gies expand, the agent’s capabilities continue to
improve.

0.900
0.875
@ 0.850
Z 0.825
o 0.797 0.796 0.798 0.804
.E 0.800 0.774 AAA L N
]
= 0.775
£ Performance Improvement:
© 0.750  Relative: 22.9%
0.725 e Early (first 5): 0.653
0.700 * Late (last 5): 0.803

0 200 400 600 800
Cumulative Strategies Count

Figure 6: Learning Curve: the relationship between
cumulative Hits@ 1 and cumulative strategies count.

5.4 Case Study

In Table 4, we present an example of WM com-
pressed index. The WM compresses over 5,000
triplets of the form (xxx, instance of, human) into a
single index entry, which significantly reduces con-
text usage and thus preserves more context space
for storing key information. Furthermore, the index
provides CoT-like procedural knowledge, such as
James Wong Jim is the person who died on 2004-

Method Context (part)
‘Which profession is the work of the
person whose death date is 2004-11-247
(ent_set_0, instance of, Q28640: profession);
(ent_set_1, instance of, Q5: human);
(ent_set_1-0, date of death, ent_set_2); ~50
(ent_set_1-1, date of birth, ent_set_4);
(ent_set_1-2: James Wong Jim, date of death = 2004-11-24)
(Q311317: Isaac Stern, instance of, Q5: human);
(Q875556: Israelis, instance of, Q5: human);
w/o WM (Q935: Isaac Newton, instance of, Q5: human);

(Q181819: Fredric March, instance of, Q5: human).

... and other 5434 triplets about instance of human

Tokens Usage

Query

w/ WM

~54340

Table 4: Case Study: Compressed indexes from WM
reduce context usage and serve as a CoT-like prompt.

Type Content

Query ‘Who plays Ken Barlow in Coronation Street?

Top-1 k: "Who voiced Meg on Family Guy?",
Retrieved  v: (Person, in-tv-program, TV Program, actor, Person),
Strategy s: 0.9

Compressed Index:

(Ken Barlow, in-tv-program, Coronation Street)
(Coronation Street, actor, ent_set_0)

Entity Set:

ent_set_0: {William Roache, Barbara Knox,...}

Instantiated
Strategy
(state Ip)

Table 5: Case Study: Using retrieved strategy to instan-
tiate the state of new query.

11-24, and it construct a reasoning path from "pro-
fession" to "James Wong Jim", which enhances the
reasoning capabilities of LLM. In contrast, without
using WM, the system must store a large number
of irrelevant triplets in the context, which quickly
exhaust the context space, leading to critical infor-
mation loss.

Table 5 demonstrates a simplified case of using
the retrieved EM strategy to instantiate the state
of a new query, by filling the query entities into
the triplets of the strategy that match its type and
search in the KG.

6 Conclusion

We propose EvoMemKG, an agent framework
with dynamic memory tailored for multi-hop KG
reasoning, which addresses two critical limitations
in previous research: the state space explosion prob-
lem in multi-hop exploration and the inability to
learn from past experiences. The core of the frame-
work is a dual-layer memory: the working memory
compresses and manages intermediate states using
a relation-based compression algorithm; experi-
ence memory extracts reusable strategies from his-
torical experiences via a strategy distillation algo-
rithm; and a dual-loop workflow coordinates the op-
eration of these components. Experiments on three
datasets demonstrate that EvoMemKG achieves
state-of-the-art performance without task-specific
training, particularly on multi-hop queries.
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Limitations

* Our strategy abstraction mechanism relies on
replacing specific entities with their corre-
sponding types to form generalizable rules.
We currently evaluate our method on KGs
with well-defined ontologies.  Applying
EvoMemKG to KGs with sparse, noisy, or
missing type hierarchies may degrade the qual-
ity of distilled strategies, and robust adapta-
tion to such environments remains a subject
for future study.

* The speed and cost of our method depend
on the LLM API (e.g., Openai API) and the
network environment. Sometimes, calls to the
API may time out or give errors, which will
negatively affect our approach.

* As demonstrated in our learning curve anal-
ysis, the system’s performance improves as
valid strategies accumulate in the Experience
Memory. Consequently, EvoMemKG may
exhibit lower efficiency in cold-start phases
where the memory is empty. Developing
warm-up mechanisms or transferring strate-
gies from other tasks to mitigate this initial
performance gap is a key direction for future
research.
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A Details of the Method
A.1 Algorithms

We provide a formal description of how to recall
top-k strategies from EM and initialize the state for
the current query in Algorithm 1, and the write and
refine process in Algorithm 2.

