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Abstract

The ability to perform multi-modal multi-hop reasoning by
iteratively integrating information across various modalities
and external knowledge is critical for addressing complex
real-world challenges. However, existing Multi-modal Large
Language Models (MLLMs) are predominantly limited to
single-step reasoning, as existing benchmarks lack the com-
plexity needed to evaluate and drive multi-hop abilities. To
bridge this gap, we introduce MMhops, a novel, large-
scale benchmark designed to systematically evaluate and fos-
ter multi-modal multi-hop reasoning. MMhops dataset com-
prises two challenging task formats, Bridging and Compar-
ison, which necessitate that models dynamically construct
complex reasoning chains by integrating external knowledge.
To tackle the challenges posed by MMhops, we propose
MMhops-R1, a novel multi-modal Retrieval-Augmented
Generation (MRAG) framework for dynamic reasoning. Our
framework utilizes reinforcement learning to optimize the
model for autonomously planning reasoning paths, formu-
lating targeted queries, and synthesizing multi-level informa-
tion. Comprehensive experiments demonstrate that MMhops-
R1 significantly outperforms strong baselines on MMhops,
highlighting that dynamic planning and multi-modal knowl-
edge integration are crucial for complex reasoning. Moreover,
MMhops-R1 demonstrates strong generalization to tasks re-
quiring fixed-hop reasoning, underscoring the robustness of
our dynamic planning approach.

Code — https://github.com/taoszhang/MMhops-R1

Introduction

With continuous advancement in reasoning capabilities,
Large Language Models (LLMs) like OpenAI’s ol (Jaech
et al. 2024), DeepSeek-R1 (Guo et al. 2025), and Kimi-k1.5
(Team et al. 2025) demonstrate strong performance in com-
plex problem-solving by extending chain-of-thought rea-
soning during inference. Multimodal large language mod-
els (MLLMs), by inheriting the reasoning abilities or adopt-
ing similar training paradigms, achieve significant progress
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Figure 1: Comparison of reasoning types. (A) Previous KB-
VQA: Single-step visual recognition followed by knowl-
edge retrieval. (B1) Bridging reasoning: Multi-step sequen-
tial inference on a single image. (Bs) Comparison reasoning:
Cross-image entity identification and comparative analysis.

in integrating visual understanding and language reason-
ing (Xu et al. 2024; Peng et al. 2025; Zhang et al. 2025;
Zheng et al. 2025). However, current multimodal reasoning
research primarily focuses on stimulating intrinsic model ca-
pabilities, such as spatial reasoning (Zhou et al. 2025), ob-
ject detection (Chen et al. 2025a; Liu et al. 2025), and math-
ematical reasoning (Meng et al. 2025; Leng et al. 2025). By
contrast, complex real-world problems typically require the
integration of multimodal reasoning with external knowl-
edge retrieval through multi-turn interactions, enabling mul-
timodal multi-hop reasoning. For example, Figure 1(B;) re-
quires the model to extract information from the image, re-
trieve relevant external knowledge, and perform multi-step
reasoning to reach the answer. Figure 1(B2) requires identi-
fying entities across multiple images, retrieving correspond-
ing knowledge, and conducting quantitative reasoning.
Despite progress, existing Visual Question Answering



(VQA) datasets remain insufficient for multimodal multi-
hop reasoning. Current datasets are limited in both visual
and textual reasoning depth: standard VQA datasets typi-
cally require only single-step visual understanding (Goyal
et al. 2017; Hudson and Manning 2019; Singh et al. 2019),
while several knowledge-based VQA datasets (Marino et al.
2019; Schwenk et al. 2022; Lerner et al. 2022; Chen et al.
2023) introduce external knowledge retrieval to increase
complexity. However, as shown in Figure 1(A), models usu-
ally use one step of visual recognition and one step of text
retrieval to answer, without constructing complex reason-
ing chains. E-VQA (Mensink et al. 2023) extends questions
to two-hop reasoning, but this extension remains restricted
to the textual domain and features a fixed reasoning path
length, lacking multimodal integration and diverse reason-
ing types. These limitations make existing datasets inade-
quate for effectively supporting model training and evalua-
tion in complex multimodal multi-hop reasoning tasks.

