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Abstract

Although existing multi-agent Retrieval-
Augmented Generation (RAG) systems
have demonstrated promise on complex
multimodal reasoning tasks, they remain
fundamentally limited in reasoning depth and
memory structure, suffering from inadequate
retrieval and state blindness when answering
knowledge-intensive questions. To address
these limitations, we propose GraMRAG, a
graph memory-guided multi-agent RAG frame-
work that integrates a dynamic multimodal
memory graph to enable stable, multi-step
multimodal reasoning. We introduce a vision-
text bridged reasoning paradigm that unifies
multi-scale entity cropping with a ReAct-style
visual toolchain, enhancing the long-horizon
cross-modal reasoning capability. We further
construct a multimodal memory graph that
formalizes agent reasoning as a dynamic
directed acyclic graph (DAG), explicitly
modeling action-observation dependencies
to mitigate state blindness and suppress
redundant retrieval. Moreover, we propose
Topology-Aware Policy Optimization (TAPO)
that leverages graph topology for critical
path identification and targeted node pruning,
enabling fine-grained credit assignment across
multi-step reasoning trajectories. Extensive
experiments on challenging multimodal
benchmarks demonstrate that our approach
consistently outperforms existing baselines
and achieves state-of-the-art performance on
complex long-horizon reasoning tasks.

1 Introduction

“Never memorize something that you can look up.”

— Albert Einstein

Retrieval-Augmented Generation (RAG) ex-
tends the knowledge boundaries of Multimodal
Large Language Models (MLLMs) by retriev-
ing relevant information from external knowledge

†Corresponding author.

Figure 1: Comparison between our GraMRAG and ex-
isting multi-agent RAG systems.

bases (Wang, 2026; Fan et al., 2026; Hu et al.,
2026). Recent advances in MLLMs have convinc-
ingly demonstrated that multimodal agentic RAG
systems are capable of efficient retrieval and reason-
ing over large-scale corpora comprising interleaved
textual and visual content (Zhang et al., 2026; Guan
et al., 2025). MLLM-based multi-agent architec-
tures, leveraging specialized collaboration among
components, exhibit superior performance over
single-agent frameworks on complex multimodal
RAG tasks (Zhou et al., 2026; Chang et al., 2025;
Xu et al., 2025b).

However, existing multi-agent RAG systems
face three key limitations. First, the average num-
ber of retrieval rounds in current systems remains
limited, predisposing agents to prematurely ter-
minate exploration and settle for partially avail-
able evidence on complex tasks (Jiang et al., 2025;
Wu et al., 2025a; Team et al., 2025). This funda-
mentally impedes the transfer of the long-horizon
planning capability from text-based deep research
to multimodal scenarios, rendering these systems
inadequate for tens of iterative reasoning steps
demanded by real-world deep research. Second,
prevailing linear or iterative summarization-based
memory structures (Yao et al., 2022; Zhou et al.,
2025; Xu et al., 2025a; Wu et al., 2025b), lack-
ing explicit modeling of agent reasoning states, are
prone to context expands and state blindness as
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interaction rounds accumulate, resulting in repet-
itive queries and redundant retrieval in multi-hop
tasks. Third, conventional outcome-based sparse
rewards coarsely propagate terminal-state signals
across entire trajectories (Huang et al., 2026; Zhou
et al., 2025), causing effective retrieval steps to be
erroneously penalized in negative samples while
redundant operations are undeservedly rewarded in
positive ones, preventing fine-grained credit assign-
ment across multi-step reasoning.