A.2 Actions

Below, we list detailed descriptions of all actions
through which the agent interacts with the knowl-
edge graph and memory. The example and prompt
of each action are shown in G.

Within the internal loop, the agent can au-
tonomously choose one of the Explore, Extract,
and Answer actions to execute at each step:

Explore is used to explore 1-hop of KG to get
more information, which contains two sub-actions
executed sequentially:

» select_entities(es € Z;) — Ry Let the
agent select an entity set (or entity) es € I;
from the index of WM for further exploration.
The KG environment returns all relations con-
nected to these entities. See Table 13.

* select_relation(r € R¢) — 7T Let the
agent select one relation r € R; from the
returned neighboring edges. The KG environ-
ment returns all triplets with (e € es, 7, 7).

After executing these two sub-actions, the system
retrieves all triplets from the KG that satisfy the
condition (i.e., head entity in e and relation is r),
completing one-hop exploration. The newly ob-
tained triplets are auto-compressed and written into
Working Memory.

Extract is used to read and reconstruct triplets
from Working Memory. It includes six optional
functions, from which the agent selects one based
on current needs:

* FilterbyStr(es, str) — 7': Takes an en-
tity set es and a string str, retrieves all one-
hop neighboring triplets of entities in es, and
returns those triplets whose entity or relation
names contain str.

* FilterbyConstrain(es, k, op, v) — 7"
Takes an entity set es, a relation key k, an
operator op, and a value v, retrieves all one-
hop neighboring triplets of entities in es, and
returns those triplets that satisfy the constraint
(i.e., the value of relation k satisfies op v).

Algorithm 1 Retrieve and Initialize from Experi-
ence Memory (EM)

Input: current query ¢, query entity e, € g,
knowledge graph G = (£,R,T), experience
memory Mgy = {(ki, vs, si)}, retrieval thresh-
old K

Output: initial exploration state Iy (compressed
index)

1. Retrieve Top-K Similar Strategies from
EM
q < Emb(q) {Get query embedding}
S < () {Initialize strategy set}
for all (k;,v;,s;) € Mgy do
si < sim(q, k;) {Compute semantic similar-
ity}
S« SuU {(si,vi)}
end for
Sort S by s; in descending order
Siop < top-K strategies from S
2. Build & Retrieve Query Graphs
E < {e,} {Initialize entity set with query enti-
ties}
QG <« () {Initialize query graph set}
T < () {Initialize triple set}
step <— 3 {Max search step}
while step > 0 do
2.1 Build Query Graphs
for all (7(e;),r;,7(eir1)) €
(1(€0),70,T(€1); s Tn, T(€nt1)) € Siop dO
foralle € F do
if 7(e) = 7(e;) then
QG +— QG U {(e,r;, )}
else if 7(e) = 7(e;41) then
QG +— QGU{(?,ri,e)}
end if
end for
end for
2.2. Retrieve triplets from KG
for all gg € QG do
if gqg = (e, r,?) then
Thew < {(e,r,t)|(e,7,t) € G}
E +— EU({t|(e,r,t) € Thew}
end if
if gqg = (7, r, ¢e) then
Thew < {(h,r,€e)|(h,r,e) € G}
E <+ EU{h|(h,r,e) € Thew}

v =

end if
T+ T UTew
end for
step < step — 1
end while

3. Initialize Working Memory

31729 o < C(T) { Apply Working Memory compres-

sion}
return [




Algorithm 2 Write/Refine Experience Memory

(EM)
Input: successful reasoning path P, =
(€q,T1,€1,...,Tn,€q), query g, knowledge

graph G, experience memory Mg, similarity
threshold 6
Output: updated Mg
1. Strategy Distillation
(knevw Unew » Snew) <~ D(Pm q, g)
knew < Emb(q)
Unew  (7(eq), 71, 7(€1), ..., "0, T(€0a))
Snew < LLM (q, P, eq)
2. Check for Similar Strategies
found < False
for all existing strategy (k;, v, s;) € Mg do
sim; < cosine_sim(kpew, ki)
if sim; > 6 then
found < True
if spew > s; then
(ki7 Vs Si) — (kneW7 Unew » Snew)
end if
break
end if
end for
3. Add New Strategy if No Similar Found
if not found then
Mg = Mg U(kneWa Unew Snew)
end if
return Mg

e GetRelation(e, e’) — T': Takes two enti-
ties e and €/, and returns all triplets in the KG
that connect these two entities (regardless of
direction).

