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Abstract

Multimodal Large Language Models (MLLMs) have demon-
strated impressive progress in single-image grounding and
general multi-image understanding. Recently, some methods
begin to address multi-image grounding. However, they are
constrained by single-target localization and limited types
of practical tasks, due to the lack of unified modeling for
generalized grounding tasks. Therefore, we propose GeM-
VG, an MLLM capable of Generalized Multi-image Visual
Grounding. To support this, we systematically categorize and
organize existing multi-image grounding tasks according to
their reliance of cross-image cues and reasoning, and in-
troduce the MG-Data-240K dataset, addressing the limita-
tions of existing datasets regarding target quantity and im-
age relation. To tackle the challenges of robustly handling di-
verse multi-image grounding tasks, we further propose a hy-
brid reinforcement finetuning strategy that integrates chain-
of-thought (CoT) reasoning and direct answering, consid-
ering their complementary strengths. This strategy adopts
an R1-like algorithm guided by a carefully designed rule-
based reward, effectively enhancing the model’s overall per-
ception and reasoning capabilities. Extensive experiments
demonstrate the superior generalized grounding capabilities
of our model. For multi-image grounding, it outperforms
the previous leading MLLMs by 2.0% and 9.7% on MIG-
Bench and MC-Bench, respectively. In single-image ground-
ing, it achieves a 9.1% improvement over the base model on
ODINW. Furthermore, our model retains strong capabilities
in general multi-image understanding.

Introduction
Traditional visual grounding encompasses tasks such as re-
ferring expression comprehension (Yu et al. 2016; Nagaraja,
Morariu, and Davis 2016), phrase grounding (Plummer et al.
2015), and object detection (Lin et al. 2014), which involve
localizing target regions within a single image based on sim-
ple textual descriptions. With the advancements in MLLMs,
some works (Chen et al. 2023; Zhan et al. 2024a; Peng et al.
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Please locate the 3th region 
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UniVG-R1: <think>First, I’ll examine the region 
image ... It shows a chair with a wooden backrest ... 
Next, I’ll search the source 
image...</think><answer>(60,433),(290,812)</answer>

GeM-VG: <think>First, I’ll examine the region ... It 
shows a chair with a wooden... Next, I will search 
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(a) Some visual information in multi-image grounding is hard to express via text. 

(b) Existing models struggle with multi-instance localization.

Figure 1: (Top) The limitations of existing multi-image
grounding models: (a) The reasoning-guided model strug-
gles with fine-grained perception tasks, where the visual
cues are hard to verbalize. (b) They fail to localize all re-
ferring instances in multi-object scenarios. (Bottom) Our
model, GeM-VG, achieves strong performance across a
range of multi-image grounding tasks.

2023; You et al. 2023; Zhan et al. 2024b) leverage the pow-
erful multimodal comprehension capabilities of MLLMs to
facilitate visual grounding tasks. Despite their effectiveness,
these works are limited to single-image scenarios.

The abilities of multi-image perception and reasoning are
crucial for real-world applications such as autonomous driv-
ing and GUI agents, which depend on contextual cues across
multiple images. While some works (Li et al. 2024b; Jiang
et al. 2024; Li et al. 2024a; Ye et al. 2024) investigate image-
level tasks in multi-image scenarios, region-level compre-
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hension remains relatively underexplored. Recently, Migi-
cian (Li et al. 2025) introduces a benchmark comprising di-
verse multi-image grounding tasks, laying a foundation for
this emerging direction. UniVG-R1 (Bai et al. 2025b) fur-
ther enhances reasoning via reinforcement learning (RL).
However, these works focus predominantly on single-target
grounding. MC-Bench (Xu, Zhu, and Yang 2024) introduces
a more challenging multi-image grounding task with multi-
ple targets, revealing existing MLLMs’ limitations in real-
world scenarios.