To address the mentioned limitations, we pro-
pose GraMRAG, a novel graph memory-guided
multi-agent RAG framework. First, to bridge the
long-horizon reasoning gap, we introduce a vision-
text bridged reasoning paradigm that orchestrates
multi-scale entity cropping with a ReAct-style vi-
sual toolchain, seamlessly transferring the itera-
tive planning capability of text-only deep research
models into the multimodal domain to enable long-
horizon cross-modal reasoning trajectories. Sec-
ond, to overcome state blindness and context ex-
pansion in linear memory paradigms, we construct
a multimodal memory graph that formalizes the
reasoning process as a dynamic directed acyclic
graph (DAG), explicitly encoding agent actions
and multimodal observations with their temporal
and logical dependencies to mitigate redundant re-
trieval and state blindness. Third, to tackle the
credit assignment problem from coarse terminal
rewards, we introduce a Topology-Aware Policy
Optimization (TAPO) algorithm that leverages the
graph topology to identify critical reasoning paths
and perform targeted node pruning, precisely mask-
ing false positive and false negative nodes during
policy updates to enable fine-grained credit assign-
ment across multi-step reasoning.

Our contributions are summarized as follows:

• We introduce a vision-text bridged reasoning
paradigm that unifies multi-scale entity crop-
ping with a ReAct-style visual toolchain, en-
abling long-horizon cross-modal reasoning.

• We construct a multimodal memory graph that
formalizes agent reasoning as a dynamic DAG
to systematically mitigate state blindness and
redundant retrieval.

• We develop a TAPO algorithm leveraging
graph topology for critical path identification
and node pruning, enabling fine-grained credit
assignment across multi-step reasoning.

• We conduct extensive experiments on chal-
lenging multimodal benchmarks to evaluate
our approach, demonstrating state-of-the-art
performance over existing baselines.

2 Related Work

2.1 Multi-Agent Systems in Multimodal RAG

Multi-agent systems have demonstrated promise
on complex multimodal reasoning tasks (Wang and
Liu, 2026; Dong et al., 2026; Li et al., 2026; Xinjie
et al., 2025; Zhang et al., 2025a). By deploying
multiple specialized agents that each focus on dis-
tinct facets of a problem, these architectures enable
collaborative problem-solving that surpasses the
capabilities of single-agent frameworks (Ni and
Ye, 2026; Sinha et al., 2026; Siingh et al., 2025).
However, existing multi-agent RAG systems con-
duct insufficient retrieval rounds, causing agents
to prematurely terminate exploration on complex
tasks (Geng et al., 2025; Narayan et al., 2025).
Such shallow reasoning trajectories are fundamen-
tally insufficient for demanding deep research sce-
narios that require tens of iterative reasoning steps.
To address this challenge, we introduce a vision-
text bridged reasoning paradigm integrating multi-
scale entity cropping with a visual toolchain, us-
ing image descriptions as a cross-modal bridge to
enable long-horizon planning in the multimodal
domain.

2.2 Memory Structures of Agent Systems

The memory architectures of existing agent
systems can broadly be categorized into two
paradigms (Zhang et al., 2025b; Ye et al., 2025):
the history accumulation paradigm, exemplified by
ReAct (Yao et al., 2022), which linearly concate-
nates all interaction records, and the iterative sum-
marization paradigm, exemplified by Mem1 (Zhou
et al., 2025), which controls context length by
compressing observations. However, as the num-
ber of interaction rounds grows, both paradigms
cause agents to progressively lose track of histor-
ical retrieval paths, a phenomenon we term state
blindness, which in turn induces redundant queries
and repetitive retrieval in multi-hop tasks. To ad-
dress this issue, we construct a multimodal memory
graph that formalizes the reasoning process as a dy-
namic DAG, explicitly encoding the temporal and
logical dependencies between actions and observa-
tions, thereby effectively mitigating state blindness
and redundant retrieval.



Figure 2: Overview of the GraMRAG framework.