e LogicOperation([esy, eso, ...1, op)
— es’: Takes a list of entity sets and a logical
operator op € {intersection,union}, and
returns the intersection or union of these entity
sets.

e Count(es, k, op, Vv) — num: Similar
to FilterbyConstrain, but returns only the
number of triplets satisfying the constraint.

e Verify(es, k, op, v) — bool: Similar to
FilterbyConstrain, but returns a Boolean
value indicating whether any triplets satisfy
the constraint.

When executing the Extract action, the agent
must generate input parameters that meet the for-
matting requirements of the selected function.

Answer is executed when the agent believes that
the current information is sufficient to produce an
answer or reach the max step limit. It consists of
three sequentially executed sub-actions:

e select_index(Z;) — T': The agent selects
an index from the current state which may
contain the correct answer, and reconstructs
the raw triplets by Read WM (see Table 16).

» generate_answer(s,7') — ans: Generates
the final answer based on the current state and
the reconstructed triplets (see Table 17).

e evaluate_answer(s, ans) — score: Eval-
uates the correctness of the generated answer,
checks whether it follows the reasoning path,
and assigns a confidence score between 0 and
1 (see Table 18).

B Datasets
B.1 Dataset Statistics

The dataset statistics are shown in Table 6.

B.2 Sampling Strategy

Unlike previous methods (Xiong et al., 2024)
that arbitrarily choose the number of random sam-
ples, we calculate the number of sampled data on
different datasets based on RCSI theory (Conroy,
2018) to ensure that the confidence level and con-
fidence interval are 95% + 3%. The sampled data
number of each dataset are in Table 6.
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Dataset Split #Sample #Raw KG
WQSP test 646 1639  FreeBase
CWQ test 819 3531 FreeBase

KGApro  dev 978 11797 WikiData

ent_num/rel_num/trip_num
2721501/13439/6829392
2721501/13439/6829392
17754/993/607198

Table 6: Dataset Statistics: #Sample is the number of
data we randomly sampled and used; #Raw is the to-
tal number of data in different splits of each dataset;
ent_num/rel_num/trip_num is the number of entities,
the number of relations, and the number of triplets, in
different KGs.

C Evaluation

We directly use the evaluation script ! from LMP
(Wan et al., 2025) to calculate Hits@1. It compute
Hits@1 by evaluating whether the text or ID of the
correct answers appears in the generated answer.
Due to the LLM API’s randomized nature, the same
inputs can give different outputs. Therefore, we
ran each sample 3 times and took the best results.

D Baselines

We compare our EvmMemKG with 20 methods
from four categories:

 Full fine-tuned language models: GraftNet
(Sun et al., 2018), EmbedKGQA (Saxena
etal., 2020), NSM (He et al., 2021), Subgraph
Retrieval (Zhang et al., 2022), ReasoningLM
(Jiang et al., 2023b), UniKGQA (Jiang et al.,
2023c).

e LLLM Baselines: Llama-2 (Touvron et al.,
2023), GPT-3.5, GPT-4 (OpenAl, 2023),
Qwen3 (Yang et al., 2025). The results of
these models are copied from Jiang et al.
(2025) and Agarwal et al. (2024). The results
of GPT-4.1-mini and GPT-5-mini are tested
by us.

* Indirect interaction agent: StructGPT (Jiang
et al., 2023a), SymKGQA (Agarwal et al.,
2024), Interactive-KBQA (Xiong et al., 2024),
DoG (Li et al., 2025).

¢ Direct interaction agents:ROG (Luo et al.,
2024), EfiQA (Dong et al., 2024), KG-Agent
(Jiang et al., 2025), ToG (Sun et al.), GoG
(Xu et al., 2024), ORT (Liu et al., 2025), LMP
(Wan et al., 2025).