In this work, we aim to advance generalized visual
grounding in multi-image scenarios, and propose GeM-VG,
an MLLM for Generalized Multi-image Visual Grounding.
To cover comprehensive multi-image grounding scenarios,
we systematically categorize existing multi-image ground-
ing tasks based on cognitive requirements and image rela-
tions. Due to the limited target quantity and task scenar-
ios in previous multi-image grounding datasets (Li et al.
2025; Bai et al. 2025b), we curate a multi-image ground-
ing dataset MG-Data-240K to support broader scenarios. As
multi-image grounding involves increasingly complex mul-
timodal contexts, it requires more sophisticated perception
and reasoning. Inspired by the recent success of reasoning
models (Jaech et al. 2024; Guo et al. 2025), we design a
new rule-based reward and adapt the R1-like reinforcement
learning method to generalized grounding tasks. Due to the
lack of basic multi-image grounding capability in the base
model, we adopt a progressive three-stage training strategy:
(1) supervised finetuning with short-answer data to build
fundamental grounding capabilities, (2) CoT-based super-
vised finetuning to guide reasoning, and (3) GRPO training
guided by multi-dimensional visual feedback to further en-
hance localization and reasoning.

Through supervised fine-tuning with data in different an-
swering modes, we find that CoT reasoning does not con-
sistently outperform direct-answer. In tasks relying on de-
tailed perceptual cues, directly predicting locations avoids
the ambiguity of verbalizing abstract visual cues (e.g., Fig-
ure 1). Moreover, CoT provides limited benefits in tasks with
minimal reasoning demands. To leverage the complemen-
tary strengths of both modes, we propose a hybrid finetun-
ing strategy that encourages exploration and optimization of
both answering modes during training.

We evaluate GeM-VG on two multi-image ground-
ing benchmarks: MIG-Bench (Li et al. 2025) and MC-
Bench (Xu, Zhu, and Yang 2024). On MIG-Bench, GeM-
VG surpasses the previous state-of-the-art by 2.0%. On MC-
Bench, it outperforms Migician by 9.7% and the base model
Qwen2VL-7B by 12.6%. Additionally, our model achieves
consistent improvements on single-image grounding and
general multimodal understanding tasks. The main contri-
butions of this work are summarized as follows:

1. We provide a systematic taxonomy of existing multi-
image grounding tasks and introduce the MG-Data-240K
dataset, which encompasses diverse tasks and varying
numbers of targets.

2. We propose GeM-VG, an MLLM for generalized multi-
image grounding, along with a hybrid RL finetuning

strategy that integrates both chain-of-thought and direct-
answer modes, tailored for grounding tasks with arbitrary
numbers of targets.

3. Extensive experimental results demonstrate that our
method consistently improves the performance across
various multi-image grounding tasks, while maintaining
strong generalization capabilities.

Related Work
Multimodal Large Language Models for Visual
Grounding
Recent advances in MLLMs have led to impressive progress
in general vision-language understanding and reasoning. By
leveraging the powerful multimodal comprehension capa-
bilities of MLLMs, visual grounding tasks are also inno-
vated. Some works (Chen et al. 2023; Zhan et al. 2024a;
You et al. 2023) focus on enabling MLLMs to support a
range of grounding tasks. With improved reasoning capacity,
some studies (Liu et al. 2025; Ma et al. 2025) explore com-
plex reasoning grounding. However, these works are lim-
ited to single-image scenarios, hindering the applicability in
broader real-world scenarios. Recently, Migician (Li et al.
2025) introduces a multi-image grounding benchmark and
enables the model to perform free-form multi-image ground-
ing via supervised finetuning. UniVG-R1 (Bai et al. 2025b)
further enhances reasoning via reinforcement learning. Nev-
ertheless, they primarily focus on single-object grounding
and struggle with multi-instance cases. In contrast, our work
aims to address generalized multi-image grounding tasks.