3 Method

3.1 Vision-Text Bridged Reasoning Paradigm
Multi-Scale Visual Entity Grounding. Given
an input image I , a user query q, and a visual in-
duction prompt pv, the Visual Explorer performs
hierarchical region proposal generation at each rea-
soning step t. Rather than submitting the full im-
age as a single retrieval unit, which is prone to
failure under background noise interference, the
Visual Explorer simultaneously generates coarse-
level contextual regions and fine-grained entity-
level patches, forming a candidate bounding-box
set Bt = {b1t , b2t , . . . , b

Nt
t }, where each bit repre-

sents a region crop at a distinct spatial scale or en-
tity granularity, and Nt denotes the number of pro-
posals at step t. This candidate set induces a visual
retrieval action Av

t = VSearch(Bt), which is pro-
cessed sequentially by a two-stage visual toolchain:
an image search module that matches each cropped
region against a web-scale index and returns can-
didate URLs and a webpage retrieval module that
fetches page content in structured markdown for-
mat. The observation obtained at step t is denoted:

Ov
t = VisChain(Av

t ) (1)

Upon completing the current step, the Visual Ex-
plorer applies the induction prompt pv again to

generate the next search context, producing the
visual reasoning trajectory:

τvis = {I, q, pv, R1, A
v
1, O

v
1 ,

. . . , pv, RTv , A
v
Tv
, Ov

Tv
}

(2)

where Rt denotes the chain-of-thought reasoning
generated prior to action Av

t , and Tv is the total
number of visual retrieval steps.

Following each visual retrieval action, an inde-
pendent Hit/No Hit Judge evaluates the observation
Ov

t obtained at the current step, conditioned on the
original image I and query q, outputs a binary ac-
ceptance signal:

st = Judge(I, q, Ov
t ) ∈ {0, 1} (3)

When st = 1 (Hit), the retrieval is considered suc-
cessful, meaning the retrieved content is semanti-
cally consistent with the query entity, and Ov

t is
added into the accumulated valid evidence pool:

Ev = {Ov
t | st = 1, t = 1, . . . , Tv} (4)

When st = 0 (No Hit), the retrieval is considered
unsuccessful, triggering the Visual Explorer to re-
crop at a finer spatial granularity or to reformulate
the search query before initiating a new retrieval
attempt. The visual exploration phase terminates



when |Ev| reaches a predefined sufficiency thresh-
old or when the total step count reaches Tv. Decou-
pling the Hit/No Hit judgment from the main agents
and assigning it to an independent judge achieves a
clean separation between exploration strategy and
evidence evaluation, enhancing the robustness of
the multi-scale iterative retrieval process.

Modality Bridging and Textual Reasoning. To
transfer the evidence accumulated during the vi-
sual exploration phase into the textual reasoning
domain, we introduce a modality bridging step. A
captioning module first generates a comprehensive
textual descriptionD of the input image I , covering
key entities, spatial relationships, and scene-level
semantics. The visual trajectory τvis is then trans-
formed into a bridged context: I is replaced by D,
all visual induction prompts pv are removed, while
all chain-of-thought reasoning Rt, actions Av

t , and
judge-verified observations (i.e., entries in Ev) are
preserved. The bridged context is forwarded to the
Text Researcher, a deep research LLM equipped
with web search tools, which generates the subse-
quent textual reasoning trajectory:

τtext = {D, q, R1, A
v
1, O

v
1 , . . . , RTv , A

v
Tv
,

Ov
Tv
, RTv+1, A

t
Tv+1, O

t
Tv+1,

. . . , RTv+Tt , A
t
Tv+Tt

} (5)

where Tt denotes the number of textual reasoning
steps executed by the Text Researcher.