1https://github.com/wanjunhongO/LMP/blob/main/
eval.py

E Experiment Settings

E.1 Main Experiment Settings

Memory Configuration. For Working Memory,
we compress triplets by clustering entities under
the same relation, displaying up to 5 example en-
tities per set. For Experience Memory, we use the
stella_en_400M_v5 ? sentence encoder for similar-
ity computation and set the similarity threshold 6 to
0.8 for policy merging. The max step for initialize
EM strategy is 3, as shown in Algorithm 1.

Exploration Limits. We set maximum steps per
query as: WQSP=10, CWQ=15, KQA=20, based
on dataset complexity. The confidence threshold
for whether to return the final answer or continue
exploration is 0.9.

Reproducibility. We run each query three times
and report the best result to account for LLM ran-
domness. All open-sourced LLMs are run on a
single A100 GPU.

E.2 Analyse Experiment Settings

All average performance metrics in the analy-
sis experiments are based on the CWQ and KGA
datasets and the gpt-4.1-mini and gpt-5-mini mod-
els.

The hop is the maximum path length between
any two entities in the labeled subgraph (i.e., the
diameter of the subgraph) from the datasets.

The exploration steps Figure 4 is the number of
Explore actions performed by the agent in the inner
loop.

F Additional Experiments

F.1 More Ablation Study

Method WQSP CWQ BaseModel
EvoMemKG 75.2 48.4
wlo EM 721 40 Lli‘;‘;i‘rﬁf
w/o EM+WM 38 12.1
EvoMemKG 84.8 63.6
w/o EM 79.4 62 GPT-3.5
w/o EM+WM  71.8 54.4
EvoMemKG 86.6 73.3
w/o EM 84.7 70 GPT-4o
w/o EM+WM  81.3 66.6

Table 7: More Ablation Studies.

2ht’cps: //huggingface.co/dunzhang/stella_en
400M_v5
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In Table 7, we show the ablation study results
on more base models. Both our EM and WM can
improve the model performance, proving the effec-
tiveness of the two memory mechanisms.

Moreover, we also test our memory mechanism
on a small LLM, llama-3b. We find that our method
remains effective on smaller LLM, even though
it has only 3B parameters. Thus, we believe the
size of the model has little impact on our approach,
while the capability of the model is more important.

F.2 Effects of Experience Memory

0.9 dataset = CWQ | model = GPT-3.5 dataset = CWQ | model = GPT-4
method
08 == W/ long-mem
C‘_a) 0.7 === w/o long-mem
206
I
0.5
04
0.3 .
02 n n " e e n e e
0 0 \} \J 0 W/ N}
comuﬂcé‘ompos\\\upe\'\a“ pa\'a“ o “\U‘-\Cé\o \1\905\“ pe(\a\\ a‘a\\

dataset = KQA | model = GPT-4

< <
R q?,( g\o'b x\’%\)“ \\\e a‘\e° <0\ %\d& «\3)“0 \\\0 g

query_type

= GPT-3.5 dataset = KQA | model =

0

Hits@1
1

query_type

Figure 7: Performance with or without experience mem-
ory on different types of questions.

In Figure 7, we show the impact of EM on dif-
ferent types of queries. In general, using EM im-
proves almost all types of queries. Improvements
are more significant in certain types of queries
(such as superlative and count), which are often
complex questions. That suggests using long-term
memory can evolve the agent’s ability to deal with
complex queries that were previously unsolvable.

F.3 Efficiency Analysis

In Figure 8, we show the performance and ef-
ficiency trade-off between our EvoMemKG and
other baselines. It demonstrates that EvoMemKG
achieves a favorable balance between cost and ef-
fectiveness, yielding superior results at a lower cost
compared to the ToG method.

In Tables 8 and 9, we conducted step-level and
sample-level efficiency analyses to show the run-
time, token usage, and cost of the inner loop and
outer loop.

Performance vs. Efficiency Trade-off

0.90 .EvoMemKG Ours)
0.85 OEvoMemKG wio EM
0.80
- 0.75 .EvoMemKG w/o WM
S
= 0.70
=
0.65 Toks
0
0.60 °
LLM
0.55(@

.50
0 000 0.005 0.010 0.015 0.020 0.025
Average Tokens Usage (Million)

Figure 8: Performance and average token usage trade-
off.