Vision-Language Reinforcement Learning
With the emergence of large reasoning models, reinforce-
ment learning has become a research focus for enhancing
the reasoning capabilities of LLMs. Recently, DeepSeek-
R1 (Guo et al. 2025) achieves a breakthrough in this area by
introducing a new rule-based RL algorithm. Inspired by the
success of DeepSeek-R1, a series of works apply the rule-
based GRPO method to vision-language domain. Among
these, some focus on visual reasoning tasks such as math-
ematical reasoning (Huang et al. 2025; Deng et al. 2025;
Wang et al. 2025; Zhang et al. 2025; Yang et al. 2025). Some
other studies investigate visual perception tasks including vi-
sual grounding (Shen et al. 2025; Zhan et al. 2025; Ma et al.
2025; Liu et al. 2025; Yu et al. 2025), which are closely re-
lated to our work. However, they are limited to single-image
scenarios, lacking the ability to perform precise grounding
across multiple images. In this work, we explore the R1-like
paradigm’s potential in multi-image grounding.

Methodology
Overview
We begin by defining the generalized multi-image ground-
ing task and outlining GeM-VG. Given an image sequence
V = {V1, . . . , Vm} and a textual instruction T , the model
M is required to localize all relevant instances, outputting
bounding boxes with image indices:

O = {(b1, i1), . . . , (bn, in)} = M(V, T ), (1)
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(a) Framework of GeM-VG (b) Categorization of multi-image grounding tasks

Figure 2: (Left) Overview of GeM-VG. GeM-VG is capable of reasoning over multiple visual contexts and localizing all
referring instances. (Right) We provide a systematic taxonomy of generalized multi-image grounding scenarios.

where bk is the k-th bounding box and ik ∈ {1, . . . ,m}
denotes its source image.

As shown in Figure 2(a), GeM-VG is built upon Qwen2-
VL with three components: a vision encoder, a projection
layer, and an LLM. The images V are first encoded by the
vision encoder and then projected into the word embedding
space to obtain visual tokens Hv , which are concatenated
with instruction embeddings Hins and fed into the LLM.
A unified output format is adopted to support multi-object
localization across multiple images.

We first conduct supervised finetuning to equip the base
model with basic multi-image perception and reasoning abil-
ities. Motivated by the success of R1-like algorithm in both
perception and reasoning tasks (Deng et al. 2025; Wang et al.
2025; Shen et al. 2025; Zhan et al. 2025; Liu et al. 2025;
Ma et al. 2025), we introduce this paradigm to multi-image
grounding and design a rule-based reward. Reinforcement
learning further improves the grounding capability. The fol-
lowing subsections detail the data construction and rein-
forcement finetuning strategy.

MG-Data-240K
To mitigate the lack of multi-target grounding capabilities in
existing multi-image grounding models, we construct a new
dataset, MG-Data-240K, to support broader scenarios. This
dataset addresses the limitations of existing datasets in target
quantity and image relationships.

Task Taxonomy To cover diverse multi-image grounding
scenarios, we categorize tasks based on their cognitive de-
mands and image relationships. As shown in Figure 2(b),
tasks are divided into three main types like MC-Bench (Xu,
Zhu, and Yang 2024): referential retrieval grounding, where
the instructions identify instances using explicit expres-
sion without cross-image referring; cross-image association
grounding, where the targets are identified through cross-

Type Num. Source

Referring Retrieval Grounding 97K
D3 (Xie et al. 2023),
COCO (Lin et al. 2014)

Semantic Association Grounding 77K COCO

Spatial Association Grounding 20K
Ego-Exo4D (Grauman et al. 2024),
MVTrack (Xu et al. 2025)

Temporal Association Grounding 46K STAR (Wu et al. 2024)

Table 1: Details of the constructed training dataset.

image correspondences; and reasoning grounding, which re-
quires commonsense or external knowledge. Within cross-
image association grounding, we further distinguish seman-
tic, temporal, and spatial relations, inspired by cognitive the-
ories on semantic, episodic, and spatial memory (Baddeley
2000; Moscovitch et al. 2006).

Data Collection Existing training datasets (Li et al. 2025;
Bai et al. 2025b) lack multi-target samples and mainly in-
volve semantic relationships. To address this, we aim to ex-
pand the data with more multi-target samples, multi-view
images, and diverse practical tasks. Guided by the taxon-
omy, we select multiple image and video datasets as sources.
We form multi-image groups by pairing related images or
extracting key frames, depending on task types and annota-
tions. Task instructions are generated using predefined tem-
plates combined with metadata such as object labels and QA
pairs from the source datasets. Table 1 summarizes the data
sources and statistics.