Evidence Aggregation and Complete Trajec-
tory Construction. The Evidence Validator ag-
gregates and verifies the complete collection of
evidence produced across both reasoning phases.
Taking as input all judge-verified visual observa-
tions in Ev and the textual reasoning trajectory τtext
produced by the Text Researcher, the Evidence Val-
idator performs a cross-modal reasoning pass to
resolve evidence conflicts, filter hallucinated con-
tent, and generate the final answer aout. By ground-
ing its reasoning in the graph-structured memory
rather than a flattened context window, the Evi-
dence Validator avoids the state-blindness inherent
in linear memory paradigms, ensuring that the com-
plete body of evidence across both modalities is
faithfully incorporated into the final answer. The
complete multimodal deep research trajectory is

obtained by merging τvis and τtext:

τ = {I, q, R1, A
v
1, O

v
1 , . . . , RTv , A

v
Tv
,

Ov
Tv
, RTv+1, A

t
Tv+1, O

t
Tv+1,

. . . , RTv+Tt , A
t
Tv+Tt

, aout} (6)

3.2 Multimodal Memory Graph

We construct a multimodal memory graph Gt =
(Vt, Et) that formalizes the multi-agent reasoning
process as a dynamic DAG. This graph explicitly
encodes action-observation dependencies across
both the visual retrieval and textual research phases
via a topological structure, fundamentally mitigat-
ing the state blindness inherent in linear memory
paradigms and providing the structured foundation
required by the TAPO algorithm. As illustrated in
Figure 2(b), the memory graph evolves incremen-
tally throughout reasoning, faithfully recording the
exploration trajectory of each agent through node
insertions and edge connections at each step.

Node Schema and Modality Classification.
Each node ni ∈ Vt encodes a discrete reasoning
unit as a typed quadruple:

ni ≜
(
µi, κi, σi, νi

)
(7)

where µi ∈ {nroot, nvis, nbrd, ntxt, nans} is the
modality type tag; κi is the search query or action
descriptor driving the creation of this node; σi is a
concise textual summary of retrieved or generated
content; and νi is the visual feature bank, popu-
lated only for nvis-type nodes and set to empty for
all other types. Five node types constitute the full
reasoning pipeline. The root node (nroot) is initial-
ized with user query q and input image I , serving
as the global anchor of the reasoning graph and
permanently residing in Vt. Visual nodes (nvis) are
spawned by the Visual Explorer at each retrieval
step t ∈ [1, Tv], storing the Hit/No Hit judgment
and the corresponding evidence summary, with νi
preserving multimodal content from matched web
pages. The bridge node (nbrd) is a singleton node
representing the modality bridging step, storing
image description D as the semantic interface be-
tween the two reasoning phases. Text nodes (ntxt)
are spawned by the Text Researcher at each re-
trieval step t ∈ [Tv + 1, Tv + Tt], storing web-
retrieved textual evidence summaries. The answer
node (nans) is spawned by the Evidence Valida-
tor, storing the final generated answer aout, whose
insertion marks the termination of the reasoning



Figure 3: Inference pipeline of the GraMRAG framework.

process. The edge set Et connects temporally adja-
cent nodes , encoding the sequential dependency
of the reasoning flow.

Iterative Graph Expansion Protocol. The mem-
ory graph Gt evolves through sequential node in-
sertions jointly driven by the three main agents
and the Hit/No Hit Judge. The expansion protocol
consists of four phases as follows. During visual
expansion (t ∈ [1, Tv]), the Visual Explorer exe-
cutes retrieval action Av

t = VSearch(Bt) and the
Hit/No Hit Judge outputs binary signal st; a vi-
sual node nt = (nvis, κt, σt, νt) is then inserted,
where σt encodes the evidence summary along-
side the st judgment, νt preserves visual content
from matched web pages, and a sequential edge
(nt−1, nt) connects it to its predecessor. During
modality bridging, upon termination of the visual
phase, the bridge node nbrd = (nbrd, ∅, D, ∅)
is inserted and connected to the final visual node
via the cross-modal bridge edge (nTv , nbrd), com-
pleting the semantic context transition from the
visual to the textual domain. During textual ex-
pansion (t ∈ [Tv + 1, Tv + Tt]), the Text Re-
searcher executes web retrieval actions; text nodes
nt = (ntxt, κt, σt, ∅) are inserted with sequential
edges, and the bridge node is connected to the first
text node via edge (nbrd, nTv+1), fully closing the
cross-modal transition path. During answer gener-
ation, once the Evidence Validator determines that
the accumulated evidence is sufficient, it inserts
the answer node nans = (nans, ∅, aout, ∅) and
the reasoning process terminates. Upon comple-
tion of all four phases, the memory graph captures
the complete multimodal reasoning trajectory as a
structured DAG rather than compressing it into a
one-dimensional sequence, thereby enabling each
agent to efficiently query the full historical reason-
ing state and simultaneously providing the topo-
logical backbone required for fine-grained credit
assignment in the reinforcement learning phase.