Table 8: Step-level (inner loop) Efficiency Analysis

Dataset Base Model Runtime (s) Input Tokens Output Tokens Cost ($)
WQSP ChatGPT 1.16 1055.93 62.19  0.00062
GPT-40 3.82 935.10 113.38  0.0034
KQA ChatGPT 1.23 1218.59 65.84  0.0007
GPT-40 2.89 1031.07 126.18  0.0038

Table 9: Sample-level (outer loop) Efficiency Analysis

Dataset Base Model Runtime (s) Input Tokens Output Tokens Cost ($) Call Count

wQsP ChatGPT 18.041 17505.27 950.55  0.0101 15.68
GPT-40 50.21 14081.25 1506.31  0.0502 13.765
KQA ChatGPT 31.27 33341.17 1643.04  0.0191 25.65
GPT-40 52.34 21740.92 2293.17  0.0772 18.64
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F.4 Hyperparameter Sensitivity Analysis

Table 10 illustrates the impact of the number
of examples k in the compressed index on the fi-
nal performance and compression ratio. It can be
observed that when k=5, the LLM is sufficient to
understand the content contained in the entity set
and achieves a good balance between performance
and compression ratio.

k CWQ (Hits@1) Comp. Ratio

I 882% 99.1%
3 89.1% 98.7%
5 89.5% 98.2%
10 89.4% 97.1%

Table 10: The impact of the number of examples k in
the compressed index.

Random Seed CWQ Hits@1 KQA Hits@1
42 (original) 89.47% 93.62%

123 89.21% 93.38%

20438 89.53% 93.71%

Mean + Std 89.40% +0.17% 93.57% +0.17%

Table 11: The impact of random seeds (query order).

Table 11 shows the performance of EvoMemKG
under different random seeds (query orders).
As shown in the Table, the standard deviation
across orders is 0.17%, which demonstrates that
EvoMemKG’s performance is stable regardless of
query order.

G Prompts

We give some cases in this section to show the
prompt we used for each action and the complete
working process.

Table 12 shows how the prompt is used for the
agent to select the next action to perform based on
the current state.

If the agent selects EXPAND_KG, the Explore
actions will be executed, first selecting entities (as
Table 13) and then selecting relations to explore (as
Table 14). After that, the state will be updated and
moved to the next step.

If the agent selects FILTER, the Extract actions
will be executed. As shown in Table 15, the agent
needs to select a function and give the required
input parameters. After that, the states will be
updated and moved to the next step.

If the agent selects ANSWER, the Answer ac-
tions will be executed. It first lets the agent select
and index from the state to reconstruct (as Table
16). Then, the agent generates a final answer based
on the final state (as Table 17). Finally, the agent
gives a score for the final answers to check if it is
correct (as Table 18).
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Original Query: what was sir isaac newton ’s inventions

Knowledge Graph Entities:
topic entities:
m.03s9v: Isaac Newton
ent_set_0: contain 2 entities
m.0Inhc9: Reflecting telescope
m.079vgm: Pet door

Knowledge Graph Edges:
(m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)

Previous actions:
EXPAND_KG:
SELECT ENTITIES: ['m.03s9v’]
SELECT RELATION: [’law.inventor.inventions’]

Input Observation: after EXPAND_KG 3 new entities, 2 new edges added.
(Prompt)
You are a superintelligent AI equipped with the ability to search a knowledge graph for definitive, up-to-date answers.

Your task is to explore the knowledge graph to answer the above questions.
You can choose from the following actions to explore or process KG to find the correct answer. Think in detail before acting.

Available actions:
"EXPAND_KG’ - Explore the external Knowledge Graph to get more information. This is a helpful action for getting to the correct answer.
FILTER’ - Extract the exact information from the current ent_sets or perform logical operations on them by using six functions:
[FilterbyCondition, FilterbyStr, LogicOperation, FindRelation, Count, Verify]. This is a useful action for obtaining valid information from ent_sets.
*ANSWER’ - Use only if the answer of Original Query appears explicitly in the current Knowledge Graph Entities or Edges.

First think carefully about how the current knowledge graph relates to the original question (or sub-question).
Then choose an action from Available actions.

E.g.

THINK:...

SELECT ACTION [’ANSWER’, "FILTER’, ’TEXPAND_KG’]:...

THINK: The original query asks about the inventions of Sir Isaac Newton.
The current knowledge graph entities already include two inventions attributed to him: the reflecting telescope and the pet door.
However, there might be more inventions or contributions by Newton that are not yet captured in the current knowledge graph.
To ensure a comprehensive answer, it would be beneficial to explore the knowledge graph further to see

if there are additional inventions associated with Isaac Newton.