Reinforcement Learning for Generalized
Multi-Image Grounding
In this subsection, we detail the reinforcement learning algo-
rithm used to enhance the model’s generalized multi-image
grounding capability. Our method is an extension of the
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Figure 3: Framework of our reinforcement finetuning. Considering several failure types in multi-image grounding, we design
a multi-dimensional rule-based reward. Before computing the advantages, we apply a reward adjustment strategy to facilitate
joint optimization between both answering paradigms.

Group Relative Policy Optimization (GRPO) (Shao et al.
2024) algorithm to the visual grounding field.

Given an input question q, the policy model πθ generates a
group of N candidate completions {o1, o2, ..., oN}. For each
completion oi, a rule-based reward function R(q, a, oi) com-
putes a scalar reward ri, where a denotes the ground truth.
To assess the relative quality of the completions in the same
group, these rewards are used to compute the advantages:

Ai =
ri −mean({rj}Nj=1)

std({rj}Nj=1)
(2)

Then the policy model πθ is updated by maximizing the fol-
lowing objective function:

JGRPO(θ) =
1

N

N∑
i=1

(
πθ(oi|q)
πθold(oi|q)

Ai−βKL(πθ(oi|q)|πref (oi|q))

(3)
Where β is a hyper-parameter to control the KL-divergence.

Reward Function Previous methods typically formulate
multi-image grounding as a single-target localization prob-
lem and adopt a simple IoU score as accuracy reward. To
tackle more generalized scenarios, we design a reward func-
tion applicable to arbitrary numbers of instances. As illus-
trated in Figure 3, we propose a reward function that eval-
uates the output quality from multiple perspectives, incor-
porating format reward, image reward, precision reward and
recall reward.
• Format Reward: The reward Rformat ensures that

each completion oi follows a required format. Specif-
ically, each prediction bounding box must be listed

as: Image-N:<object_ref_start>description<
object_ref_start><box_start>(x1,y1),(x2,
y2)<box_end>. In addition, the corresponding image
index must be valid numeric values within bounds. The
reward is 1 if the format is satisfied and 0 otherwise.

• Image Reward: The reward Rimage evaluates whether
the model correctly identifies which images contain the
targets, regardless of the precise location of instances.

• Precision Reward: The precision reward assesses the
quality of predicted bounding boxes at the instance level.
Before computing rewards, we perform bipartite match-
ing between predictions and ground-truth instances. Af-
ter matching, each predicted bounding box b̂i is associ-
ated with a ground-truth bounding box bmatch(i), and an
Intersection over Union (IoU) score IoUi. To encourage
the model to generate more precise bounding boxes, the
precision reward is defined as the average IoU score over
all matched prediction instances:

Rprecision =
1

M

M∑
i=1

IoUi (4)

• Recall Reward: As a complement to the precision re-
ward, the recall reward encourages the model to output
all instances of interest. It is defined as the proportion
of ground-truth instances successfully matched by a pre-
dicted box with an IoU score above a threshold τ (set to
0.5 in our experiments):

Rrecall =
1

num(GT )

M∑
i=1

I(IoUi ≥ τ) (5)
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The overall reward is computed as:

R = Rformat +Rimage +Rprecision +Rrecall (6)

Reward-Modulated Hybrid Finetuning Strategy
Multi-image grounding tasks require models to comprehend
complex instructions and visual inputs. The previous ap-
proach (Bai et al. 2025b) introduces explicit CoT reasoning
processes and significantly improves performance on rea-
soning grounding tasks. However, CoT-only training can be
less effective for tasks that emphasize fine-grained visual
perception over complex reasoning. For instance, as illus-
trated in Figure 1, the region locating task in MIG-Bench(Li
et al. 2025) often involves detecting subtle visual cues or
distinguishing among highly similar objects, where fine-
grained perception and discrimination are critical. In such
cases, ambiguous or imprecise descriptions may distract the
model’s attention away from critical visual information.