Based on these challenges, we propose MMhops, a novel
large-scale Multimodal Multi-hop reasoning dataset that
systematically increases reasoning depth in both visual and
textual dimensions. MMhops features two types of reason-
ing tasks: Bridging reasoning and Comparison reasoning.
Bridging reasoning starts from a single image and requires
the model to perform multi-step chain reasoning, with each
step building on the previous one, supporting reasoning
depths from two hops and beyond. Comparative reasoning
is based on multiple images, requiring the model to iden-
tify multiple visual entities and compare their shared at-
tributes, involving cross-image information integration and
comparative analysis. Both task types demand deep reason-
ing abilities in visual understanding and textual inference,
enabling the model to decompose complex questions and
dynamically construct answers through multi-round interac-
tions, thus providing a comprehensive evaluation of multi-
modal reasoning and knowledge integration capabilities.

To address the challenges of multimodal multi-hop rea-
soning, we propose MMhops-R1, the first framework to
leverage reinforcement learning (RL) for multimodal multi-
hop reasoning. MMhops-R1 adopts a dynamic interaction
strategy that overcomes the limitations of fixed processes in
conventional multimodal Retrieval-Augmented Generation
(mRAG) frameworks. Specifically, the model supports three
core actions: 1) selecting an input image and invoking the
image retriever; 2) submitting a text query to the text re-
triever; and 3) generating answer based on the current infor-
mation. With a tailored reward mechanism, MMhops-R1 can
autonomously select reasoning strategies, dynamically ad-
just reasoning depth according to question complexity, and
adaptively plan the reasoning path.

We evaluate MMhops-R1 on the proposed MMhops
benchmark against four categories of strong baselines: open-
source MLLMs, multi-hop RAG, multimodal RAG, and pro-
prietary MLLMs. Results demonstrate the profound effec-
tiveness of our proposed RL-driven framework for dynamic
mRAG and underscores two critical requirements for com-
plex multi-modal reasoning: the ability to integrate multi-
modal external knowledge and to dynamically interact with
a retrieval system. Furthermore, MMhops-R1 shows strong

28392

generalization, achieving robust performance on the single-
hop questions from INFOSEEK and the two-hop questions
from E-VQA. These findings validate our contributions and
highlight the potential of our approach to drive future re-
search in multi-modal multi-hop reasoning.

Our contributions are summarized as follows:

* We introduce MMbhops, the first large-scale benchmark
for multimodal multi-hop reasoning, requiring the syn-
thesis of diverse visual and textual information across
various reasoning depths.

* We propose MMhops-R1, a novel mRAG framework
that leverages reinforcement learning to optimize the
model, enabling it to dynamically interact with multiple
retrievers and adaptively plan the reasoning path.

* We set a new state-of-the-art on multimodal multi-hop
reasoning tasks, demonstrating the superiority of our dy-
namic mRAG framework over existing methods.

Related Work

Knowledge-Based VQA. To advance VQA beyond percep-
tion towards more complex reasoning, the task of KB-VQA
was introduced, which requires models to incorporate exter-
nal knowledge. However, prominent KB-VQA datasets like
OK-VQA (Marino et al. 2019) and A-OKVQA (Schwenk
et al. 2022) were largely confined to commonsense knowl-
edge or simple facts. Subsequent efforts, including Vi-
QuAE (Lerner et al. 2022) and INFOSEEK (Chen et al.
2023), expanded the knowledge domain to large-scale cor-
pora such as Wikipedia. Nonetheless, these datasets pre-
dominantly feature questions solvable via a two-step pro-
cess: identifying a visual entity and executing a single
query against a knowledge base. While the recent E-
VQA (Mensink et al. 2023) dataset introduced textual two-
hop reasoning, its reasoning chains are confined to the tex-
tual modality and a fixed length. In contrast, the MMhops
dataset is the first to systematically require multi-hop rea-
soning across both visual and textual modalities, featuring
diverse, variable-length reasoning paths, demanding a more
profound integration of multi-modal information.