SELECT ACTION [’EXPAND_KG’]: Explore the knowledge graph further to find more inventions attributed to Isaac Newton.

Output

Table 12: The example and prompt of Observation. The red text in Input is the variable part, determined by historical
trajectories, while the black text is the fixed prompt part.
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Original Query: what was sir isaac newton ’s inventions

Knowledge Graph Entities:
topic entities:
m.03s9v: Isaac Newton
ent_set_0: contain 2 entities
m.0Inhc9: Reflecting telescope
m.079vqm: Pet door

Knowledge Graph Edges:
(m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)

Previous actions:
EXPAND_KG:
SELECT ENTITIES: ['m.03s9v’]
SELECT RELATION: [’law.inventor.inventions’]
Observation: after EXPAND_KG 3 new entities, 2 new edges added.
EXPAND_KG:

Input
(Prompt)

Objective: The original query asks about the inventions of Sir Isaac Newton.
The current knowledge graph entities already include two inventions attributed to him: the reflecting telescope and the pet door.
However, there might be more inventions or contributions by Newton that are not yet captured in the current knowledge graph.
To ensure a comprehensive answer, it would be beneficial to explore the knowledge graph further to see
if there are additional inventions associated with Isaac Newton.

Your current task is to select an entity_set or entities from the KG to expand to get more information about.

If you want to explore a specific entity, select exactly one entity from the following entity_ids: ['m.03s9v’, 'm.079vqm’, "m.01nhc9’]
If you want to explore more than one entity or a set of entities, select from the following entity sets: ["ent_set_0"]

You MUST select exactly one ent_set or entity_id from those listed above.

E.g.
SELECT ENTITIES:
Output SELECT ENTITIES: ["ent_set_0’]

Table 13: The example and prompt of select_entities. The red text in Input is the variable part, determined by
historical trajectories, while the black text is the fixed prompt part.
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Original Query: what was sir isaac newton ’s inventions

Knowledge Graph Entities:
topic entities:
m.03s9v: Isaac Newton
ent_set_0: contain 2 entities
m.0Inhc9: Reflecting telescope
m.079vgm: Pet door

Knowledge Graph Edges:
(m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)

Previous actions:
EXPAND_KG:
SELECT ENTITIES: ['m.03s9v’]
SELECT RELATION: [’law.inventor.inventions’]
Observation: after EXPAND_KG 3 new entities, 2 new edges added.
Input EXPAND_KG:
(Prompt)

Objective: The original query asks about the inventions of Sir Isaac Newton.
The current knowledge graph entities already include two inventions attributed to him: the reflecting telescope and the pet door...

Your current task is to select a relation to expand along for the selected entities.
The selected entities are: ['ent_set_0’]

The options of relations to choose from are:
[astronomy.telescope_principle_type.telescopic_classifications_of_this_technique’,
’law.inventor.inventions’, "law.invention.inventor’, "type.type.instance’, "type.object.key’,...]

First think carefully about how to choose an appropriate relation to get close to the correct answer of original question / sub-questions / Objective.
Then, select exactly one relation from the options listed above.

E.g.

THINK:...

SELECT RELATION:...

THINK: The objective is to find more inventions attributed to Isaac Newton. The current knowledge graph already includes two inventions...
SELECT RELATION: ’law.invention.inventor’

Output

Table 14: The example and prompt of select_relations. The red text in Input is the variable part, determined by
historical trajectories, while the black text is the fixed prompt part.
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Original Query: who does jeremy shockey play for in 2012

Knowledge Graph Entities:

topic entities:
m.076ltd: Jeremy Shockey

ent_set_0: contain 4 entities
m.0jb8dd7: sports.sports_team_roster(m.0jb8dd7)
m.Ohgff5d: sports.sports_team_roster(m.0Ohqff5d)
m.Ohqff53: sports.sports_team_roster(m.Ohqff53)
m.Ohqff4t: sports.sports_team_roster(m.Ohqff4t)

ent_set_1:...

Knowledge Graph Edges:
(m.076ltd: Jeremy Shockey, sports.pro_athlete.teams, ent_set_0)

Previous actions:
EXPAND_KG:
SELECT ENTITIES: ['m.0761td’]
SELECT RELATION: [’sports.pro_athlete.teams’]
Observation: after EXPAND_KG 28 new entities, 27 new edges added.
FILTER:

Objective: The original query is asking about the team Jeremy Shockey played for in 2012...
Your current task is to filter out valid information from the current knowledge graph by using a list of functions.