To leverage both paradigms, we mix CoT and direct-
answer samples during SFT and remove prompts that en-
force a fixed answering style. However, we observe that the
model quickly converges to direct answering during the sub-
sequent RL training. We ascribe this to the model’s reliance
on CoT-specific prompts. When such prompts are removed,
the model tends to direct prediction. To mitigate this, we
propose a reward-modulated hybrid finetuning strategy (Fig-
ure 3) consisting of two components: balancing dual modes
in the early training stage and encouraging longer thoughts
on failure in the later stage.

Balancing Dual Modes (Early Stage) To avoid prema-
ture convergence to a single answering mode during train-
ing, we introduce a reward modulation mechanism based
on the proportion of different modes. Completions are cate-
gorized into four types: accurate/inaccurate CoT and accu-
rate/inaccurate direct. A completion is considered accurate
if its instance-level average reward exceeds 0.5.

Let p denote the proportion of CoT completions in a
batch, and θ be the target balancing ratio. The adjustment
magnitudes for accurate and inaccurate completions are δ1
and δ2, respectively. A scaling factor α controls the overall
adjustment strength. The adjustment of reward is:

Radjust(oi) =



α · (θ − p) · δ1, if Iacc-cot(oi) = 1 ∧ p < θ

α · (θ − p) · δ2, if Iinacc-cot(oi) = 1 ∧ p < θ

α · (p− θ) · δ1, if Iacc-direct(oi) = 1 ∧ p > θ

α · (p− θ) · δ2, if Iinacc-direct(oi) = 1 ∧ p > θ

0, otherwise
(7)

In our experiments, we set θ = 0.5, α = 2.0, δ1 = 1.0,
and δ2 = 0.5. This adjustment strategy encourages a bal-
anced behavior between both answering modes.

Encouraging Longer Thoughts on Failure (Late Stage)
The later stage aims to improve the model’s performance
across both modes. Therefore, the balancing strategy used in
the early stage is removed. The optimization relies primar-
ily on the naive reward, incentivizing the generation of re-
sponses with higher localization quality. Moreover, we find

that the model finetuned using CoT data demonstrates ad-
vantages in low-scoring subtasks. Motivated by this, an ad-
ditional length-aware reward is added to the naive reward for
inaccurate completions, encouraging more deliberate rea-
soning on lower-quality cases. The reward adjustment is
computed as:

Radjust(oi) =

{
γ · ℓ̃i ·∆max

i , if Iinaccurate-cot(oi) = 1

0, otherwise
(8)

Where ℓ̃i =
ℓi−min

j∈G
ℓj

max
j∈G

ℓj−min
j∈G

ℓj+ϵ is the normalized length of

the completion oi within the group G. To ensure that the
adjusted rewards of inaccurate completions do not exceed
that of accurate ones, the adjustment is capped by ∆max

i =
max(0, racc

min − ri), where racc
min is the lowest naive reward of

accurate completions within the group. The scaling factor γ
is set to 0.3 for soft modulation.

During RL optimization, we use the adjusted rewards
Radjusted = R+Radjust to calculate advantages.

Experiments
Implementation Details
Training Data The training process comprises three
stages. To equip the model with comprehensive multi-image
grounding capabilities, we combine the MGrounding-630k
dataset with an additional 240k samples constructed from
multiple existing datasets to form the training data for
Stage1-SFT. To mitigate catastrophic forgetting, we also mix
multi-image understanding and single-image grounding data
into the training. In Stage2-SFT, we incorporate both CoT
and direct-answer annotations derived from UniVG-R1 (Bai
et al. 2025b). The RL stage is trained on 26k samples, which
are sampled from prior stages.