3.3 Topology-Aware Policy Optimization
As illustrated in Figure 4, we propose Topology-
Aware Policy Optimization (TAPO) to address the
systematic credit assignment problem in sparse re-
ward reinforcement learning training, leveraging
the topological structure of the memory graph to
perform selective gradient masking that simultane-
ously rectifies both forms of bias across positive
and negative trajectories with step-level precision.

Graph-Structured Trajectory Decomposition.
We ground the reinforcement learning framework
in the memory graph structure defined in Sec-
tion 3.2. At each reasoning step t, the policy model
πθ receives the graph-serialized context:

Ct = {ssys, q, Ht} (8)

where ssys is the system instruction and Ht =
Serialize(Gt−1) is the graph-linearized memory
context. The policy model produces an reasoning
segment that corresponds precisely to the construc-
tion of a single memory graph node nt:

st = (Ct, ζt, At, Ot) −→ nt (9)

where ζt denotes the chain-of-thought reasoning
preceding action At, and Ot is the environmen-
tal observation returned by the external tools.
The terminal segment takes the form sans =
(Cans, ζans, aout). A complete rollout trajectory
decomposes into an ordered sequence of segments
Ψ = {s1, s2, . . . , sTv+Tt , sans}. This node-
based decomposition establishes a direct structural
correspondence between policy gradient signals
and graph topology: each gradient signal maps pre-
cisely to a specific graph node, providing the basis
for the topology-driven credit assignment.

Topology-Driven Credit Assignment. For each
rollout, we assign a binary outcome reward r ∈
{0, 1} based on whether aout matches the ground-
truth answer atrue. We then exploit the DAG topol-
ogy of GT to perform targeted gradient masking



Figure 4: Overview of Topology-Aware Policy Optimization.

under two distinct scenarios as illustrated in Fig-
ure 4(b). Given a correct rollout (r = 1), we iden-
tify the critical reasoning path ρ∗ by traversing GT

backwards from nans to nroot along the directed
edges. Nodes absent from ρ∗ constitute topological
dead ends, namely exploratory steps that contribute
no causal evidence to the correct answer. Propagat-
ing positive reward signals to these nodes would
erroneously reinforce aimless exploration, so we
suppress their gradient contributions. Given an in-
correct rollout (r = 0), we identify the set of epis-
temically valuable nodes Nval ⊆ VT . For nvis-type
nodes, a node nt is designated as valuable when the
Hit judgment st stored within σt records st = 1,
confirming that the visual retrieval successfully lo-
cated semantically relevant content. For ntxt-type
nodes, a dedicated relevance evaluator further deter-
mines whether the textual evidence retrieved at step
t is directly relevant to the query. Excluding Nval

from the negative policy gradient update prevents
the model from being penalized from performing
demonstrably productive retrievals on trajectories
that ultimately fail due to shortcomings in other
reasoning steps.