List of Functions:

- FilterbyStr
Description - Filter out entities related to the given string,
i.e., one-hop neighborhoods containing the string. Wide range filtering when exact conditions are uncertain.
Input Inputs - (string)
(Prompt)
- FilterbyCondition
Description - Filtering entities that have specific edge and its corresponding value satisfy a specific condition,
i.e. find the <entities>whose <key / relation>is <operator><value>.
Input - (key, operator, value); the operator should be one of [=, !=, <, <=, >, >=, argmax, argmin],
The value should be a string or "ANY" when there is no value.

- FindRelation
Description - Find the relation / connection of two specific entities, i.e. get the <relation>of <entity_1>and <entity_2>.
Input - (entity_1, entity_2)

- LogicOperation
Description - Processing a list of ent_sets with a specific logical operation, i.e. conduct <operator>on entity set list [<entity_set_id>].
Input - (operator, [ent_set_xx, ent_set_xx, ...]), the operator should be one of [intersect, union]

- Count

Description - Similar to FilterbyCondition, but only returns the number of entities that satisfy the condition,
i.e. get the number of <entities>whose <key>is <operator><value>.

Input - (key, operator, value), the operator should be one of [=, !=, <, <=, >, >=]

- Verify

Description - Similar to FilterbyCondition, but only returns a boolean value indicating whether any entity meets the given conditions,
i.e. For <entities>, is his/her/its <key><operator><value>.

Input - (key, operator, value), the operator should be one of [=, !=, <, <=, >, >=]

First think carefully about what information has been filtered out and how choosing the right function helps to answer the original question/sub-question.
Then select ent_set(s) to process on from: ["ent_set_4’, "ent_set_2", "ent_set_1", "ent_set_0’, "ent_set_3’, "ent_set_5", "ent_set_06’]
Finally, select a function and give an input that meets the formatting requirements of that function.

Do not use the same functions and inputs that have appeared in Previous actions!

e.g.

THINK: ...

Select Entity Set(s): ...

Select Function: ...

Function Input: (...)

THINK: To determine which team Jeremy Shockey played for in 2012, I need to identify the team associated with the time period that includes 2012.
The relevant entity sets are ent_set_0 (sports team roster). I need to filter the sports team roster entities by the time period that includes 2012.

Output Select Entity Set(s): ent_set_0

Select Function: FilterbyCondition
Function Input: (’sports.sports_team_roster.to’, *>=", ’2012-01-01")

Table 15: The example and prompt of Eztract. The red text in Input is the variable part, determined by historical
trajectories, while the black text is the fixed prompt part.
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Original Query: what was sir isaac newton ’s inventions

Knowledge Graph Entities:
topic entities:
m.03s9v: Isaac Newton
ent_set_0: contain 2 entities
m.0Inhc9: Reflecting telescope
m.079vgm: Pet door

Knowledge Graph Edges:
(m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)
(ent_set_0, law.invention.inventor, ent_set_1: m.03s9v: Isaac Newton)

Objective: The original query is asking about the inventions of Sir Isaac Newton...

Input

(Prompt) Your current task is to find the answer to the original query from the above knowledge graph.

If the answer appears directly in Knowledge Graph Edges, select the corresponding edges.

If the answer appears in Knowledge Graph Entities, select the corresponding ent_sets or entities.

If the question cannot be answered based on the current KG information, select "NO ANS".

Note the direction of the triplets, if you are not sure which is the correct direction, select more than one.

First think carefully about how the current knowledge graph relates to the original question and where to extract the valid information.
Then, double-check if each constraint in the original query is satisfied by the corresponding ent_set or edge in above KG.
Finally, if all constraints are satisfied, select the ent_sets or edges that contain the final answer.

e.g.

THINK: ...

CHECK:
constraint 1: which ent_set or edge satisfies it ...
constraint 2: which ent_set or edge satisfies it ...
constraint 3: ...

SELECT: ent_sets or edges or NO ANS

THINK: The original query is asking about the inventions of Sir Isaac Newton.
The knowledge graph provides information about two inventions associated with Isaac Newton: the reflecting telescope and the pet door.
The relevant information is captured in the knowledge graph edges, which show the relationship between Isaac Newton and his inventions.

