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Abstract

Large Language Model (LLM) agents face a
fundamental bottleneck called context flooding
in multi-turn information retrieval: as evidence
accumulates across interaction turns, their con-
text windows become increasingly cluttered
with redundant, distracting, and potentially con-
flicting facts. Existing research either com-
presses interaction history into rolling sum-
maries, sacrificing relational precision, or re-
lies on retrieval-augmented pipelines that lack
mechanisms for resolving knowledge conflicts
and maintaining a globally consistent belief
state. In this work, we introduce GRAM, a
reinforcement learning framework designed to
train an agent to actively manage and utilize a
dynamic graph-structured memory. Rather than
passively accumulating retrieved text, the agent
learns to incrementally construct and manage
a coherent knowledge graph that serves as its
persistent memory, consolidating evidence and
preserving relational structure across interac-
tions. Furthermore, we employ Group Relative
Policy Optimization to train small language
models (under 4B) to master these complex
memory-governance behaviors. Experimental
results across multiple mainstream question-
answering benchmarks demonstrate the superi-
ority of the GRAM framework over existing
agentic memory baselines and conventional
RAG systems.

1 Introduction

LLMs have demonstrated remarkable capability
across a wide range of knowledge-intensive and rea-
soning tasks, with recent advances in long-context
modeling further expanding their applicability to
complex scenarios such as multi-document ques-
tion answering, tool-augmented reasoning, and au-
tonomous agents.

However, these capabilities often break down in
incremental knowledge acquisition scenarios like
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Figure 1: Overview of the multi-document question
answering problem.

multi-turn web search, where information arrives
incrementally across multiple turns rather than be-
ing provided in its entirety at once. As information
accumulates across turns, the context window be-
comes saturated with redundant, conflicting, and
outdated facts, leading to context flooding that de-
grades reasoning accuracy through the “lost-in-the-
middle” effect (Liu et al., 2024; Yi et al., 2025) and
increases both inference latency and retrieval cost
(Xiao et al., 2023).

To address these challenges, previous re-
search (Zhou et al., 2025; Sun et al., 2025; Wu
et al., 2025) primarily focuses on context compres-
sion, such as summarization or rolling memory.
Such emphasis on context length reduction often
leads to information loss, especially in tasks requir-
ing precise fact retrieval or multi-hop reasoning.
Additionally, some latest studies employ Retrieval-
Augmented Generation (RAG) offers an alternative
by dynamically selecting relevant context from an
external corpus, but it suffers from a critical limi-
tation: retrieval alone does not guarantee that the
right information is surfaced at the right time. Fur-
thermore, current work aims at (Chhikara et al.,
2025; Wang et al., 2025) reconstructing the mem-
ory structures in agent from passive storage to an
actively maintained belief state. They often rely
on a rigid two-stage process that processes a static
corpus before reasoning begins, which disconnects
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information gathering from immediate reasoning
needs and fails to facilitate real-time belief revi-
sion as new evidence emerges. Across all three
paradigms, a shared deficiency persists: none pro-
vides a mechanism for explicit belief revision, leav-
ing accumulated contradictions and outdated facts
unresolved. Therefore, the key capability of an
agent in long-horizon tasks is not only how to read,
but also how to retain, how to revise, and how to
discard.

In this work, we propose GRAM (Graph-
Retrieval Agentic Memory), a framework that
equips an LLM agent with a dynamic graph-
structured memory and a set of explicit cogni-
tive actions: Insert, Update, and Search. As
is shown in Figure 1, instead of passive storage, the
agent actively constructs and maintains a persistent
belief state by integrating new data and resolving
contradictions in real time. Crucially, the Update
operation allows the agent to prune outdated facts
or reconcile inconsistencies, ensuring the context
remains concise and logically consistent through-
out the process of incremental acquisition.

Furthermore, training an agent to master such
memory-governance behaviors poses a fundamen-
tal challenge: the optimal sequence of memory
operations is rarely annotated, and supervised learn-
ing provides no clear signal for long-horizon mem-
ory decisions. Therefore, we formulate GRAM
as a reinforcement learning problem and train the
agent using Group Relative Policy Optimization
(GRPO) (Shao et al., 2024). This allows the agent
to learn effective memory management strategies
directly from task-level supervision. Experiments
show that the trained agent indeed develops a strat-
egy of proactive information consolidation, mini-
mizing the need for expensive searches.

Our main contributions are summarized as fol-
lows:

* We introduce GRAM, a reinforcement learn-
ing framework that enables LLM agents to
actively manage a dynamic graph-structured
memory in incremental knowledge acquisition
environments, treating memory governance as
a sequential decision-making problem.

* We design a set of explicit cognitive actions,
including Insert, Update, and Search that
allow the agent to acquire knowledge incre-
mentally by constructing, revising, and query-
ing a coherent knowledge graph as its persis-
tent belief state, with Update providing ex-

plicit conflict resolution absent from prior ap-
proaches.

* Experimental results demonstrate that our
GRAM driven by small language models,
training through only task-level reward, can
acquire sophisticated memory governance be-
haviors and substantially outperform exist-
ing methods on complex multi-hop reasoning
benchmarks.

2 Related Work

2.1 Graph-Augmented LLMs

Integrating Knowledge Graphs (KGs) with LLMs
has emerged as a promising direction to mitigate
hallucinations and enhance multi-hop reasoning ca-
pabilities (Pan et al., 2024). Early approaches, such
as RAG (Retrieval-Augmented Generation) (Lewis
et al., 2020), primarily rely on vector similarity
to retrieve relevant text chunks. However, these
methods often struggle with "reasoning across doc-
uments" or detecting structural patterns that are not
semantically adjacent.

To address this, Graph-Augmented meth-
ods have been proposed. Systems like
GraphRAG (Edge et al., 2024) and G-Retriever (He
et al., 2024) leverage pre-constructed community
summaries or subgraph retrieval to provide struc-
tured context. Think-on-Graph (ToG) (Sun et al.,
2023) and MindMap (Wen et al., 2024) further
enable LL.Ms to perform beam search or random
walks over static KGs to reason explicitly. How-
ever, a common limitation of these approaches is
their reliance on static, pre-defined graphs. The
graph is typically assumed to be a read-only ex-
ternal database provided beforehand. In contrast,
our work focuses on the incremental knowledge
acquisition scenarios, where the agent must dynam-
ically construct and evolve the graph memory from
scratch while processing sequential information,
handling conflicts and redundancy in real-time.

2.2 LLM Agents with Active Memory

Standard LLMs are constrained by fixed context
windows, leading to the development of agents with
active memory management. MemGPT (Packer
et al., 2023) introduces an OS-like hierarchy, allow-
ing agents to manage context via virtual memory
paging, effectively extending the context window
indefinitely. Generative Agents (Park et al., 2023)
utilize a reflection mechanism to store and retrieve
synthesized text logs in a vector database. More
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recently, Mem1 (Zhou et al., 2025) trains agents
to maintain a "working memory" in the form of a
compressed text summary, updating it iteratively
via reinforcement learning.

While these methods enable long-horizon inter-
actions, their memory representations are predom-
inantly unstructured or semi-structured. Textual
summaries often suffer from information loss or
"fuzziness" when handling precise, multi-hop de-
pendency chains. Furthermore, most agents lack
explicit mechanisms to correct stored errors once
written. Our method, GRAM, differentiates itself
by employing a structured graph memory. By train-
ing with GRPO (Shao et al., 2024), our agent
learns discrete actions to strictly manage knowl-
edge triplets. This structure offers superior preci-
sion for multi-hop reasoning and enables specific
"surgical" updates to resolve conflicts, a capability
often absent in summary-based memory systems.

3 Method

Given a user query ¢ and a list of documents
D = {di,dy,...,dr}, the agent functions as a
policy mp(a¢|s:) that interacts with an evolving
Knowledge Graph G. At each time step ¢, the agent
observes a state s¢, which encapsulates the query, a
textual summary of the current graph topology, and
the current document dj.. Our GRAM framework,
characterizing the dynamic graph memory, the dis-
crete agentic action space, and the Group Rela-
tive Policy Optimization (GRPO) training pipeline,
aims at generating an optimal trajectory of actions
to construct a coherent answer, as illustrated in
Figure 2.

3.1 Dynamic Graph Memory

Unlike traditional RAG systems that rely on static
vector databases or linear context buffers, GRAM
maintains a dynamic knowledge graph for active
memory management. Formally, at any time step
t, the memory is denoted as a directed graph
Gi = (W, &), where V; represents the set of unique
entities and & C V; x R x V; denotes the set of
semantic relations. This structure supports two
primary cognitive functions: topology evolution
for belief revision and structure-aware retrieval for
multi-hop reasoning.