Integrating both scenarios, we define the gradi-
ent mask ψt ∈ {0, 1} for segment st as:

ψt = I(r = 1)·I(nt /∈ ρ∗)+I(r = 0)·I(nt ∈ Nval)
(10)

where I(·) is the indicator function; ψt = 1 sup-
presses the gradient contribution of segment st dur-
ing the policy update, while ψt = 0 permits normal
gradient update. The TAPO objective is defined as:

JTAPO(θ) = E

 1∑G
g=1 ng

G∑
g=1

ng∑
i=1

(1− ψg,i)

·Lclip

(
ωg,i(θ), Âg,i

)
− β ·KL[πθ ∥πref ]

]
(11)

where ωg,i(θ) is the probability ratio of segment
s
(i)
g under the current and old policies; ng denotes

the number of segments in the g-th rollout. The
(1 − ψg,i) factor selectively gates gradient contri-
butions based on the topological analysis of the
memory graph: in positive trajectories, topological
dead-end steps are masked to prevent their gra-
dients from reinforcing redundant exploration; in
negative trajectories, valuable retrieval steps are
masked to prevent their gradients from penalizing
effective retrieval behavior. Through this design,
TAPO achieves precise step-level credit assignment
across the entire multi-step reasoning trajectory,
significantly outperforming conventional sparse-
reward methods that rely solely on terminal out-
come signals.

4 Experiments

4.1 Datasets and Evaluation Metrics
We evaluate GraMRAG on a comprehensive set of
benchmarks covering diverse task categories: gen-
eral text benchmarks including HotpotQA (Yang
et al., 2018) and SQuAD (Rajpurkar et al., 2016);
image and visual document benchmarks including
ViDoSeek (Wang et al., 2025a), SlideVQA (Tanaka
et al., 2023) and MMLongBench (Ma et al., 2024);
large-scale long-context video corpus benchmarks
including LVBench (Wang et al., 2025b), Wiki-
HowQA and SyntheticQA (Jeong et al., 2025), and
XVBench (Wang et al., 2026). We employ a unified
binary model-based metric (0 or 1) across all tasks,
where a reward model performs semantic matching
between the generated and reference answers to
ensure consistent and fair evaluation.

4.2 Implementation Details
We conduct experiments using Qwen3-VL-4B-
Instruct and Qwen3-VL-8B-Instruct (Bai et al.,



Method General Text Image & Visual Document Large-Scale Long-Context Video Corpus OverallHotpotQA SQuAD ViDoSeek SlideVQA MMLongBench LVBench WikiHowQA SyntheticQA XVBench

Qwen3-VL-4B-Instruct

ReAct 62.8 63.9 40.7 45.8 13.4 13.0 13.2 29.1 22.5 33.8
Vanilla RAG 62.4 63.2 44.9 43.4 14.9 12.8 12.1 33.7 27.1 34.9
UniversalRAG 51.7 65.3 40.3 14.6 5.2 14.9 3.8 22.9 6.9 25.1
VideoRAG 56.4 63.1 41.5 34.9 16.0 18.1 20.5 44.3 28.3 35.9
MemAgent 66.2 70.3 46.4 42.7 10.9 20.1 20.2 33.4 23.7 37.1
Mem1 70.9 66.2 45.4 50.7 26.5 17.8 13.0 41.8 30.8 40.3
VimRAG 75.7 74.0 48.3 52.9 28.3 23.5 21.5 52.4 33.5 45.6
GraMRAG 78.4 77.1 51.2 55.6 30.8 26.0 24.1 57.3 36.0 48.5

Qwen3-VL-8B-Instruct

ReAct 70.7 64.7 41.3 50.4 14.7 15.8 21.7 34.2 25.1 37.6
Vanilla RAG 63.4 65.3 47.0 49.0 17.4 15.6 14.8 37.7 29.7 37.8
UniversalRAG 56.3 66.7 45.2 16.9 6.9 20.4 10.7 24.0 8.7 28.4
VideoRAG 62.5 62.3 43.1 36.0 19.3 23.8 27.1 48.6 32.1 39.4
MemAgent 72.3 74.1 48.1 44.8 13.5 23.0 23.4 36.8 28.3 40.5
Mem1 71.5 68.6 44.2 57.0 34.0 22.5 20.8 44.0 31.4 43.8
VimRAG 78.6 76.6 53.3 63.1 34.7 23.2 29.0 54.5 37.7 50.1
GraMRAG 81.3 79.8 56.1 66.4 38.5 26.2 33.4 59.0 41.2 53.5

Table 1: Performance comparison across different benchmarks.