Multimodal and Multi-hop RAG. Early mRAG frame-
works (Caffagni et al. 2024; Yan and Xie 2024; Zhang et al.
2024) typically employ a static, single-step pipeline: they
first retrieve relevant documents based on the initial query
and then feed them to the generator. A key limitation of these
approaches is their reliance on a static, pre-defined process,
which lacks the flexibility to adapt to queries of varying
complexity. While recent work like OmniSearch (Comanici
et al. 2025) introduces a planning agent, it relies on man-
ually engineered prompts or supervised fine-tuning, which
does not equip the model with the intrinsic capability to
learn complex reasoning policies autonomously. In parallel,
multi-hop RAG has emerged in the unimodal text domain
to address similar challenges. To move beyond fixed reason-
ing chains, methods such as Search-R1 (Jin et al. 2025) and
ReSearch (Chen et al. 2025b) leverage reinforcement learn-
ing (RL) with algorithms like GRPO (Shao et al. 2024) and
PPO (Schulman et al. 2017) to train an agent that learns a
dynamic retrieval policy. However, these powerful RL-based
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Figure 2: The multi-stage construction process for the MMhops dataset.

paradigms have thus far been confined to the textual modal-
ity. Our work, MMhops-R1, bridges this divide by extend-
ing this RL-based paradigm to the mRAG domain, training
an agent to strategically orchestrate retrieval and reasoning
across both visual and textual knowledge sources.

MMbhops Dataset

In this section, we present MMhops, a large-scale multi-
modal multi-hop reasoning dataset. MMhops requires mod-
els to: (1) interact with diverse external knowledge sources
for targeted retrieval; (2) perform multi-step reasoning by
dynamically integrating and updating knowledge across
multiple retrieval and reasoning steps; (3) align and com-
bine information from multiple images for cross-image and
cross-modal reasoning. Through a well-designed data con-
struction and evaluation framework, MMhops serves as an
important resource for multimodal reasoning research.

MMhops Construction

The MMhops dataset is built based on the Wikipedia Knowl-
edge Base (KB), with an automated data annotation and
quality filtering process designed using powerful language
models like GPT-40 (Hurst et al. 2024). The dataset includes
two core reasoning types: Brldglng Questlons and Compar-
ison Questions, covering various reasoning depths and dif-
ferent numbers of image inputs.

Bridging Dataset Bridging Questions begin with the vi-
sual information from a single image and progressively link
relevant entities and knowledge through multi-step chain
reasoning. We generate them iteratively by starting with
single-hop questions and progressively increasing the rea-
soning depth, a process depicted in Figure 2 (a).
Initialization Phase:
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0. Data Collection: Gather existing single-hop knowledge-
based datasets (V,Q', A') as the foundation for con-
structing multi-hop reasoning chains.

Iterative Expansion Phase:

1. Bridging Entity Identification: From the current n (>
1) hop dataset (V, @™, A™), select samples where the an-
swer corresponds to a Wikipedia entity (V;, QF, A?), ex-
cluding vague entity types such as numbers or years. The
answer A7 is designated as the bridging entity for subse-
quent reasoning chains.

. Sub-question Generation: Using the Wikipedia page of
the bridging entity A7, prompt a large language model
to generate a knowledge-based question an ensuring
that the entity A? is explicitly mentioned in the question
and labeling the answer A”H

. Questlon Quality Control: Verify that the sub-question
qZ”r meets the criteria of an independent single-hop
question, meaning that removing the entity A} from
q”Jrl should render the question unanswerable.

. Question Merging: Merge the sub-question q"+1 with
the current question )7, replacing the reference to the

bridging entity A} in qf“ with the current question @7,
n+1

resulting in the complete (n + 1) hop question @}

. Answer Normalization: Categorize the answer A?H
into three types: numerical values, time-related entities
(e.g., years, dates), and strings. Construct standardized
answer sets for each category.

Through this iterative process, we systematically develop
multi-level reasoning question sets, ranging from two-hop
to three-hop.

Comparison Dataset This question type evaluates cross-
image reasoning, as exemplified in Figure 2 (b). Generating



Dataset Scale Visual Reasoning Text Reasoning Total Reasoning Multi-image Knowledge Source
OK-VQA (Marino et al. 2019) 14K 1 1 2 X Factoid
A-OKVQA (Schwenk et al. 2022) 24.9K 1 1 2 X Common sense/Factoid
ViQuAE (Lerner et al. 2022) 3.7K 1 1 2 X Wikipedia
INFOSEEK (Chen et al. 2023) 1.35M 1 1 2 X Wikipedia
E-VQA (Mensink et al. 2023) IM 1 1-2 2-3 X Wikipedia
MMhops 31.1K 1-2 2-3 34 v Wikipedia

Table 1: Comparison with Existing Knowledge-based VQA Datasets.