Topology Evolution. The topology of the graph
is designed for self-organization through non-
monotonic state transitions. Let 7T;,, be the set of
new knowledge triplets extracted from the current

document. The state transition from G; to G; 1 is
governed by a policy that first performs Online En-
tity Alignment to resolve entity aliasing. For a new
mention m, a linking function ¢ : Vye — Vi is
employed; if the semantic similarity between m
and an existing node v € V; exceeds a threshold 9,
the mention is merged. This process ensures that
fragmented attributes are aggregated into a unified
representation:

Unew = Aggr. ({m | sim(m,v) > 6} U{v}) (1)

Furthermore, to address the contradictions in-
herent in incremental documents, the policy facili-
tates explicit conflict resolution. Unlike standard
memory architectures that accumulate facts mono-
tonically (G;11 2 G¢), GRAM allows the agent to
identify a set of edges to add (A;") and a set of
obsolete or conflicting edges to prune (A, ). This
results in a refined state transition:

Giy1 = (G UAD)\ AF 2

This mechanism allows the agent to actively re-
solve conflicts and maintain a globally consistent
state that reflects the latest valid information.

Structure-Aware Retrieval. To mitigate the in-
formation loss common in compressed contexts,
GRAM utilizes a structure-aware retrieval protocol.
When the agent executes a search action, it trig-
gers a query to retrieve a local subgraph G’ C G;
rather than relying on isolated vector similarity.
This protocol is specifically designed to uncover
latent connections through multi-hop bridging. By
defining P; . as the set of relational paths connect-
ing entities v; and vy up to a maximum length L,
the retrieval function traverses the graph to identify
logical dependencies:

Pi,k:{(vi LI—)UJ T—L>’Uk) Egt} (3)

By recovering these paths, the agent identifies
logical dependencies between entities that never
co-occurred in the same source document. The
retrieved topological information G’ is then lin-
earized into a coherent summary sequence S =
Linearize(G’), augmenting the agent’s working
memory with precise, logic-oriented evidence inde-
pendent of the document stream’s temporal order.
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Figure 2: Overview of the GRAM Framework. The agent processes a sequential document stream to construct a
dynamic Knowledge Graph (KG) for complex reasoning. At each step, the agent observes the query, the current
document, and a textual summary of the graph state. Following the ReAct mode, the agent first generates a think
trace to analyze information gaps, and then executes a symbolic action.

3.2 Graph Operation Details

We now describe the concrete procedures that im-
plement the graph operations outlined above.

Online Entity Alignment. When the agent is-
sues a Memory_Insert action, we first extract en-
tity mentions from the incoming text via an LLM-
based extraction module. Each extracted mention
m is compared against the existing node set V; by
computing cosine similarity over their embeddings.
If sim(m, v) > ¢ for some v € V;, the mention is
merged into v by aggregating their attribute sets;
otherwise, a new node is created. The formal pseu-
docode is provided in Appendix A.3 (Algorithm 1).

Graph Search Procedure. When the agent is-
sues a Memory_Search action with a natural-
language query g, retrieval proceeds in two stages.
In the first stage (Entity Matching), entity men-
tions are extracted from ¢ using the same extrac-
tion module and matched against V; via embed-
ding similarity to identify a set of anchor nodes
{v1,...,vm}. In the second stage (Subgraph Re-
trieval), a bounded breadth-first traversal up to
depth L is performed from each anchor node to
collect local subgraph G’ C G;. The resulting sub-
graph is linearized into a triplet sequence S =
Linearize(G’) and appended to agent’s context.

Conflict Detection and Update Rules. A con-
flict is detected whenever a newly extracted triplet
(8,7, 0new) shares both its subject s and relation r
with an existing edge (s, 7, 0014) yet differs in the
object. Upon detecting such a conflict, the Update
action enables the agent to issue a natural-language
revision instruction, which is subsequently parsed
into a pair of graph edit sets (A" and A™) through
the structured prompt described in Appendix D.

3.3 Agentic Action Space

The information flow within GRAM is governed
by a discrete action space:

A = {Insert,Update,Search, Answer} (4)

At each step, the agent follows the ReAct
mode (Yao et al., 2022): generating a reasoning
trace z; to evaluate the current state before sam-
pling a single atomic action a; € .A. These actions
are categorized into knowledge maintenance and
information navigation.

Knowledge Maintenance Action. The actions
facilitate the integration of new evidence from
the current document dj, into the graph G. The
Memory_Insert action extracts atomic triplets
from dj, to expand the topology of the graph. Al-
ternatively, the Memory_Update action allows the
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agent to issue natural language instructions to re-
vise or prune outdated nodes and edges in G;_1.
This ensures the consistency of the belief state
when conflicting information is encountered. Once
either maintenance action is completed, the system
assumes the current document has been processed
and advances the pointer to dg. 1.

Information Navigation Action. The actions al-
low the agent to pause the traversal of the docu-
ment to gather context or terminate the task. The
Memory_Search action performs a retrieval oper-
ation on G;_1. Critically, this action does not ad-
vance the document pointer but enriches the context
of the agent with retrieved relational paths to sup-
port the understanding of dj, in subsequent steps.
Finally, the Answer action terminates the interac-
tion trajectory and generates a response based on
the accumulated evidence.

3.4 Reinforcement Learning Pipeline

While the optimal sequence of memory operations
is not explicitly annotated, we model the interaction
as a Markov Decision Process (MDP) and optimize
it through Reinforcement Learning (RL). Specifi-
cally, we employ Group Relative Policy Optimiza-
tion (GRPO) as the RL algorithm. For each query
@, we sample a group of trajectories {71,..., 7k}
from the current policy 7g. The objective function
maximizes the advantage of the generated outputs
relative to the group average:

J(0) = EQ~p,cnmy
Ln . mo(m) 5 i
gz:mm - ld(T-)Ai’Chp(“')Ai

=1

)
where A; is the standardized reward advantage.

Reward Formulation. We design a compound
reward R = Roycome + A Rprocess» where A = 0.1
balances answer correctness against process qual-
ity.

The outcome reward measures the token-level
F1 between the predicted answer ¢ and the ground
truth y*:

_ 2Precision(y, y*) - Recall(7, y*) (6)
~ Precision(7, y*) + Recall(7, y*)

Routcome

We use token-level F1 because open-domain QA
answers may contain aliases, partial spans, or mul-

tiple tokens. Compared with exact match, token-
level F1 also provides a less sparse outcome reward
for RL training while retaining direct correspon-
dence with answer correctness.

The process reward enforces structural com-
pliance with the single-action protocol defined in
Section 3.3. It assigns a binary penalty based on
whether the agent produces valid XML action tags
in each turn:

1, if action tags are valid,
Rprocess = { s (N

0, otherwise.

This term prevents reward hacking behaviors
such as generating multiple actions per turn or mal-
formed tags, ensuring that the RL signal remains
grounded in well-formed trajectories.

4 Experiment

4.1 Experiment Setup

Dataset. We evaluate GRAM on four ques-
tion answering benchmarks spanning single-hop
and multi-hop reasoning: TriviaQA (Joshi et al.,
2017), HotpotQA (Yang et al., 2018), 2WikiMulti-
HopQA (Ho et al., 2020), and MuSiQue (Trivedi
et al., 2021). To simulate incremental informa-
tion settings, we adapt these datasets by present-
ing supporting and distractor documents sequen-
tially rather than providing full context at once. As
shown in Table 1, TriviaQA serves as a single-hop
baseline with well-localized context, while multi-
hop datasets like MuSiQue impose substantially
greater demands. These benchmarks range from
simple factoid retrieval to complex multi-step rea-
soning, rigorously testing GRAM’s ability to main-
tain coherent graph memory under long-horizon
retrieval scenarios. GRAM is trained only on a sub-
set of the official HotpotQA training split. The re-
ported HotpotQA result is evaluated on the separate
official development set, while TriviaQA, 2Wiki-
MultiHopQA, and MuSiQue are used exclusively
for evaluation. Detailed split statistics are provided
in Appendix A.4.

Evaluation Metrics. For answer quality evalu-
ation, we use the FI Score, which measures the
average word overlap between the prediction and
the groundtruth.

For cost-effectiveness evaluation, we track the
Average Interaction Turns (AIT) to evaluate effi-
ciency not by absolute turn counts alone, but by
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Dataset # Examples Avg # Docs Avg # Steps
TriviaQA 16853 1 1
HotpotQA 7405 9.94 243
2WikiMultihop 12576 10 2.44
MusSique 2417 20 2.65

Table 1: Statistics of the Evaluation Datasets. Avg #
Docs denotes the average number of documents per
sample, and Avg # Steps represents the average number
of supporting facts required to deduce the final answer.

how well the agent allocates its interaction budget
relative to task complexity, avoiding both redun-
dancy on simple queries and premature termination
on complex ones.