2025) as the agent backbones. We use Qwen3-
Max (Yang et al., 2025) as the reward model to
evaluate the quality and relevance of generated re-
sponses. Training is divided into two stages. In
the SFT stage, we employ LlamaFactory (Zheng
et al., 2024) with LoRA (Hu et al., 2022) of rank
32 to fine-tune the language model while keeping
the vision tower and multimodal projector frozen.
Training spans 3 epochs with a batch size of 8 and
gradient accumulation steps of 8, a learning rate of
1.0e-4, and a cosine learning rate scheduler. In the
RL stage, we use rLLM (Tan et al., 2025) with the
TAPO objective, an actor learning rate of 1.0e-6,
a total of 2 training epochs, 8 agent groups, and a
batch size of 32. All experiments are conducted on
8 NVIDIA H100 GPUs.

4.3 Comparison with State-of-the-Art
Methods

We compare GraMRAG against representative
baselines: ReAct (Yao et al., 2022) iteratively in-
vokes external retrieval tools in a think-then-act
paradigm; Vanilla RAG uses the original question
as a query and performs direct MLLM inference
over retrieved results; UniversalRAG (Yeo et al.,
2025) formulates cross-modal retrieval as a unified
routing problem; VideoRAG (Jeong et al., 2025) ex-
tracts significant visual information via key-frame
selection; MemAgent (Yu et al., 2025) manages
context by sequentially feeding search results to the
model; Mem1 (Zhou et al., 2025) dynamically com-
presses agent memory through a cyclical retrieval-
then-memorization process; and VimRAG (Wang
et al., 2026) models reasoning process to manage
large-scale multimodal contexts.

As presented in Table 1, linear history accumula-

Reasoning Horizon Memory Paradigm Policy Optimization AccStandard Long Iterative Graph GRPO TAPO

✓ ✓ 43.8
✓ ✓ 44.2
✓ ✓ 47.5
✓ ✓ ✓ 49.3
✓ ✓ ✓ 53.5

Table 2: Ablation study across all benchmarks.

tion paradigms such as ReAct rapidly exhaust the
context window under the heavy token overhead of
visual data; task-specific methods including Vide-
oRAG and UniversalRAG exhibit limited gener-
alizability due to fixed inference pipelines; and
summarization-based memory paradigms such as
MemAgent and Mem1, lacking explicit modeling
of agent reasoning states, progressively lose track
of historical retrieval paths as interaction rounds
accumulate; and VimRAG models the reasoning
process but lacks long-horizon reasoning capability.
Our GraMRAG achieves consistently state-of-the-
art performance across all benchmarks, achieving
overall average scores of 48.5% and 53.5% un-
der the Qwen3-VL-4B-Instruct and Qwen3-VL-
8B-Instruct settings respectively, validating the ef-
fectiveness of formalizing the multi-step reason-
ing process as a dynamic DAG with topology-
driven fine-grained credit assignment for multi-
modal knowledge-intensive reasoning tasks.

4.4 Ablation Study

To validate the contribution of each component in
GraMRAG, we conduct ablation studies across all
benchmarks. As shown in Table 2, the three com-
ponents exhibit clear progressive complementarity:
long-horizon reasoning enables sustained multi-
round retrieval across extended cross-modal rea-



Figure 5: Analysis of retrieval performance.

soning trajectories; the multimodal memory graph
demonstrates that formalizing reasoning as a dy-
namic DAG effectively mitigates state blindness
and suppresses redundant retrieval; and replacing
the standard sparse-reward method Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
with TAPO delivers a further improvement, directly
confirming the critical role of topology-guided
credit assignment in fine-grained policy optimiza-
tion. The complete model achieves an average
score of 53.5%, an improvement of over 9 points
above the baseline, comprehensively validating the
necessity and complementarity of each component.