Statistic Dimension Value Percentage
Dataset Scale

Total VQA Samples 31,117 100.0%
Bridging VQA Samples 26,437 85.0%
Comparison VQA Samples 4,680 15.0%
Number of Questions Involved 20,483 -
Number of Entities Involved 8,832 -
Number of Images Involved 28,256 -
Reasoning Complexity

Requiring External Knowledge 31,117 100.0%
3 steps 22,016 70.8%
4 steps 9,101 29.2%
Content Characteristics

Average Question Length (words) 17.3 -
Average Answer Length (words) 1.6 -
Answer Type Distribution

Entity-type Answers 5,923 19.0%
Temporal Answers 5,016 16.1%
Numerical Answers 20,178 64.9%

Table 2: Statistics of MMhops Dataset

these questions requires identifying entities across multiple
images and utilizing external knowledge to formulate a com-
parative query. The construction process is as follows:

1. Entity Collection: Collect a large number of visual en-
tities from the Wikipedia knowledge base. Use the em-
bedding model NV-Embed-v2 (Lee et al. 2024) to per-
form semantic similarity matching based on the entity
names and summary, selecting entities with high rele-
vance. Use LLMs to perform semantic deduplication and

remove pairs of entities that refer to the same concept.

. Paragraph Matching: For the selected similar entity
pairs, use a rule-based method to extract paragraphs with
the same title that contain quantifiable numerical infor-
mation, providing consistent background knowledge for
subsequent comparative analysis.

. Question Generation: Based on the entity pairs and
their background knowledge paragraphs, prompt the
LLMs to focus on quantifiable attributes and generate
questions that compare the attributes of the two entities.

. Quality Control: Perform automated validation to en-
sure that the questions are clearly stated and the answers
are quantifiable and verifiable.

. Multimodal Transformation: Replace the entity names
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in the questions with corresponding images to construct
a multimodal reasoning scenario that forces the model to
reason based on visual content.

. Answer Normalization: Standardize numerical an-
swers, ensuring that clear units are included in the ques-
tion to support accurate evaluation.

MMhops Analysis

MMhops is the first large-scale dataset designed for mul-
timodal multi-hop reasoning. As detailed in Table 2, the
dataset comprises 31,117 samples, which include 20,483
unique questions, 8,832 distinct entities, and 28,256 images.
A key feature of MMhops is its focus on complex reasoning
chains; all samples require more than two reasoning hops
that span both visual and textual modalities. Specifically,
70.8% of samples require three reasoning steps and 29.2%
require four. Furthermore, all samples necessitate the inte-
gration of external knowledge. Linguistically, the average
question length is 17.3 words, with concise answers aver-
aging 1.6 words. Most answers are numerical, facilitating
precise evaluation of the model’s reasoning ability.

As detailed in Table 1, existing Knowledge-based VQA
(KVQA) datasets are largely confined to shallow reason-
ing, typically involving a single visual step and 1-2 tex-
tual reasoning hops. Consequently, they are insufficient for
evaluating complex, multi-step reasoning abilities. MMhops
dataset incorporates multi-image inputs, which necessitates
1-2 steps of cross-image relational reasoning. Furthermore,
we extend the textual reasoning depth to 2-3 hops via a
scalable, iterative pipeline. Collectively, these enhancements
result in a total reasoning depth of 3—4 steps, establishing
MMhops as a more challenging and practical benchmark to
drive progress in advanced multimodal reasoning.

Dataset Splits

We split the MMhops dataset into training, validation, and
test sets with a 7:1:2 ratio using stratified sampling based on
reasoning depth and question type.

Methodology
Problem Formulation

We consider the task of answering a question ) based on a
collection of images Z = {I1,...,I,}. The policy model
my can leverage a set of external retrievers R = {Ry, Rr}.
Rj is an image retriever that, given a query image, returns
the information about the most similar image. Rt is a text
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Figure 3: Overview of the training pipeline for MMhops-R1.

retriever that, given a text query, returns the top-k most
relevant passages. The model’s action space is defined as
A = {ay, a5, at5,0,}, where a; represents thinking and
reasoning based on all current inputs, a;s and a;s invoke
the retrievers R; and Rp, respectively, and a, terminates
the process by generating the final response. The training
pipeline for our policy model is illustrated in Figure 3.