Baselines. We compare GRAM against a range
of baselines, from direct prompting to advanced
agentic frameworks. The baselines fall into three
categories: i) direct generation methods (Zero-shot
and CoT (Wei et al., 2022)), which test the model’s
parametric knowledge without any retrieval; ii):
retrieval-augmented generation methods (Standard
RAG and IRCoT (Trivedi et al., 2023)), which
ground the model in external document chunks;
iii): agentic methods (Search-R1 (Jin et al., 2025)
and MEM1 (Zhou et al., 2025)), which give the
model active control over its information-gathering
process. All baseline methods use the Qwen2.5-
Instruct series. Our primary same-backbone com-
parison uses Qwen2.5-3B, while LLaMA-3.2-3B is
reported separately for cross-family validation. Of-
fline graph-construction methods address a differ-
ent setting from online memory governance, since
they typically build the graph before question-time
reasoning. We therefore do not treat GraphRAG-
style systems as strictly apples-to-apples baselines.
To isolate the contribution of online management
from graph structure itself, however, we addition-
ally include a deterministic pre-built static graph
reference using the same graph representation and
retrieval components as GRAM; results are re-
ported in Appendix B.2. Please refer to the ap-
pendix for more implementation details, e.g., Ap-
pendix A for detailed baseline description and train-
ing setups and Appendix D for used prompts.

4.2 Overall Performance

Table 2 presents the comparative performance of
GRAM against state-of-the-art baselines across
four benchmarks.

Performance Comparison against Baselines.
GRAM consistently outperforms traditional re-
trieval (RAG), linear reasoning (IRCoT), and agen-
tic baselines, demonstrating its most significant
advantage on complex multi-hop datasets. On the
highly challenging MuSique benchmark, GRAM-
3B achieves an F1 score of 0.316, reflecting a
6.7 x improvement over standard RAG (0.047) and
substantially outperforming Search-R1-3B (0.146).
Similarly, it surpasses Search-R1 by over 11 points
on 2Wiki. These gains highlight how GRAM’s ac-
tive memory management and explicit graph struc-
ture effectively mitigate the "lost-in-the-middle"
phenomenon and "reasoning drift" inherent to pas-
sive context stuffing, successfully preserving rela-
tional bridges across fragmented evidence.

Parameter Efficiency and Structural Fidelity.
Despite using a compact 3B backbone, GRAM
achieves performance competitive with consider-
ably larger models. On TriviaQA, GRAM-3B
(0.792) is comparable to 7B-scale Mem1 (0.819),
indicating that structured graph representations re-
tain the fine-grained information necessary for pre-
cise fact extraction, a property that rolling summary
approaches tend to compromise. On HotpotQA,
GRAM substantially narrows the gap against larger
or more specialized models, suggesting that equip-
ping smaller LL.Ms with a persistent, dynamic be-
lief state is an efficient route to strong multi-hop
reasoning without proportional increases in compu-
tational cost.

Cross-Family Generalization. To rule out the
possibility that GRAM’s gains are tied to Qwen-
specific inductive biases, we train and evaluate
GRAM on LLaMA-3.2-3B-Instruct under an iden-
tical framework and training pipeline. As reported
in Table 2, GRAM-LLaMA achieves 0.728, 0.605,
0.459, and 0.274 on TriviaQA, HotpotQA, 2Wiki-
MultiHopQA, and MuSiQue respectively, outper-
forming every Qwen2.5-3B baseline on the multi-
hop tasks and remaining competitive with 7B-
scale methods. On MuSiQue, GRAM-LLaMA
(0.274) nearly doubles Search-R1-7B and Mem1-
7B (both 0.146), despite using a different model
family with fewer than half the parameters. The
consistency of these gains across two architec-
turally distinct backbone families confirms that the
performance advantage originates from GRAM’s
graph-structured memory and RL-trained gover-
nance policy rather than from the capability of any
single backbone. We note a moderate gap rela-
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Method Backbone Size TriviaQA HotpotQA 2Wiki MusSique
Jero-sho Qwen2.5 3B 0.288 0.149 0.244 0.020
Qwen2.5 7B 0.408 0.183 0.250 0.031
RAG Qwen2.5 3B 0.544 0.255 0.226 0.047
Qwen2.5 7B 0.585 0.299 0.235 0.058
. Qwen2.5 3B 0.185 0.092 0.111 0.022
CoT (Wei et al., 2022) Qwen2.5 7B 0.032 0.021 0.021 0.002
o Qwen2.5 3B 0312 0.164 0.171 0.067
IRCOT (Trivedietal,, 2023) o b 5 7B 0.478 0.133 0.149 0.072
. Qwen2.5 3B 0.545 0.324 0319 0.103
Search-RI (Jinetal,, 2025) o0 b 5 7B 0.610 0.370 0.414 0.146
Qwen2.5 3B 0.767 0.638 0.301 0.129
Meml (Zhou et al., 2025) Qwen2.5 7B 0.819 0.709 0.321 0.146
Ours Qwen2.5 3B 0.792 0.637 0.528 0.316
LLaMA32 3B 0.728 0.605 0.459 0.274

Table 2: Evaluation results on our datasets. All baselines use the Qwen2.5-Instruct series; GRAM is also evaluated
on LLaMA-3.2-3B-Instruct to validate cross-family generalization. Best in Bold and second best in Underline.
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Figure 3: Comparison of Average Interaction Turns
across different benchmarks. GRAM adapts its trajec-
tory length based on task complexity, demonstrating
efficiency on simple tasks and persistence on complex
multi-hop queries.

tive to GRAM-Qwen, which we attribute to occa-
sional format-compliance issues observed during
LLaMA’s RL training. An SFT warm-up stage
largely mitigates this problem, as discussed in Ap-
pendix B.7.

Adaptive Interaction Efficiency. Beyond accu-
racy, we examine agent behavior through Aver-
age Interaction Turns (AIT), illustrated in Figure 3.
GRAM’s reasoning depth scales naturally with task
complexity. On single-hop tasks such as TriviaQA,
it matches the efficiency of summary-based base-
lines with an average of 1.00 turn, showing that
graph maintenance does not introduce unneces-
sary overhead for simple factual queries. On com-
plex multi-hop tasks such as MuSiQue, GRAM
invests substantially more turns (12.08) compared

Setting TriviaQA HotpotQA 2Wiki MuSique
w/o Update 0.763 0.628 0.592 0.447
w/ Update 0.792 0.637 0.528 0.316

Table 3: Ablation study on the impact of the Graph Up-
date mechanism. The w/o Update disables the explicit
Memory_Update action while retaining insert-time en-
tity alignment.

Setting F1 Score Token Consumption
w/o Graph 0.568 11,240
w/ Graph 0.637 6,450

Table 4: Ablation Study on Memory Structure. Compar-
ison between a linear text buffer (w/o Graph) and graph
memory (w/ Graph).

to Meml1 (2.56). This gap is not a sign of ineffi-
ciency but rather reflects a qualitative difference in
reasoning strategy. Mem1 tends to terminate early
by committing to an answer as soon as its rolling
summary appears sufficient, which often leads to
premature closure when intermediate evidence is
incomplete. GRAM, by contrast, continues to chain
insert and search operations until a complete ev-
idence path is constructed in the graph, and only
then issues the final answer. This persistence di-
rectly accounts for its superior F1 on multi-hop
benchmarks and suggests that the RL-trained pol-
icy has learned to trade additional interaction steps
for higher answer reliability when the task demands
1t.
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4.3 Ablation Studies

We ablate two core design choices of GRAM on all
four benchmarks using Qwen2.5-3B-Instruct.

Impact of the Update Mechanism. We com-
pare the full model against a w/o Update variant
that disables the Memory_Update action (Table 3)
while retaining insert-time entity alignment. En-
abling Update improves fact-retrieval tasks (Triv-
iaQA +2.9%, HotpotQA +0.9%), where correct-
ing outdated or conflicting entries in the graph
directly benefits answer precision. However, on
deeper multi-hop benchmarks (2WikiMultiHopQA,
MusSiQue), the append-only variant performs better,
with Update causing a —13.1% drop on MuSiQue.
We attribute this to the structural role of interme-
diate nodes: in multi-hop reasoning chains, seem-
ingly redundant entities often serve as bridges con-
necting disjoint evidence, and aggressive pruning
can break these paths. This reflects a fundamental
trade-off between memory consistency and struc-
tural preservation rather than a deficiency of the
mechanism itself. A detailed analysis of the con-
ditions under which Update helps versus harms is
provided in Appendix B.3.