Benchmarks We conduct comprehensive evaluations
across multi-image grounding, single-image grounding,
video grounding, and multi-image understanding tasks.
For multi-image grounding, we evaluate our model on
MIG-Bench and MC-Bench. Among them, MIG-Bench
requires localizing a single region in the target image,
while MC-Bench involves grounding an unspecified num-
ber of instances. For single-image grounding, we evaluate
on ODINW (Li et al. 2022), which contains rare categories
in real-world scenarios, and LLMSeg (Wang and Ke 2024),
a reasoning grounding benchmark. For video grounding, we
uniformly sample 6 frames and task the model with localiz-
ing within one of these frames, with evaluations conducted
on ReasonVOS (Bai et al. 2024) and ReVOS (Yan et al.
2024). To assess the model’s general multi-image under-
standing capabilities, we further incorporate several repre-
sentative benchmarks including MMIU (Meng et al. 2024),
MuirBench (Wang et al. 2024a), MIBench(Liu et al. 2024b)
and BLINK (Fu et al. 2024).

Training Configurations We adopt Qwen2-VL-7B
(Wang et al. 2024b) as the base model due to its strong
multi-image understanding and single-image grounding ca-
pabilities. During the SFT stage, we employ a learning rate
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Model

Spontaneous Grounding Referential Grounding

AVGDifference Similarity Visual Reference Textual Visual+Textual

Static Robust Common OT MV Region Refer GG Reason Co-Re

Qwen2-VL-72B (Wang et al. 2024b) 51.13 43.61 73.74 24.54 32.63 19.86 37.37 67.83 50.51 17.94 41.91

Mantis (Jiang et al. 2024) 1.52 0.00 3.31 12.18 2.08 1.00 1.01 10.02 0.00 0.85 3.20
LLaVA-OV-7B (Li et al. 2024a) 6.06 3.19 3.43 0.18 1.04 1.08 9.09 15.43 6.93 0.85 4.73
Minicpm2.6 (Yao et al. 2024) 14.58 2.13 14.34 9.82 2.65 1.75 11.11 20.62 2.97 2.56 7.55
mPLUG-Owl3 (Ye et al. 2024) 18.56 6.38 34.93 8.55 7.64 2.41 7.07 22.85 9.09 5.98 12.35
InternVL2-8B (Team 2024) 8.52 19.15 38.40 19.82 10.07 5.24 34.34 39.79 26.80 7.69 20.98
Qwen2-VL-7B (Wang et al. 2024b) 29.92 36.17 43.07 14.55 9.38 15.54 29.29 63.51 44.33 14.30 33.03
Migician (Li et al. 2025) 70.64 45.74 72.76 67.82 60.07 72.57 75.76 84.12 52.58 33.33 63.54
UniVG-R1 (Bai et al. 2025b) 71.97 58.51 93.13 76.36 66.32 81.71 82.83 88.04 62.89 44.44 72.64

GeM-VG 76.89 56.38 91.53 86.55 68.75 85.70 84.85 86.80 68.04 41.03 74.65

Table 2: Performance on MIG-Bench. OT, MV, GG and Co-Re respectively means object tracking, multi-view grounding, group
grounding and correspondence. The metric is Acc@0.5, which considers a prediction correct if its IoU with the ground truth
exceeds 0.5.

Model AP ref
50 AP com

50 AP rea
50 AP50

Gemini-1.5 Pro (Team et al. 2024) 30.5 30.0 26.1 28.4
CogVLM-G (Wang et al. 2024c) 21.1 19.0 16.5 18.2
Qwen2-VL-7B (Wang et al. 2024b) 22.7 22.4 17.2 20.2
Migician (Li et al. 2025) 20.3 26.4 20.1 23.1
GeM-VG 42.0 33.6 28.7 32.8

Table 3: Performance comparison on MC-Bench. The su-
perscripts ref, com and rea denote the results for referring,
comparison, reasoning instruction type respectively.