Rollout with Multi-Step Retrieval

At each time step ¢, the policy model 7y first performs think-
ing based on the current state s; (containing historical inter-
action information), then selects the next action from the ac-
tion set {a;s, ass, aq +- The specific action execution mecha-
nisms are as follows:

e Image Retrieval (a;s): The policy issues a query
to an image retriever R; by generating target im-
age indices, formatted within <image_search> and
</image_search> tags. The retriever returns the cor-
responding image information as observation oy .

Text Retrieval (a:s): The policy generates a tex-
tual query, formatted within <text_search> and
</text_search> tags, for a text retriever Ry, which
returns the top-k relevant passages as observation oy 1.
Answer (a,): The policy generates the final answer, for-
matted within <answer> and </answer> tags, based
on the information gathered throughout the trajectory.
This is a terminal action that concludes the episode.

If the policy generates an action with a malformed syntax
or one outside .4, the environment provides a fixed penalty
signal as the observation o, to encourage valid action gen-
eration. The rollout process terminates when the policy ex-
ecutes the answer action a, or a maximum of 7' steps is
reached. This interaction generates a trajectory 7, defined as
a sequence of states, actions, and observations:

T = {(807040701)’ (817041702)’ ey (STa GT)}.

ey

Reward Modeling

To guide the model’s generation, we design a composite
reward function for MMhops-R1. This function comprises
three components designed to promote correctness, struc-
tural clarity, and effective tool use. For a given trajectory
T, the total reward is a weighted sum of these components.
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1. Outcome Reward (Rgutcome)- This binary reward eval-
uates the correctness of the final answer. It is defined
as Routcome(7) = 1 if the model’s answer matches the
ground truth, and 0 otherwise.

. Format Reward (Rgyrmat). This binary reward encour-
ages adherence to the previously defined structured for-
mat. A trajectory receives Ryoma(7) = 1 if all generated
thoughts and actions are correctly formatted with their
respective tags, and O otherwise.

. Action Reward (R,ction)- This rewards effective tool use.
A key aspect of our design is that this reward is gated by
the overall success of the trajectory. It is only granted if
the model both produces the correct final answer and ad-
heres to the required format. This encourages the model
to learn tool-use policies that directly contribute to suc-
cessful outcomes. The reward is defined as:

Raction(T) = Routcome(T) : Rformat(T) . Rtool(T) (2)
where Ry,0i(7) is a separate reward, defined as the num-
ber of syntactically correct tool invocations.

The total reward for a trajectory 7 is a weighted sum of
these components:

R(T) = Routcome(T) + B : Rformat(T) +v- Raction(T) 3)

where «, 3,and v are non-negative hyperparameters that
balance the contribution of each component.

Objective Function

To optimize our policy 7y using a composite reward signal,
we adapt the objective function from DAPO (Yu et al. 2025).
This objective is coupled with a dynamic sampling strategy
that filters generated response groups. Specifically, we en-
force that each group of GG responses must contain at least
one factually correct sample, as stipulated by the constraint
in our objective. This design enables the policy to optimize
for procedural correctness by creating non-zero advantages
(Ai7t) from process-based rewards, such as format adherence
(Rformat), €ven when the final outcome is already correct.



Bridging

Method Base Model Retriever String Numerical Time Overall Comparison
Closed-sourced model
GPT-40-mini (Hurst et al. 2024) - - 29.67 20.54 26.08 23.80 7.05
GPT-40 (Hurst et al. 2024) - - 41.66 33.60 39.28 36.62 8.76
Gemini-2.5-flash (Comanici et al. 2025) — - 51.08 43.51 50.10 46.58 23.18
Gemini-2.5-pro (Comanici et al. 2025) - - 58.80 50.83 57.32 53.98 29.39
Direct Answer
Zero-shot Qwen2.5-vl-7B-Instruct — 24.21 15.24 26.60 19.53 6.20
Zero-shot Qwen2.5-vl-72B-Instruct — 37.51 32.11 3732 34.39 7.59
Multi-hop RAG (Text-only)
Search-rl (Jin et al. 2025) Qwen2.5-7b-Instruct Caption, Text 14.45 23.05 17.85 19.98 6.62
Self-Ask (Press et al. 2022) GPT-40 Caption, Text 27.59 31.41 31.13 3042 18.27
Multimodal RAG
Vanilla mRAG Qwen2.5-vl-7B-Instruct  Text 14.37 14.65 1495 14.63 3.95
Vanilla mRAG Qwen2.5-vl-7B-Instruct  Image, Text  26.52 25.68 28.97 26.49 9.72
EchoSight (Yan and Xie 2024) LLaMA3 Image, Text 19.14 11.83 11.86 13.63 4.81
OmniSearch (Li et al. 2024) GPT-40 Image, Text  31.02 49.77 36.5 42.65 17.02
MMhops-R1 (Ours) Qwen2.5-vl-7B-Instruct Image, Text 44.66 55.33 4794 51.35 22.01

Table 3: Main results on MMhops.