Impact of Memory Structure. We replace the
graph memory with a flat text buffer (w/o Graph)
while keeping the same RL pipeline and action in-
terface (Table 4). The graph variant improves F1
by 6.9 points and reduces average token consump-
tion by 42.6%. The accuracy gain can be attributed
to the graph’s topological awareness: subgraph
retrieval surfaces multi-hop relational paths that
flat retrieval over text chunks cannot reconstruct.
The efficiency gain stems from two complemen-
tary properties — entity-level deduplication consol-
idates redundant mentions across documents into
canonical nodes, and structured retrieval returns
only the relevant relational paths rather than entire
passages, eliminating the token noise that inflates
linear-buffer contexts.

4.4 Case Study

Table 5 presents a representative reasoning trajec-
tory of GRAM on a multi-hop question from Hot-
potQA. The agent first demonstrates noise robust-
ness by correctly rejecting four distractor docu-
ments (Steps 1-4) that share the keyword “Green”
but refer to unrelated entities. Upon encountering
the relevant album entry at Step 5, the agent inserts
a structured triplet linking Steve Hillage to the al-

bum “Green”. At Step 6, after discovering that Mi-
quette Giraudy is described as the partner of Steve
Hillage, the agent does not immediately produce an
answer. Instead, it issues a Memory_Search to ver-
ify that Hillage is indeed the performer of “Green”,
a fact stored two steps earlier. The final answer
at Step 7 is derived through explicit graph traver-
sal, chaining Green — Steve Hillage — Miquette
Giraudy, a two-hop path that never appeared in
any single document but emerges from the struc-
tured composition of separately inserted facts. We
present additional cases, including failure mode
analysis, in Appendix C.

5 Conclusion

In this paper, we propose GRAM, a reinforcement
learning framework that equips LLM agents with
an actively managed graph-structured memory for
incremental knowledge acquisition from sequential
document streams. The agent governs its memory
through three explicit cognitive actions: Insert, Up-
date, and Search, that enable it to construct, revise,
and query a dynamic knowledge graph as a persis-
tent belief state. We further employ the GRPO al-
gorithm to train the agent to master these memory-
governance behaviors, allowing it to resolve knowl-
edge conflicts and maintain relational precision.
Experiments across four QA benchmarks of in-
creasing multi-hop complexity show that GRAM
substantially outperforms both conventional RAG
systems and recent agentic memory baselines. Ab-
lation studies further reveal a trade-off between
memory consistency and structural preservation in
the update mechanism, and cross-family evalua-
tion confirms that the gains are architecture-driven
rather than backbone-specific. These results sug-
gest that effective long-horizon reasoning requires
agents to not only retrieve information but also
strategically retain, revise, and discard it.

Limitations

While GRAM demonstrates significant advantages,
our in-depth ablation studies reveal an important
trade-off between memory consistency and struc-
tural preservation. Although belief revision is es-
sential for maintaining a concise and accurate mem-
ory state, overly aggressive updates can inadver-
tently disrupt critical reasoning paths required in
complex multi-hop scenarios. This finding high-
lights that memory governance should be viewed
as a nuanced control problem rather than a purely
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Query: “Who is the spouse of the Green performer?”

Ground Truth: Miquette Giraudy

answering.
— <memory_search> Steve Hillage Green

— <answer> Miquette Giraudy v

Step 1 [Doc 1: Grant’s First Stand] “...debut album by American jazz guitarist Grant Green...”

Agent: “Grant Green” is a surname, not the album titled “Green”. Irrelevant to the query. — Skip

Step 2—4 [Docs about Al Green, Green Party, etc.] All contain the keyword “Green” but refer to unrelated entities.
Agent: Correctly identifies each as a distractor. — Skip x3

Step 5 [Doc 5: Green (Steve Hillage album)] “Green is the fourth studio album by Steve Hillage, released in 1978...”
Agent: First relevant hit — “Green” is an album, and its performer is Steve Hillage.

— <memory_insert> [Steve Hillage] —[performer of]-> [Green (album)]

Step 6 [Doc 6: Miquette Giraudy] “best known for her work in Gong and with her partner Steve Hillage...”
Agent: New clue connects Giraudy to Hillage, but needs to verify Hillage = “the Green performer” via graph before

Step 7 [Memory Search Results]: [Steve Hillage] —[performer of]-> [Green (album)]

performer

Agent: Graph traversal confirms the two-hop chain: Green ——— Steve Hillage paner, Miquette Giraudy.

Table 5: Reasoning trajectory of GRAM on a HotpotQA example (Qwen2.5-3B). The case illustrates four capabilities:
noise rejection of semantically similar distractors (Steps 1-4), graph construction from relevant documents (Steps
5-6), active retrieval for hypothesis verification (Step 6), and multi-hop answer synthesis via graph traversal (Step

7.

engineering concern. Promising directions for fu-
ture work to address these limitations include de-
veloping uncertainty-aware memory updates and
designing adaptive policies conditioned on task
complexity to better balance graph stability with
real-time knowledge revision.
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A Implementation Details

A.1 Baseline Descriptions

We detailedly introduce the compared baseline
methods as follows:

Direct Generation. These baselines evaluate the
intrinsic capabilities of the backbone LLM without
external memory or retrieval tools, establishing a
lower bound on how much the model can accom-
plish using only its parametric knowledge and the
immediate input context.

¢ Direct Inference feeds only the question to
the LLM, which generates an answer in a sin-
gle forward pass.

* Chain-of-Thought (CoT) (Wei et al., 2022)
prompts the model to produce step-by-step
reasoning traces before generating the final
answer, using its inherent reasoning ability to
connect relevant clues.

Retrieval-Augmented Generation. To assess
the effect of external information access, we in-
clude standard retrieval-based approaches. These
methods use a retriever to select relevant document
chunks from the stream, reducing context window
pressure and limiting noise passed to the genera-
tor. They represent the prevailing paradigm for
knowledge-intensive tasks.

» Standard RAG uses a dense vector retriever
to fetch the top-k most relevant chunks based
on the query; these chunks are concatenated
and passed to the generator.

¢ IRCoT (Interleaved Retrieval CoT) (Trivedi
et al., 2023) interleaves retrieval and reason-
ing steps: the model generates intermediate
search queries from partial reasoning chains
to retrieve additional context, enabling multi-
step information gathering.

Agentic Baselines. We also compare against
agentic frameworks that give the LLM control over
its information-gathering process. Unlike passive
RAG, these methods allow the model to decide dy-
namically when and what to retrieve, providing a
strong competitive reference for our active memory
management approach.

¢ Search-R1 (Jin et al., 2025) is an RL-trained
agent that interleaves chain-of-thought reason-
ing with multi-turn search queries, optimizing

the reasoning trajectory to decide when to is-
sue a search. Unlike GRAM, Search-R1 holds
all retrieved information in the LLM’s context
window without a persistent external mem-
ory module, making it vulnerable to context
flooding on very long document streams.

* MEM1 (Zhou et al., 2025) is a memory-
efficient agent trained via RL to maintain a
compact internal state. At each turn, it folds
new observations into a rolling textual sum-
mary and discards the raw interaction his-
tory. This baseline represents a compression-
based memory paradigm. Comparing against
MEM1 lets us assess whether GRAM’s struc-
tured graph retention preserves precise rela-
tional details better than generative summa-
rization, which may suffer from information
loss or hallucinations.

A.2 Training Details

We implement the GRAM framework and con-
duct all Reinforcement Learning (RL) experi-
ments using the verl library. For the base
policy model, we initialize our agent using the
Qwen instruction-tuned series (e.g., Qwen2.5-3B-
Instruct and Qwen3-4B), as well as LLaMA-3.2-
3B-Instruct for cross-family validation. The RL
optimization is driven by Group Relative Policy
Optimization (GRPO). To ensure stable policy up-
dates and mitigate severe reward hacking, we apply
a low-variance KL divergence penalty between the
active policy and the reference model. We also
explore an SFT warm-up variant that initializes
the policy from a supervised fine-tuned checkpoint
before GRPO training; the training dynamics and
comparison are reported in Appendix B.7.

The key hyperparameters utilized during our RL
training phase are summarized in Table 6. We use
the AdamW optimizer with a warmup step ratio
of 0.285 and a peak learning rate of 1 x 1079,
sampling a group size of G = 5 trajectories per
prompt.

Hardware & Distributed Setup. All training
procedures are executed on a single comput-
ing node equipped with 4 NVIDIA RTX 3090
(24GB) GPUs. Given the strict VRAM con-
straints of consumer-grade hardware, we employ
several memory-saving techniques to prevent out-
of-memory (OOM) errors during the memory-
intensive rollout phase. We utilize SGLang as the
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Hyperparameter Value
RL Algorithm GRPO
Sampled Group Size (G) 5
Optimizer AdamW
Peak Learning Rate 1x1076
Warmup Step Ratio 0.285

KL Divergence Type Low-variance
KL Penalty Coefficient ((3) 0.001

Table 6: Summary of key hyperparameters for GRPO
training.