Model
Single image Video

ODINW LLMSeg ReasonVOS ReVOS

Qwen2-VL-7B (Wang et al. 2024b) 32.0 35.53 9.83 23.55
Qwen2.5-VL-7B (Bai et al. 2025a) 37.0 — — —
Migician (Li et al. 2025) 21.9 34.68 33.41 39.70
UniVG-R1 (Bai et al. 2025b) 33.3 50.60 58.73 60.03
GeM-VG 41.1 50.90 64.41 60.52

Table 4: Single image and video grounding results. For
ODINW, we follow the evaluation setting in (Bai et al.
2025a). For video grounding, we follow the setting in (Bai
et al. 2025b)

of 2e-6 and a total batch size of 128. For RL training, we use
the multimodal version of the Open-R1 framework (Chen
et al. 2025) with its default configuration. The learning rate
is set to 1e-6, and the batch size is 16. For each prompt,
8 completions are sampled, with a maximum completion
length of 1024. The training is conducted over 1 epoch on
16 NVIDIA H100(80G) GPUs, consuming approximately
8, 2 and 10 hours for each stage, respectively.

Main Results
Multi-image Grounding To comprehensively evaluate
the model’s multi-image grounding capability, we con-
duct experiments on MIG-Bench (Li et al. 2025) and MC-
Bench (Xu, Zhu, and Yang 2024). MIG-Bench is a free-
form multi-image grounding benchmark that encompasses

Model MuirBench BLINK val MIBench MMIU

LLaVA-1.5 (Liu et al. 2024a) 23.46 37.13 26.83 19.20
CogVLM (Wang et al. 2024c) 20.85 41.54 — 23.57

Idefics2-8B (Laurençon et al. 2024) 26.08 — 46.39 27.80
mPLUG-Owl3 (Ye et al. 2024) 39.67 50.30 56.66 21.72

InternVL2-8B (Team 2024) 48.70 50.57 52.91 42.00
Mantis (Jiang et al. 2024) 44.50 49.05 45.09 45.60

LLaVA-OV-7B (Li et al. 2024a) 41.80 48.20 71.29 44.46
MiniCPM-V 2.6 (Yao et al. 2024) 2.6 42.65 51.45 71.09 50.19
Qwen2-VL-7B (Wang et al. 2024b) 39.88 52.35 68.06 54.36

Migician (Li et al. 2025) 57.81 51.53 71.42 54.89
UniVG-R1 (Bai et al. 2025b) 44.77 51.55 67.29 53.03

GeM-VG 58.20 52.97 70.16 55.01

Table 5: Multi-image understanding results.

precision recall ODINW

AerialDrone Aquarium EgoHands thermal

Baseline 2.3 23.7 48.7 40.5
✓ 3.3 19.1 49.3 41.1

✓ 2.1 17.3 25.2 49.3
✓ ✓ 5.3 25.6 56.6 45.4

Table 6: Ablation on Reward Design.

diverse subtasks, requiring the model to localize a single re-
gion of interest in the target image based on visual or textual
references. As shown in Table 2, our method achieves the
best overall performance. Compared to the previous lead-
ing model, GeM-VG shows improvements on subtasks that
require discerning perception, such as static difference and
region locating, as well as those involving reasoning, such as
reasoning grounding. Unlike MIG-Bench, MC-Bench evalu-
ates the model’s ability to identify an arbitrary number of in-
stances that match the instruction. The textual instructions in
MC-Bench are categorized into three styles: referring, com-
parison, and reasoning. As shown in Table 3, our model out-
performs the base model and Migician by 12.6% and 9.7%
respectively, demonstrating superior capability in grounding
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Models

Spontaneous Grounding Referential Grounding
AVGDifference Similarity Visual Reference Textual Visual+Textual

Static Robust Common OT MV Region Refer GG Reason Co-Re

Qwen2-VL-7B (Wang et al. 2024b) 29.92 36.17 43.07 14.55 9.38 15.54 29.29 63.51 44.33 16.24 30.20

SFT (Stage 2)
CoT 76.52 51.06 89.33 80.18 68.06 80.63 80.81 85.77 62.89 39.32 71.46
Direct 76.70 50.00 89.20 82.91 69.10 86.03 80.81 87.84 45.36 26.50 69.45
Mix 73.48 52.13 90.67 83.64 68.06 82.46 82.83 87.84 61.86 36.75 71.97

RL (Stage 3)
w/o mode balancing 77.08 55.32 89.08 86.73 70.41 86.87 82.83 87.84 51.55 31.62 71.91
w/o late stage strategy 79.92 51.06 92.39 86.91 69.44 85.95 85.86 87.63 52.58 32.48 72.4
only CoT 77.08 54.26 90.92 86.55 71.53 85.95 84.85 87.22 59.79 37.61 73.58
early stage+late stage 76.89 56.38 91.53 85.82 71.53 86.20 85.86 88.66 62.89 37.61 74.31

Table 7: Ablation on Hybrid Finetuning Strategy.

multiple instances in multi-image scenarios.