Our full optimization objective is formulated as:
J(0) = E(g,a)~D {0}

G ~vmoy, (la;R)
- min (T'i,t(Q)Ai,t;
Yo loil i = @)

clip (75,¢(0), 1 — €iow, 1 + €nign) Ai,t)}

s.t. 0 < |{o; | is_equivalent(a, 0;)}| .
where
rig(f) = ™60 | 406 < 1 R) ,and
ﬂ-gold(oi,t | ¢,0i, < t; R)
. Ri—mean({R)E)
it =

std({Ri}i,)
Where R represents the retriever, and the model samples
while interacting with multiple retrievers R = { Ry, Rr}.

Loss Masking for External Observations

The observation o, 1 at each timestep ¢ includes tokens from
external sources, such as results from the image (R;) and
text (Rr) retrievers and environmental feedback on invalid
actions. Since these tokens are not generated by the policy
model, we mask them from the loss computation during pol-
icy optimization. This ensures that the optimization objec-
tive is confined to the model’s own generated reasoning and
action tokens, improving training stability.

Experiments
Experimental Settings

Implementation Details We optimize our policy using the
Verl framework (Sheng et al. 2024), employing Qwen2.5-
VL-7B-Instruct (Bai et al. 2025) as the backbone model. The

28396

model is trained for a single epoch on the MMhops dataset
with a constant learning rate of 1 x 10~%. During policy op-
timization, we use a batch size of 256 and a group size of 8.
Our knowledge base for retrieval comprises 100K Wikipedia
articles, each accompanied by an image. For image retrieval,
we utilize the CLIP-ViT-L/14@336px model (Radford et al.
2021). For text retrieval, we employ the E5 model (Wang
et al. 2022) to fetch the top-3 most relevant passages for
each query. The maximum number of interaction turns with
the knowledge base is set to 4 during both training and infer-
ence. The hyperparameters «, 3, and -y for the reward func-
tion are set to 1.0, 1.0, and 0.25, respectively.

Evaluation Metrics We adopt the evaluation protocol
from INFOSEEK (Chen et al. 2023), categorizing answers
into three types: STRING, TIME, and NUMERICAL. For
STRING answers, we report Exact Match (EM) accuracy. For
TIME answers, we employ EM with a tolerance of £1 year.
For NUMERICAL answers, a prediction is deemed correct if
it falls within a +0.1 margin of the ground truth or achieves
an Intersection-over-Union (IoU) of at least 50%. The over-
all score is the weighted average of the accuracies for each
type. We report performance on the 7est set, with a break-
down for bridging and comparison questions.

Comparison with SOTAs

To enable a comprehensive comparison with existing ap-
proaches, we evaluate four categories of models: advanced
open-source general-purpose multimodal large models with
direct answer generation, single-modal text-only multi-hop
RAG methods (which convert images into descriptions and
combine them with the question as input), multimodal RAG
methods, and benchmark closed-source MLLMs. For fair-
ness, all compared methods share the same image and text
retriever as ours. Detailed results are presented in Table 3,



INFOSEEK

Model

Unseen Q Unseen E Overall
CLIP-PaLM (Chen et al. 2023) 22.7 18.5 20.4
CLIP-FiD (Chen et al. 2023) 23.3 19.1 20.9
Wiki-LLaVA (Caffagni et al. 2024)  30.1 27.8 28.9
EchoSight (Yan and Xie 2024) - - 31.3
MMhops-R1 33.8 32.6 33.2

Table 4: Comparison on INFOSEEK. Q: Question, E: Entity.

Model
Two hop

PaLl
14.7

PalM GPT-3
22.8 18.7

MMhops-R1
23.3

Table 5: Comparison on E-VQA.

with key findings summarized as follows:

1. Rich domain knowledge and strong reasoning ca-
pabilities are essential for solving multimodal multi-hop
problems. However, general-purpose open-source MLLMs
are relatively weak in both aspects, posing challenges for
them to generalize to this task. Even the 72B Qwen2.5-VL
model falls short by 16.96% and 14.42% in overall accuracy
on bridging and comparison questions, respectively, com-
pared to our 7B-based model.