Stage Steps  Wall-clock GPU-hours
SFT warm-up 104 00:45:51 3.1
GRPO training 937 47:19:19 189.3
Total - 48:05:10 1924

Table 7: Training cost of the Qwen2.5-3B GRAM model
on 4x NVIDIA RTX 3090 24GB GPUs. GPU-hours are
calculated as wall-clock hours multiplied by the number
of GPUs.

asynchronous rollout backend and configure a Ten-
sor Parallelism (TP) size of 2 alongside a Data
Parallelism (DP) size of 2. To fit the 24GB mem-
ory budget, the global mini-batch size is set to 8
with a reduced micro-batch size per GPU, seam-
lessly aligning the forward and backward passes
to minimize inter-GPU communication overhead.
Furthermore, we mandate gradient checkpointing
and aggressive optimizer state offloading to CPU
memory to ensure stable training.

Training Cost. As shwon in Table 7, we addi-
tionally report the computational cost of training
GRAM. The SFT warm-up stage requires 104 opti-
mization steps and approximately 45.9 minutes on
four NVIDIA RTX 3090 24GB GPUs, correspond-
ing to 3.1 GPU-hours. The subsequent GRPO
stage requires 937 steps and approximately 47.3
hours, corresponding to 189.3 GPU-hours. Overall,
training the Qwen2.5-3B GRAM model takes ap-
proximately 48.1 wall-clock hours, or 192.4 GPU-
hours. The SFT statistics are obtained from the
LLaMAFactory trainer log, while the GRPO statis-
tics are obtained from the verl training log.

A.3 Graph Operation Pseudocode

Algorithm 1 provides the formal pseudocode for
the online entity alignment procedure described in

Section 3.2. In our implementation, we use all-
MiniLM-L6-v2 as the default embedding model
with a similarity threshold of § = 0.85. The en-
tity extraction module uses the structured prompt
shown in Appendix D (Figure 7). For each incom-
ing mention, the algorithm iterates over all existing
nodes to find the best match. If the cosine similarity
exceeds J, the mention is merged into the matched
node; otherwise, a new node is created.

Algorithm 1 Online Entity Alignment

Require: New mentions M = {mq,...,my}
from document dj; Existing graph nodes Vy;
Similarity threshold § = 0.85; Embedding
model Embed(-)

Ensure: Updated node set Vs 1

1: for each mention m; € M do
2: e; < Embed(m;)

3: §* <+ —o0, v* < None

4: for each node v € V; do

5: s <— CosineSim(e;, Embed(v.name))
6: if s > s* then s* < s, v* < v
7: end if

8: end for

9: if s* > § then

10: v*.attr < Aggr(v*.attr U m,.attr)
11: else

12: Vi <= V; U {CreateNode(m;) }
13: end if

14: end for

15: return V;

A.4 Dataset Splits and Input Statistics

Dataset Splits. GRAM is trained on a 7,500-
example subset sampled from the official Hot-
potQA training split, consisting of 2,500 easy,
2,500 medium, and 2,500 hard examples. We ad-
ditionally use a 150-example internal validation
subset for lightweight monitoring during training.
This internal validation subset is not used for the
reported benchmark results. The final HotpotQA
result is evaluated on the complete official develop-
ment set of 7,405 examples. TriviaQA, 2WikiMulti-
HopQA, and MuSiQue are used only for evaluation
and are not involved in RL optimization.

Input-Context Statistics. We additionally quan-
tify the size of the document streams rather than re-
lying only on the number of documents. As shown
in Table 9, the average document context contains
approximately 2.6K tokens on MuSiQue and 1.1K
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Split # Examples

Avg. #Docs Usage

HotpotQA RL train 7,500
HotpotQA internal validation 150
HotpotQA official dev 7,405
TriviaQA evaluation 16,853
2WikiMultiHopQA evaluation 12,576
MuSiQue evaluation 2,417

9.935 RL training

9.933  Training monitoring only

9.953  Reported evaluation

1.000  Reported evaluation
10.000  Reported evaluation
19.990 Reported evaluation

Table 8: Dataset splits used for training, monitoring, and final evaluation. The HotpotQA internal validation subset
is used only for lightweight training monitoring and is not included in the reported benchmark results.

Dataset # Docs Avg, P90 Max
2WikiMultiHopQA  10.000 1,068.9 1,570 3,579
MuSiQue 19.955 12,6209 3,347 4,552

Table 9: Document-context statistics for the two most
document-intensive benchmarks. Avg., P90, and Max
report document-context token counts.

tokens on 2WikiMultiHopQA, with maximum ob-
served lengths of approximately 4.6K and 3.6K
tokens, respectively. These inputs generally remain
within the nominal context windows of modern
LLMs. Therefore, the challenge studied in our
current benchmarks should not be interpreted pri-
marily as literal context-window overflow. Instead,
the benchmarks test whether an agent can organize
and preserve relevant evidence under increasing
competition from distractors, redundant mentions,
and partially relevant facts.

B Additional Experiments and Analysis

B.1 Controlled Memory-Management
Diagnostics

Controlled Policy Comparison. To disentangle
the effects of explicit belief revision and insert-time
entity consolidation, we conduct a controlled com-
parison on the same N = 200 validation subsets
of MuSiQue and 2WikiMultiHopQA. We consider
three memory-management policies. Full GRAM
enables both insert-time entity alignment and the
explicit Memory_Update action. The w/o Update
variant disables Memory_Update while retaining
entity alignment. Append-only disables both ex-
plicit Update and insert-time entity alignment, caus-
ing newly extracted entities and relations to be
added without consolidation. In addition to answer
F1, we record the average numbers of insertions,
updates, entity merges, and final graph nodes and
edges.

Graph-State Evolution. The controlled results
reveal two distinct effects. First, removing entity

alignment consistently hurts performance relative
to the corresponding graph-consolidation variants.
On MuSiQue, Append-only obtains 0.2739 Fl1,
compared with 0.3117 for Full GRAM and 0.4045
for w/o Update. A similar pattern is observed on
2WikiMultiHopQA, where Append-only obtains
0.3988 compared with 0.4667 and 0.4740, respec-
tively. This suggests that consolidating repeated
entity mentions into a shared graph representation
is useful for evidence organization.

Second, explicit Update is not uniformly ben-
eficial on these static QA benchmarks. The w/o
Update variant slightly outperforms Full GRAM on
both controlled subsets, while Full GRAM invokes
Update only infrequently, averaging 0.120 updates
per example on MuSiQue and 0.060 on 2WikiMul-
tiHopQA. These results indicate that most of the
benefit in the current setting comes from structured
insertion, entity consolidation, and graph retrieval
rather than frequent belief revision.

B.2 Comparison with a Pre-built Static Graph

To separate the benefit of graph structure from
the benefit of learned online memory management,
we additionally construct a deterministic pre-built
static graph baseline. The baseline processes all
documents before answering, using the same triplet
extraction, entity-alignment, and graph-retrieval
components as GRAM. Unlike GRAM, however,
it does not learn when to Insert, Search, or Up-
date; instead, extracted evidence is inserted into the
graph using a fixed construction procedure, after
which the completed graph is queried for answer
generation.

The comparison is dataset dependent. On
MuSiQue, the pre-built static graph obtains 0.3177
F1, slightly above Full GRAM at 0.3117. On
2WikiMultiHopQA, in contrast, Full GRAM
reaches 0.4667, substantially outperforming the
static graph baseline at 0.3976. These results show
that graph construction alone can already be com-
petitive in some settings, while learned online mem-
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Dataset Policy F1 Inserts Updates Merges Final Nodes Final Edges
MuSiQue Full GRAM 03117 3.905 0.120 0.480 14.530 12.810
MuSiQue w/o Update 0.4045 4.000 0.000 0.445 14.930 13.235
MuSiQue Append-only  0.2739 3.885 0.000 0.000 15.395 13.435
2WikiMultiHopQA  Full GRAM 0.4667 2.825 0.060 0.450 12.155 11.125
2WikiMultiHopQA  w/o Update 0.4740 2.800 0.000 0.385 11.930 10.870
2WikiMultiHopQA  Append-only  0.3988 2.790 0.000 0.000 12.410 11.180

Table 10: Controlled comparison of memory-management policies on the same N = 200 validation subsets. Full
GRAM enables both insert-time entity alignment and explicit Update; w/o Update disables explicit Update while
preserving entity alignment; Append-only disables both explicit Update and insert-time entity alignment. All graph

statistics are averaged per example.

Dataset Static Graph  Full GRAM
MuSiQue 0.3177 0.3117
2WikiMultiHopQA 0.3976 0.4667

Table 11: F1 comparison between Full GRAM and a
pre-built static graph baseline on the same controlled
validation subsets. The static baseline constructs the
graph before answering using the same graph represen-
tation and retrieval components as GRAM, but does
not employ an RL-trained online memory-management
policy.

ory management provides a clearer advantage on
others. We therefore do not interpret online man-
agement as uniformly superior to pre-building a
graph; rather, its benefit depends on the structure
of the task and document stream.