5 Analysis and Discussion

Retrieval quality depends on reasoning depth.
High-quality answer generation in complex multi-
modal tasks depends on sustaining precise multi-
round retrieval across a long reasoning horizon.
Traditional memory paradigms cause agents to pro-
gressively lose track of historical retrieval paths
and accumulate redundant searches that severely
constrain effective reasoning depth. GraMRAG
addresses this by transferring the iterative plan-
ning capability into the multimodal domain via the
vision-text bridged reasoning paradigm, supporting
trajectories spanning tens of steps; the multimodal
memory graph further encodes action-observation
dependencies explicitly, directing each retrieval at-
tempt precisely toward unexplored evidence space.
As shown in Figure 5, this design yields substan-
tially higher hit rate across all three task categories,
directly validating the decisive role of long-horizon
reasoning depth in determining retrieval quality.

Graph memory mitigates state blindness.
The dynamic DAG representation of the multi-
modal memory graph explicitly encodes action-
observation dependencies as directed edges, en-
abling each agent to efficiently access the com-
plete historical reasoning trajectory and effectively

Figure 6: Analysis of training efficiency.

mitigating state blindness. As shown in Table 2,
replacing iterative summarization-based memory
with the multimodal memory graph yields a 3.3-
point performance improvement, validating that
the multimodal memory graph effectively mitigates
state blindness and suppresses redundant retrieval,
confirming the necessity of structured memory in
long-horizon multimodal reasoning.

Graph pruning accelerates training conver-
gence. As demonstrated in Figure 6, TAPO
achieves faster convergence throughout training
compared to the baseline Group Sequence Policy
Optimization (GSPO) (Zheng et al., 2025), indi-
cating that topology-guided graph pruning drives
the model toward faster convergence by supplying
cleaner credit assignment signals. This yields two
critical insights into agentic reinforcement learning:
first, optimization stability fundamentally depends
on ensuring correct positive gradient signals while
eliminating ambiguous updates from negative tra-
jectories; second, the quality of rollout samples,
specifically their preference alignment, is more de-
cisive for performance than simply scaling up the
training set. By simultaneously masking dead-end
nodes in positive trajectories and preserving valu-
able nodes in negative ones, TAPO achieves fine-
grained step-level credit assignment rather than
coarse terminal-reward-level optimization.

6 Conclusion

In this paper, we introduce GraMRAG, a novel
graph memory-guided multi-agent RAG frame-
work for complex multimodal long-horizon reason-
ing tasks. Our approach integrates three key innova-
tions: a vision-text bridged reasoning paradigm that
unifies multi-scale entity cropping with a ReAct-
style visual toolchain for long-horizon cross-modal
reasoning; multimodal memory graph construction
that formalizes agent reasoning as a dynamic di-
rected acyclic graph (DAG) to fundamentally mit-



igate state blindness and suppress redundant re-
trieval; and Topology-Aware Policy Optimization
(TAPO) algorithm that leverages graph topology
for fine-grained credit assignment across multi-step
reasoning trajectories. Extensive experiments on di-
verse multimodal benchmarks demonstrate that our
method consistently outperforms existing baselines
and achieves state-of-the-art performance. Future
work will investigate the scalability of the proposed
framework to larger architectures and broader mul-
timodal scenarios.

7 Limitations

Although GraMRAG achieves significant perfor-
mance improvements on complex multimodal
multi-step reasoning tasks, the multi-agent collabo-
ration framework introduces some inference over-
head compared to traditional RAG approaches. No-
tably, such a trade-off is generally acceptable in
deep research scenarios where users prioritize rea-
soning accuracy over response speed. Neverthe-
less, it may hinder direct deployment in resource-
constrained environments. Therefore, optimizing
the interaction strategy among agents and design-
ing more efficient lightweight graph memory mech-
anisms constitute key directions for future work.
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