2. Incorporating visual information is fundamental
to effective multimodal reasoning. Text-only multi-hop
RAG methods are unable to access critical visual informa-
tion, making it difficult to perform appropriate knowledge
retrieval and accurate reasoning for multimodal multi-hop
problems. Specifically, the state-of-the-art method Self-Ask,
which significantly boosts base model performance (e.g.,
GPT-40) on textual multi-hop tasks, even shows an over-
all performance drop on comparison questions in MMhops
compared to GPT-40 alone (30.42% vs. 36.62%).

3. Accurate multi-turn reasoning and retrieval inter-
actions are critical to successfully solving multimodal
multi-hop problems. Existing multimodal RAG methods,
such as those designed for KB-VQA, are tailored to single-
hop tasks and lack the ability to properly decompose mul-
timodal multi-hop questions into sequential reasoning and
retrieval steps, thereby limiting their answer accuracy. Even
with the support of GPT-40’s OmniSearch, the overall ac-
curacy on bridging and comparison questions remains 9.7%
and 4.99% lower than ours.

4. Closed-sourced commercial MLLMs remain the
performance ceiling but still fall short of real-world ap-
plicability. Gemini-2.5-Pro, which has likely undergone
reasoning-specific optimization and large-scale pretraining,
outperforms our method but answers only about half of the
bridging questions correctly, with lower accuracy on com-
parison questions. This underscores that multimodal multi-
hop RAG remains largely unexplored.

Cross-dataset Generalization Verification

To verify the generalizability of the proposed method, we
evaluate it on two widely used knowledge-based VQA
datasets: INFOSEEK (Chen et al. 2023) and E-VQA

28397

Bridging
Method String Numerical Time Overall Comparison
MMhops-R1 44.66 5533 47.94 51.35 22.01
Ww/0 Raction 39.74  51.19 46.8 47.57 20.62
W/0 Rformat 43.12  53.64 47.73 49.97 14.42
W/0 Riormats Raciion 40.43  42.68  40.62 41.75 13.03

Table 6: Effect of Routcomes Rformat aNd Raction-

Bridging
Method String Numerical Time Overall Comparison
5 44.20 56.13  49.18 51.92 20.09
4 44.66 55.33 4794 51.35 22.01
3 40.05 51.79 46.70 47.97 13.78
2 30.75 46.98 30.13 39.93 9.83

Table 7: Effect of the maximum retriever interaction count.

(Mensink et al. 2023). Results on INFOSEEK show the ef-
fectiveness of MMhops-R1 on multimodal single-hop ques-
tions, while its performance on two-hop questions in E-VQA
confirms its generalization ability to multi-hop reasoning.

Ablation Studies

Effect of RoutcomesFRformat aNAd Ractione AS shown in Ta-
ble 6: (1) Removing either the retrieval reward R,cgon OF
the format reward Rgyma leads to a notable performance
drop, particularly on comparison questions; (2) Removing
both Rycion and Riormat results in an even greater decline.
These findings indicate that encouraging appropriate re-
trieval, enforcing correct feedback formats, and imposing
strong constraints on answer precision all contribute posi-
tively to model performance.

Effect of Number of Interaction Rounds. To demon-
strate that the MMhops dataset indeed requires multi-step
reasoning and RAG interaction for problem solving, we re-
port model performance in Table 7 under maximum rounds
constrained to 2, 3, 4, and 5. As the number of rounds in-
creases from 2 to 4, overall performance consistently im-
proves, while further increasing to 5 yields no significant
gains but introduces more computational overhead. There-
fore, four-step reasoning is most suitable for MMhops.

Conclusion

In this work, we introduce the first large-scale multimodal
multi-hop reasoning dataset MMhops to evaluate models’
capabilities in multi-turn interactive reasoning and external
knowledge utilization, and extensive experiments show that
existing MLLMs struggle on MMhops. To address this, we
further propose a novel reinforcement learning-based frame-
work MMhops-R1 for multimodal reasoning and RAG in-
teraction. Results demonstrate that MMhops-R1 substan-
tially outperforms existing methods by effectively leverag-
ing reasoning and retrieval capabilities. The code, dataset,
and model weights will be open-sourced to encourage future
research on the multimodal multi-hop reasoning task.
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