B.3 Detailed Analysis of the Update
Mechanism

As shown in Table 3 and the controlled diagnos-
tics in Appendix B.1, the effect of explicit Update
varies substantially across datasets. On the full eval-
uation sets, enabling Update yields small improve-
ments on TriviaQA and HotpotQA, but degrades
performance on 2WikiMultiHopQA and MuSiQue.
Moreover, on the controlled N = 200 subsets of
MuSiQue and 2WikiMultiHopQA, the w/o Update
variant slightly outperforms Full GRAM, while
Full GRAM invokes Update only infrequently.
These results suggest that explicit belief revision is
a task-dependent capability rather than a uniformly
beneficial component.

Why Update Can Hurt. A potential failure
mode arises in multi-hop reasoning, where inter-
mediate entities and relations may serve as bridges
between evidence from different documents. Con-
sider a reasoning chain A - B — C — D. If
an Update operation modifies or removes an edge

connected to an intermediate entity such as B, the
resulting graph may lose a relation that is still use-
ful for completing the reasoning path. This risk
becomes more pronounced when evidence is com-
positional and multiple relations involving the same
entity must coexist. Consequently, an unnecessary
or overly aggressive update can trade local graph
consistency for the loss of globally useful reason-
ing structure.

Role of Benchmark Characteristics. The cur-
rent benchmarks are largely static question-
answering datasets and contain few genuine tem-
poral corrections or explicit cases of knowledge
supersession. They therefore primarily evaluate ev-
idence organization, consolidation, and multi-hop
retrieval under distractors rather than revision of
stale beliefs. Under these conditions, the potential
benefit of explicit Update is limited, while erro-
neous or unnecessary revisions may remove useful
evidence. This observation is consistent with the
controlled results in Appendix B.1, where most
of the benefit comes from structured insertion, en-
tity consolidation, and graph retrieval rather than
frequent belief revision.

When Update May Be Useful. Explicit Update
is conceptually more relevant when an information
stream contains genuine corrections, temporal su-
persession, or mutually incompatible observations
about the same entity and relation. For example,
a long-running agent may encounter a later obser-
vation that invalidates an earlier fact and therefore
require a mechanism to revise its persistent mem-
ory. However, our current experiments do not di-
rectly evaluate such non-stationary settings. We
therefore do not claim that Update is universally
beneficial, or that its advantage under genuinely
evolving information streams has been established
by the present benchmarks.
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Future Directions. These findings motivate two
directions for improving belief revision. First,
uncertainty-aware updates could associate confi-
dence with graph edges and allow facts to be soft-
deprecated rather than immediately removed. Sec-
ond, task- or evidence-conditioned policies could
modulate update aggressiveness according to the es-
timated likelihood of genuine conflict and the struc-
tural importance of the affected relations. Evaluat-
ing these mechanisms on benchmarks with explicit
temporal changes and belief corrections is an im-
portant direction for future work.

B.4 Entity Alignment Robustness

Embedding-Model Sensitivity. The entity align-
ment module in GRAM relies on a lightweight
embedding model to compute cosine similarity for
mention-to-node matching (threshold § = 0.85).
To evaluate the sensitivity of GRAM’s perfor-
mance to the choice of embedding model, we com-
pare three representative models on HotpotQA, as
shown in Table 12.

Embedding Model F1 Score
all-MiniLM-L6-v2 (default) 0.637
bge-large-en-v1.5 0.652
Qwen3-embedding-0.6B 0.629

Table 12: Sensitivity of GRAM to the choice of em-
bedding model for entity alignment, evaluated on Hot-

potQA.

The results show minimal variance across mod-
els, confirming that GRAM is not sensitive to the
specific embedding model. This is expected be-
cause the embedding is used solely for short entity
name matching, not for long-text retrieval or se-
mantic reasoning. Entity names in QA benchmarks
are relatively canonical, making this a trivially easy
task for any competent embedding model.

Performance is relatively stable across the three
tested embedding backbones on HotpotQA. How-
ever, this model-level stability does not imply that
every individual alignment decision is correct. We
therefore further examine threshold sensitivity and
conduct a pair-level manual audit below.

Merge-Threshold Sensitivity. Entity alignment
merges a newly extracted mention with an exist-
ing graph node when their embedding similarity
exceeds a threshold . Our default implementa-
tion uses 6 = 0.85. To evaluate the sensitivity of

1 F1 Merges Nodes Edges
0.80 0.3973 0.565 11.780 10.830
0.85 0.4667 0.450 12.155 11.125
0.90 0.4847 0.230 11.945 10.855

Table 13: Sensitivity to the entity-alignment similarity
threshold 6 on the same N = 200 2WikiMultiHopQA
validation subset. Merges, Nodes, and Edges denote
the average number of entity merges and final graph
nodes and edges per example, respectively. All other
components are held fixed.

Merge Category Count  Share
Correct alias / surface-form 32 64%
merge

Benign generic merge 5 10%
Context-dependent 1 2%
Incorrect or overly broad merge 12 24%
Total 50  100%

Table 14: Manual audit of 50 entity pairs automatically
merged by the entity-alignment module. Each merge is
categorized according to whether the paired mentions
refer to the same underlying entity or whether the merge
may collapse semantically related but distinct entities.

this heuristic, we vary ¢ over {0.80, 0.85,0.90} on
the same N = 200 2WikiMultiHopQA validation
subset while keeping all other components fixed.

Increasing the threshold reduces the number of
automatic merges, from 0.565 merges per example
at 6 = 0.80 to 0.230 at 6 = 0.90. Performance
also varies across thresholds, indicating that entity
alignment is a meaningful design choice rather than
a completely insensitive preprocessing step. In this
controlled subset, § = 0.90 obtains the highest F1;
however, we do not interpret this as a universally
optimal value or retune the main experiments based
on this diagnostic result. Instead, the experiment
shows that overly permissive alignment can intro-
duce harmful merges and that the threshold should
be treated as a tunable heuristic.

Manual Audit of Entity Merges. To directly
characterize alignment errors, we manually inspect
50 mention pairs that were automatically merged by
the entity-alignment module. We classify each pair
into four categories: correct alias or surface-form
merges, benign generic merges, context-dependent
cases, and incorrect or overly broad merges.

Of the 50 inspected pairs, 32 (64%) correspond
to clear aliases or surface-form variants, and 5
(10%) are benign generic merges that do not ma-
terially alter the relevant reasoning path. One pair
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(2%) is context dependent, while 12 pairs (24%)
are judged to be incorrect or overly broad. Typical
successful cases include normalization of minor
naming variants, whereas failure cases often arise
when two entities are semantically close but not
identical.

These results clarify that entity alignment is use-
ful on average but remains an imperfect heuristic.
Incorrect merges can remove distinctions between
related entities and may propagate errors into later
graph operations. Developing uncertainty-aware
or relation-aware entity resolution is therefore an
important direction for future work.

B.5 Further Analysis of Model Size

To verify the generality of our GRAM framework
and its applicability across models of varying sizes,
we conduct comparative experiments utilizing the
Qwen (Yang et al., 2025) model family, specifi-
cally Qwen2.5-3B and Qwen3-4B, as alternative
base models. As shown in Figure 4, Qwen3-
4B consistently outperforms Qwen2.5-3B across
all four benchmarks, with improvements of 2.3,
5.8, 12.3, and 7.8 percentage points on TriviaQA,
HotpotQA, 2WikiMultiHopQA, and Musique, re-
spectively. The performance gap is particularly
pronounced on the more challenging multi-hop
reasoning benchmarks (2WikiMultiHopQA and
Musique), suggesting that a larger model capac-
ity provides a greater benefit when the task de-
mands complex compositional reasoning. Notably,
both models achieve competitive results under the
GRAM framework, demonstrating that GRAM is
not tailored to a specific model scale but gener-
alizes effectively across different parameter sizes.
However, we ultimately chose Qwen2.5-3B as the
base model because it is commonly used in most ex-
isting fine-tuning-based methods, ensuring fairness
by avoiding discrepancies arising from differences
in the capabilities of base models.

B.6 Cross-Family Generalization

As discussed in Section 4.2, we train GRAM on
LLaMA-3.2-3B-Instruct to validate cross-family
generalization. Here we provide additional imple-
mentation notes.

During LLaMA-based training, we observed in-
termittent format-compliance failures: the model
occasionally produced malformed outputs such
as unclosed XML tags that could not be fully
suppressed by the RL reward signal alone. This
contrasts with Qwen2.5-3B-Instruct, which exhib-
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Figure 4: Performance of our GRAM framework with
different sizes of base models.

ited near-perfect format adherence under the same
GRPO pipeline. The gap suggests that instruction-
following fidelity of the base model plays a non-
trivial role in RL training stability for structured
agentic tasks. As shown in Appendix B.7, incor-
porating an SFT warm-up stage prior to GRPO
substantially alleviates this issue and yields higher
final rewards, making it a promising strategy for ex-
tending GRAM to backbone families with weaker
instruction-following priors.