Single-image/Video Grounding We also evaluate our
model on single-image and video grounding tasks. As shown
in Table 4, our model achieves strong performance across all
four benchmarks. Specifically, it outperforms UniVG-R1 by
7.8% on ODINW and 5.68% on ReasonVOS, demonstrating
superior multi-object localization, temporal understanding,
and reasoning capabilities. More details about the results are
provided in the supplements.

Multi-image Understanding Our model not only excels
in multi-image grounding, but also achieves competitive per-
formance on general multi-image understanding tasks, as
shown in Table 5. While UniVG-R1 significantly improves
over previous methods on multi-image grounding, it falls
short of Migician in broader multi-image understanding. In
contrast, our model consistently achieves superior results
across a range of benchmarks. Notably, it outperforms other
models on the counting and visual grounding subtasks of
MuirBench, demonstrating the effectiveness of our approach
for generalized multi-image grounding. More detailed re-
sults are demonstrated in the supplements.

Ablation Studies
Effectiveness of Reward Design We conduct ablation
studies to investigate the impact of different components.
Among them, the format reward mainly ensures expected
output format for consistent localization results parsing, and
the image reward provides coarse image-level supervision.
Therefore, our primary focus is on the effects of the preci-
sion and recall rewards. Experiments are conducted on sev-
eral representative ODINW subsets, encompassing a range
of challenging scenarios, such as dense objects, small-scale
targets, occlusions, and rare image domains. As shown in
Table 6, using only the precision reward leads to significant
performance drops on subsets like Aquarium and EgoHands,
where missed detections are common due to the lack of in-
centives to localize all instances. In contrast, removing the
precision reward weakens supervision on box quality, re-
sulting in more low-quality predictions and degraded AP in
some cases. Combining all reward components consistently

improves performance across all subsets, validating the ef-
fectiveness of our reward design.

Effectiveness of Hybrid Finetuning Strategy The hybrid
finetuning strategy serves as a mechanism to enhance the
overall performance of the model across various ground-
ing tasks. During SFT, we compare models trained with
pure CoT data, direct-answer data, and their combination
on MIG-Bench. As shown in Table 7, CoT-based train-
ing improves performance on reasoning-intensive tasks such
as Reason and Co-Re, but degrades on perception-oriented
tasks like Region. In contrast, combining both paradigms
achieves better overall performance, which is adopted as our
training recipe.

In the RL stage, we ablate different reward modulation
strategies. Without intervention, training quickly collapses
to direct-answer mode, leading to limited gains on reason-
ing tasks. Introducing dual-mode balancing improves per-
formance compared to no intervention by encouraging ex-
ploration of reasoning trajectories. Ultimately, by applying
a two-stage reward adjustment—balancing both completion
modes in early training and shifting toward more thoughts
on failure in later stage, the model achieves the best overall
performance, outperforming all other variants including the
pure CoT mode. These results validate the effectiveness of
our hybrid finetuning approach in achieving robust perfor-
mance across diverse multi-image grounding tasks.

Conclusion
In this paper, we propose GeM-VG, an MLLM capable of
generalized multi-image grounding while retaining strong
capabilities on single-image grounding and multi-image un-
derstanding. To endow and incentivize the base model with
multi-image grounding and reasoning capabilities, we in-
troduce the MG-Data-240K dataset and a hybrid finetuning
strategy based on R1-like reinforcement learning. Extensive
experiments demonstrate that our model achieves superior
performance across multi-image grounding, single-image
grounding and multi-image understanding benchmarks. We
hope this work will encourage further research into develop-
ing MLLMs with advanced generalized grounding capabili-
ties to support a wider range of real-world applications.
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