CHECK:
constraint 1: The query asks for inventions by Isaac Newton. The edge (m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)
satisfies this by linking Isaac Newton to his inventions.
constraint 2: The inventions themselves are specified in ent_set_0,
which includes the reflecting telescope (m.01nhc9) and the pet door (m.079vqm).
SELECT: (m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)

Output

Table 16: The example and prompt of select_triplets/entities. The red text is the variable part of the prompt,
while the black is fixed.
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Input
(Prompt)

Original Query: what was sir isaac newton ’s inventions

Knowledge Graph Entities:
topic entities:
m.03s9v: Isaac Newton
ent_set_0: contain 2 entities
m.01nhc9: Reflecting telescope
m.079vgm: Pet door

Knowledge Graph Edges:
(m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)
(ent_set_0, law.invention.inventor, ent_set_1: m.03s9v: Isaac Newton)

Objective: The original query is asking about the inventions of Sir Isaac Newton...
This information extracted from the current KG may be helpful: (m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)

Give your best answer based on the knowledge graph. If the knowledge graph do not contain the correct answer, try to answer based on your own knowledge.
First think carefully about what the original question is asking and which triplets or entities contain the answer.

The correct answer will usually appear explicitly in a Knowledge Graph Edge or ent_set containing no more than 5 entities.

Pay attention to the direction of the triplets to make sure they are consistent with the question.

If the question is a judgment or comparison, answer “Yes” or “No”. If the question asks for a specific number or count, answer with a specific number.
If the answer appears directly in the Knowledge Graph please give its IDs, which starts with m.xxx or Q...

e.g.
THINK: ...
ANSWER: ...
ANSWER_IDs: ...

Output

THINK: The original query is asking about the inventions attributed to Sir Isaac Newton.
The knowledge graph indicates that Isaac Newton is associated with two inventions: the reflecting telescope and the pet door.
These are the inventions listed in the knowledge graph.

ANSWER: Sir Isaac Newton is credited with inventing the reflecting telescope and the pet door.
ANSWER_IDs: m.01nhc9 (Reflecting telescope), m.079vqm (Pet door)

Table 17: The example and prompt of generate_answer. The red text is the variable part of the prompt, while the
black is fixed.
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Input
(Prompt)

Original Query: what was sir isaac newton ’s inventions

Knowledge Graph Entities:
topic entities:
m.03s9v: Isaac Newton
ent_set_0: contain 2 entities
m.01nhc9: Reflecting telescope
m.079vgm: Pet door

Knowledge Graph Edges:
(m.03s9v: Isaac Newton, law.inventor.inventions, ent_set_0)
(ent_set_0, law.invention.inventor, ent_set_1: m.03s9v: Isaac Newton)

Provided answer: Sir Isaac Newton is credited with inventing the reflecting telescope and the pet door.
ANSWER_IDs: m.01nhc9 (Reflecting telescope), m.079vgm (Pet door)

Your task is to score the correctness of the provided answer based on the original query, and the knowledge graph.
Double-check that each constraint in the original query is satisfied by the edges or ent_sets in KG.
Give a pessimistic score from 0.0 to 1.0 on how likely the answer is to be correct.

0.0 if definitely wrong or avoids answering the question

0.0 if unable to answer based on the knowledge graph

0.3 if not all constraints (sub-questions) in the original query are satisfied or only some of them are satisfied
0.5 if unsure

0.7 for probably correct but not confirmed in knowledge graph

1.0 for definitely correct and confirmed in knowledge graph

First think carefully about what the original question is asking and whether the current knowledge graph fulfills all of the requirements (each sub-question) in the original qu
Then give a score about how likely the provided answer is to be correct.

E.g.
THINK:...
SCORE....

Output

THINK: The original query asks for the inventions of Sir Isaac Newton.

The knowledge graph provides two entities related to Isaac Newton’s inventions: the reflecting telescope and the pet door.

The provided answer lists both of these inventions, which are confirmed by the knowledge graph.

Therefore, the answer satisfies the constraints of the original query by listing the inventions associated with Isaac Newton as per the knowledge graph.
SCORE: 1.0

Table 18: The example and prompt of evaluate_answer. The red text in Input is the variable part, determined by
historical trajectories, while the black text is the fixed prompt part.
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