B.7 Training Dynamics

To provide insight into the training dynamics of
the GRAM agent, we present the training reward
and entropy loss curves under two initialization
strategies: (1) direct GRPO training from the pre-
trained Qwen2.5-3B-Instruct checkpoint, and (2)
GRPO training initialized from an SFT-warmed
checkpoint. The corresponding curves are shown
in Figure 5.

Reward Progression. As shown in Figures 5(b)
and 5(d), the training reward increases steadily un-
der both settings, confirming that the GRPO algo-
rithm effectively drives the agent toward higher-
quality trajectories. For the direct GRPO setting
(Figure 5(b)), the reward rises from approximately
0.2 to around 0.65 over 600 steps, with noticeable
fluctuations and a temporary dip near step 280,
suggesting that the agent undergoes exploration-
exploitation trade-offs during training. In contrast,
the SFT-initialized variant (Figure 5(d)) exhibits a
smoother and more consistent upward trend, climb-
ing from approximately 0.3 to around 0.8. This
indicates that SFT warm-up provides a stronger be-
havioral prior, enabling the RL phase to converge
more stably and reach a higher final reward.
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Entropy Loss. The entropy loss curves (Fig-
ures 5(a) and 5(c)) reflect the evolution of the pol-
icy’s action distribution during training. In the
direct GRPO setting (Figure 5(a)), the entropy loss
starts at a relatively high level, indicating substan-
tial exploration in the early phase, and gradually de-
creases to below 0.05 by the end of training, signify-
ing that the policy converges to more deterministic
action selections. For the SFT-initialized variant
(Figure 5(c)), the initial entropy is already consid-
erably lower, reflecting the narrower action distri-
bution inherited from the supervised fine-tuning
stage. It further decreases to below 0.01 over the
course of training. The order-of-magnitude differ-
ence in initial entropy between the two settings
confirms that SFT pre-training substantially con-
strains the policy’s exploration space, allowing RL
to focus on refining already well-structured behav-
iors rather than learning the basic action protocol
from scratch.

Implications of SFT Warm-up. The compari-
son between the two initialization strategies reveals
practical implications for training structured agen-
tic policies. The SFT-initialized variant achieves
higher final rewards with lower variance and faster
entropy convergence, suggesting that a supervised
warm-up phase can significantly accelerate RL
training for structured agentic tasks. This is
particularly relevant for backbone models that
struggle with format compliance under pure RL
(as observed with LLaMA-3.2-3B-Instruct in Ap-
pendix B.6): an SFT stage can establish reliable
adherence to the structured action format before
GRPO training begins, reducing the burden on the
RL phase. Nonetheless, the direct GRPO vari-
ant also converges successfully, validating the ro-
bustness of our reward formulation and training
pipeline. We view the exploration of SFT-then-
GRPO pipelines as a promising direction for ex-
tending GRAM to diverse backbone families.

Downstream Performance. To quantify the
downstream impact of SFT warm-up, we compare
the final evaluation results of both initialization
strategies on all four benchmarks, as shown in Ta-
ble 15. The SFT+GRPO variant consistently out-
performs direct GRPO across all datasets, with
particularly notable gains on 2WikiMultiHopQA
(+6.9%) and MuSiQue (+2.8%). These improve-
ments corroborate the training curve observations:
the stronger behavioral prior from SFT translates
directly into better task performance, especially

on complex multi-hop benchmarks where format
compliance and structured action sequencing are
critical.

Setting TriviaQA HotpotQA 2Wiki MuSiQue
Direct GRPO 0.792 0.637 0.528 0.316
SFT + GRPO 0.793 0.690 0.597 0.344

Table 15: Comparison of downstream F1 scores be-
tween direct GRPO and SFT+GRPO initialization strate-
gies (Qwen2.5-3B-Instruct).
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GRPO)
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Figure 5: Training curves of the GRAM agent
(Qwen2.5-3B-Instruct). The top row shows direct
GRPO training from the pre-trained checkpoint; the
bottom row shows GRPO training initialized from an
SFT-warmed checkpoint. Left: entropy loss; Right:
training reward (smoothed curve in bold, raw values in
light shade). The dashed line at 1.1 indicates the theo-
retical maximum reward.

C Case Study

C.1 Compressed Summary Memory Case

In this section, we analyze the reasoning behaviors
of the strongest baseline, Mem1-3B. We present
two representative cases: a successful retrieval-
augmented inference and a failure caused by “asso-
ciative drift” in noisy environments.

The contrast between the two cases reveals a
critical vulnerability in linear memory agents like
Meml.

¢ Success Condition: As is shown in Table 16,
although the retrieved text does not explicitly
state “Caroline LeRoy is married to Daniel
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Case Study: Successful Reasoning (Mem1)
Query: “Who is the child of Caroline LeRoy’s spouse?”

Context (Step 1): [Search Results] Title: Fletcher Webster. Content: Daniel Fletcher Webster ... was
the son of renowned politician Daniel Webster and Grace Fletcher Webster.

Agent: [Thought] Based on the information provided, the child of Caroline LeRoy’s spouse, Daniel
Webster, is Fletcher Webster. [Action] <answer> Fletcher Webster</answer>

Table 16: Case study of successful reasoning and accurate retrieval (Mem1).

Case Study: Reasoning Drift due to Noise (Mem1)
Query: “What league does the team that plays in Stadio Ciro Vigorito play for?”

Context (Step 1): [Search Results] Title: Stadio Giuseppe Grezar. Content: Stadio Giuseppe
Grezar ... was initially used as the stadium of U.S. Triestina Calcio matches.

Agent: [Thought] The information indicates Stadio Giuseppe Grezar ... was the stadium of U.S.
Triestina Calcio. ... I will search for this team’s league. [Action] <search> "U.S. Triestina
Calcio” current league</search>

Context (Step 2): [Search Results] Title: Piacenza Calcio 1919. Content: Piacenza Calcio ... play
their home matches at ... Stadio Leonardo Garilli.

Agent: [Thought] ... U.S. Triestina Calcio no longer plays at Stadio Ciro Vigorito ... it is now known
as Piacenza Calcio 1919 ... which is in Serie B. [Action] <answer> Serie B</answer> [Wrong]

Table 17: Case study of reasoning drift due to noise and hallucination (Mem1).

Webster,” the model uses its internal paramet-
ric knowledge to make the correct link. The
retrieved evidence (Fletcher is Daniel’s son)
is relevant and low-noise, allowing the rolling
summary to function correctly.

¢ Failure Mode (Associative Drift): Table 17
demonstrates the danger of unstructured sum-
marization. When the retrieval engine returns
a distractor document (about Stadio Giuseppe
Grezar) due to vector similarity or scarcity
of information, Mem1 indiscriminately incor-
porates this irrelevant entity into its working
memory. Lacking a structured topology to
verify if Stadio Giuseppe Grezar is an alias of
the target Stadio Ciro Vigorito, the agent treats
it as valid evidence. This triggers a chain re-
action: it pivots to investigating the wrong
team (Triestina Calcio) and eventually hallu-
cinates a relationship with a third unrelated
entity (Piacenza Calcio), drifting completely
away from the original question.

This failure highlights a characteristic vulnerability
of the Mem1 baseline, which operates by synthesiz-
ing externally retrieved evidence with its internal
parametric knowledge. The error in Case 2 sug-
gests that the model can become overconfident in

its internal associations when faced with noisy or
partial evidence. Instead of recognizing the mis-
match between the query (Stadio Ciro Vigorito) and
the retrieved document (Stadio Giuseppe Grezar),
the agent seemingly relied on hallucinated connec-
tions to bridge the gap. This indicates that within
a limited number of reasoning turns, the agent is
prone to “premature closure,” where it allows irrel-
evant context to trigger false internal priors rather
than seeking further verification.

C.2 Qualitative Case Studies of GRAM

In this section, we present two qualitative exam-
ples of GRAM’s reasoning process shown in Table
18 and Table 19. These cases illustrate how the
graph-structured memory acts as a symbolic fil-
ter, preventing the “associative drift” observed in
baseline models and enabling precise information
retention over long context streams.

Precision in Multi-hop Attribute Filtering This
example demonstrates GRAM’s ability to distin-
guish between entities that share high semantic
similarity (same songwriters) but differ in specific
topological relations (different albums).

Robustness to Distractors in Streaming In
streaming settings, the answer often appears early
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Case Study: Entity Disambiguation via Graph Structure (GRAM)

Query: “Which song from Taylor Swift’s ‘Red’ album was written by Swift, Max Martin, and
Shellback?”

Context (Step 1): [Doc 1] “Bad Blood” is a song from the album “1989”... written by Swift, Max
Martin, and Shellback.

Agent: [Thought] The document mentions “Bad Blood” has the correct writers, but it is linked to the
album “1989”, not “Red”. I will record this but keep looking. [Action] <memory_insert>“Bad
Blood” is from the album “1989” and written by Swift, Max Martin, and
Shellback.</memory_insert>

(Background Graph Update: (Bad Blood, is from album, 1989), (Bad Blood, written by,
Max Martin)...)

Context (Step 2): [Doc 2] “I Knew You Were Trouble” is a song... for her fourth studio album,
“Red”... written by Swift, Max Martin and Shellback.

Agent: [Thought] Found the matching song for the “Red” album with the correct writers. 1 will
insert this critical fact. [Action] <memory_insert>“I Knew You Were Trouble” is from the
album “Red” and written by Swift, Max Martin and Shellback.</memory_insert>
(Background Graph Update: (I Knew You Were Trouble, is from album, Red)...)

Context (Step 3): [System Prompt] Requesting final action based on updated memory.
Agent: [Thought] The graph clearly separates the writers’ work by album. The song from “Red” is
“I Knew You Were Trouble”. [Action] <answer>I Knew You Were Trouble</answer>

Analysis: A standard RAG model might be confused by the high keyword overlap between “Bad
Blood” and the query (both contain the target writers). GRAM, however, builds a structured represen-
tation where Bad Blood — 1989 and I Knew You Were Trouble — Red. By querying the graph
for nodes connected to both “Red” and the writers, GRAM precisely isolates the correct entity.

Table 18: Case study illustrating how GRAM uses structured graph memory to disambiguate entities with high
keyword overlap.
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in the stream, followed by numerous irrelevant “dis-
tractor” documents. This case shows GRAM’s abil-
ity to retain early facts in its graph memory without
being overwritten or confused by subsequent noise.

D Used Prompts
D.1 Agent System Prompt

Figure 6 presents the complete system prompt used
to define the behavior, strict action space, and rea-
soning constraints of the Agent.

D.2 Graph Operation Prompt

Figure 7 outlines the specialized prompts employed
for dynamic graph operations, guiding the agent
through robust entity extraction, strict graph main-
tenance, and standardized relation extraction.
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Case Study: Fact Retention amidst Noise (GRAM)
Query: “When did the Stadio Luigi Ferraris open?”

Context (Step 1): [Doc 1] Stadio Comunale Luigi Ferraris... opened in 1911... one of the oldest
stadiums in Italy.

Agent: [Thought] Found the exact opening year of the requested stadium. I will save this fact into
the memory graph. [Action] <memory_insert>Stadio Comunale Luigi Ferraris opened in
1911.</memory_insert>

(Background Graph Update: (Stadio Luigi Ferraris, opened in, 1911)...)

Context (Steps 2-4): [Docs 2-4] (Stream of distracting documents about “1989 Hockey East Tourna-
ment”, “Potgietersrus Rugby Stadium”, and “Stadium Arena (Norrkoping)”.)

Agent: [Thought] These documents contain distractors about other venues. I need to verify
my memory index to ensure I still have the correct opening year for Luigi Ferraris. [Action]
<memory_search>Stadio Luigi Ferraris opened</memory_search>

Context (Step 5): [Memory Search Results]: [Stadio Luigi Ferraris] —[opened in]-> [1911].
Agent: [Thought] The graph search confirms the specific opening year (1911) from the
earlier document is safely stored. The distracting stream has not overwritten it. [Action]
<answer>1911</answer>

Analysis: While linear memory models often suffer from “recency bias” or forget early information
when the context window fills up with distractors, GRAM’s symbolic storage is persistent. Once
the fact (Stadio Luigi Ferraris, 1911) is inserted into the graph, it remains strictly accessible
regardless of how many irrelevant documents follow, demonstrating superior robustness in long-
context streaming.

Table 19: Case study demonstrating GRAM’s ability to retain early facts over long reasoning trajectories despite
heavy noise.
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System Prompt

You are a Knowledge Graph Memory Agent answering complex questions by processing a sequen-
tial document stream.

Your task is to collect clues from the multi-turn document stream to maintain a knowledge graph.
At each step, you receive <memory_obs>. . .</memory_obs> (containing Search Results, Graph
Memory, and Progress Hint) and <document_obs>. . .</document_obs> (Current Document).

1. Perform concise reasoning within <think>...</think> to decide your action. Keep your
thoughts brief (max 3-5 sentences) and avoid repetitive checking.

2. Then you must choose exactly ONE of the following actions to update your observation:

e If <document_obs> contains any new relevant info for solving the question
(Any entity of the document that is shown in the question), you MUST use
<memory_insert>...</memory_insert> to add it to the knowledge graph. The con-
tent must be comprehensive and include all relevant clue sentences found in the text.

e If <document_obs> contains information that conflicts with, corrects, or up-
dates specific attributes of an entity ALREADY existing in <memory_obs>, use
<memory_update>. . .</memory_update> to modify the graph node or edge accordingly.

¢ If <document_obs> does NOT contain any relevant info AND <memory_obs> is NOT
empty, use <memory_search> to query the knowledge graph for missing connections.

* If all evidence has been collected within <memory_obs> (Search Results & Graph), and
there’s nothing to be added, don’t analyze the <document_obs>, just output the final answer
inside <answer>...</answer>. The answers must be concise, contain only essential
words, and avoid any explanations.

Important:

e If the document helps, <memory_insert> or <memory_update> is mandatory. Do not search
if you are holding a useful document, even if the document clues are partial.

e If current clues in <memory_obs> cannot answer the question completely, you cannot guess
the answer directly, you must try to insert new clues or search more evidence.

e <memory_obs> is your ONLY source of knowledge to answer the question, NOT
<document_obs> (unless you Insert/Update it first).

» Always follow this structure: <think>...</think><memory_insert>...</memory_insert>
OR <think>...</think><memory_update>...</memory_update> OR
<think>...</think><memory_search>...</memory_search> OR
<think>...</think><answer>...</answer>.

Figure 6: The System Prompt used for the Knowledge Graph Memory Agent.
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Entities Extraction Prompt

You are an expert Knowledge Graph extraction assistant. Output ONLY valid JSON lists. Do not
include markdown formatting, preambles, or explanations.

Your task is to identify all salient named entities (e.g., Persons, Locations, Organizations, Dates,
Events, and key Concepts) in the text below.

Guidelines:

1. Extract entities in their most specific and canonical form.

2. Resolve obvious pronouns to their exact referents if possible.

3. Ignore generic nouns, stop words, or overly long descriptive phrases.

Output ONLY a JSON list of strings. Example: ["Steve Jobs", "Apple Inc.", "April 1, 1976"]
Text: {{INPUT_TEXT}}

Insert Prompt (Graph Maintenance)

You are a strict Knowledge Graph maintenance assistant responsible for keeping the graph accurate
and up-to-date. Based on the new observation or correction text, identify how the existing
knowledge base should be modified.

Guidelines:

1. Identify obsolete, conflicting, or incorrect facts (triplets) that are explicitly invalidated by the
text and need to be REMOVED.

2. Identify new factual relationships introduced in the text that need to be ADDED.

3. Ensure all extracted triplets follow the ["subject”, "predicate”, "object"] format.

4. If the text only adds new information without contradicting past facts, the ‘remove’ array must
be left empty.

Correction Text: "{ { CORRECTION_TEXT}}"

Output ONLY a valid JSON object with this exact structure (No markdown):

{

"remove": [["subject”, "predicate”, "object"], ...],

"add": [["subject", "predicate", "object"], ...]

}
Update Prompt (Relation Extraction)

You are an expert Knowledge Graph relation extraction assistant. QOutput ONLY valid JSON lists.
Do not include markdown formatting or explanations.

{{CONTEXT_INSTRUCTION } }

Given the input text and a verified list of entities: {{LIST_OF_ENTITIES} }, your task is to extract
all factual, directed relationships between these specific entities.

Guidelines:

1. Formulate relationships as semantic triplets: ["subject”, "predicate”, "object"].

2. The "subject" and "object" MUST strictly be selected from the provided LIST_OF_ENTITIES.
Do not hallucinate new entities.

3. The "predicate" should be a concise, standardized, and lowercase relation type (e.g., "founder
of", "located in", "released on").

Output ONLY a JSON list of triplets: [["subject”, "predicate”, "object"], ...]

Text: {{INPUT_TEXT}}

Figure 7: Detailed prompts used by the GRAM agent for robust Entity Extraction, Graph Maintenance (Insert/Cor-
rect), and Relation Extraction (Update).
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