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Abstract
Food reasoning segmentation involves interpreting complex textual
queries to identify corresponding regions in food images, which is a
task that remains challenging for conventional supervised learning
approaches. In this paper, we propose a pioneering reinforcement
learning framework inspired by R1-Zero, tailored for food rea-
soning segmentation by integrating Multimodal Large Language
Models (MLLMs) with a segmentation module. To address chal-
lenges such as entropy collapse and response inefficiency observed
in GRPO-based training, we design a reward function that enforces
both format compliance and segmentation accuracy, and explore
the application of Decoupled Clip and Dynamic Sampling Policy
Optimization (DAPO) to reasoning segmentation. Experiments on
the FoodReasonSeg-Single benchmark show that our 3B RL-based
model outperforms existing 7B SFT-based baselines, achieving state-
of-the-art performance. These results underscore the promise of
reinforcement learning in developing compact yet powerful models
for visual reasoning in the food domain.
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1 Introduction
Reasoning segmentation [11] is the task of identifying image re-
gions corresponding to complex textual queries that describe parts
of the image. This task requires advanced visual reasoning grounded
in broad world knowledge, and has recently been addressed lever-
aging Multimodal Large Language Models (MLLMs) by integrating
their strong reasoning capabilities. In particular, solving this task
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in the food domain has great social impact for applications such as
dietary monitoring assistants and embodied cooking robots, mak-
ing the development of high-quality and lightweight models highly
desirable.

MLLMs serve as a foundation for solving diverse visual tasks by
integrating LLMs with extensive knowledge and reasoning capa-
bilities, including those in the food domain, and vision encoders
that offer multi-granular visual recognition [3]. Notably, milestone
studies have explored methods to elicit complex reasoning abilities
from MLLMs through supervised fine-tuning (SFT). Based on these
strengths, there has been a growing interest in combining MLLMs
with mask decoders to perform reasoning segmentation.

Meanwhile, recent research such as DeepSeek-R1 [8] has demon-
strated that applying reinforcement learning strategies such as
GRPO [22] to LLMs can significantly improve reasoning perfor-
mance not only in-domain but also in out-of-domain (OOD) settings.
In the context of MLLMs, similar improvements in vision-centric
tasks have been reported by incorporating R1-style reinforcement
learning strategies [10, 14, 16, 23, 27].

Reasoning segmentation also benefits from this trend [14, 15, 26].
However, RL-based training for this task faces challenges such as
instability caused by entropy collapse during training, and increased
computational cost and inference time due to longer responses.
Moreover, no prior work has applied RL-based strategies to MLLMs
in the food domain, and it is strongly anticipated that introducing
such strategies can lead to high-quality solutions for the domain.

In this study, we introduce an R1-Zero [8] style RL-based train-
ing strategy for food reasoning segmentation and validate its ef-
fectiveness. To address the common issues in GRPO-based MLLM
training such as entropy collapse and long responses, we design a re-
ward function that includes response length constraints, and adopt
DAPO [32], a promising optimization method that incorporates
higher clipping and dynamic sampling strategy.

Experiments on a food reasoning segmentation dataset show
that our 3B models trained with GRPO, with guidance from our
reward design, significantly outperform 7B models trained with
conventional SFT methods, which demonstrates the effectiveness
of RL-based training strategies. Furthermore, we report that DAPO-
based reinforcement learning achieves state-of-the-art performance
while improving training efficiency. Our results suggest that RL-
based food reasoning approaches represent a promising direction
for future research. To the best of our knowledge, this is the first
R1-Zero style reinforcement learning framework for food reasoning
segmentation.
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2 Related Work
2.1 Reasoning Segmentation
Multimodal Large Language Models (MLLMs) have demonstrated
impressive capabilities across a wide range of vision-language
tasks. Early models such as Flamingo [1], LLaVA [13], and Instruct-
BLIP [6] established a foundation for integrating visual inputs into
pretrained language models. Subsequent works have further im-
proved vision-language alignment and instruction-following ca-
pabilities [3, 12, 17]. Other research has also explored the use of
MLLMs for vision-centric tasks such as object detection [4, 31].

Reasoning segmentation is the task of segmenting regions corre-
sponding to complex text queries provided by the user, requiring
models to perform reasoning based on implicit knowledge [11]. Ex-
isting approaches, such as LISA [11], GLaMM [19], HyperSeg [28],
and SAM4MLLM [5], integrate MLLMs with external mask de-
coder modules (e.g., SAM2 [20]) to leverage the advanced reasoning
capabilities of MLLMs for understanding the implicit content of
text queries and performing segmentation. However, their training
strategies are limited to supervised fine-tuning (SFT), resulting in
restricted performance, particularly in out-of-domain settings.

2.2 Food Image Recognition with MLLMs
In the food domain, FoodLMM [30] addresses the unique chal-
lenges of food recognition, including nutritional inference and
food reasoning segmentation. By combining food-specific datasets,
task-specific heads, and reasoning-guided fine-tuning, FoodLMM
improves performance on tasks such as nutrient estimation and rea-
soning segmentation. Nevertheless, its reliance on SFT still limits
its reasoning flexibility, especially for complex or novel queries.

Several studies have explored the use of MLLMs for nutrient es-
timation from meals [9, 24, 25, 29]. Accurate and flexible estimation
of meal regions plays a crucial role in enhancing nutrient estima-
tion [2, 25], highlighting the importance of high-quality reasoning
segmentation for advancing downstream food-related tasks.

2.3 RL-based Multimodal Reasoning
Reinforcement learning (RL) has recently emerged as a promising
tool to improve reasoning capabilities in LLMs and MLLMs. Typ-
ical methods such as PPO [21], RLHF [18], and ReST [7] laid the
groundwork for RL in language models. More advanced techniques,
including GRPO [22] and DAPO [32], have enabled efficient and
stable policy optimization for structured reasoning.

GRPO introduced group-based advantage normalization together
with PPO-style clipping and KL penalty policy updates, facilitat-
ing stable RL training for long-chain reasoning. However, it tends
to produce overly verbose outputs, which can reduce efficiency
and potentially degrade accuracy. DAPO improves upon GRPO by
introducing decoupled clip, which relaxes constraints on proba-
bility increases for low-likelihood tokens, and dynamic sampling,
which oversamples and filters out uniformly rewarded groups to
preserve effective gradient signals. These techniques, along with
other enhancements, enable more expressive yet controlled policy
updates.

In the context of reasoning segmentation, Seg-Zero [14] intro-
duced an RL-based approach where MLLM generates chain-of-
thought outputs that guide the segmentation model via bounding
boxes and point prompts. This decoupled architecture, optimized via
reinforcement learning with verifiable rewards, achieves superior
performance in zero-shot settings. In the context of multimodal rea-
soning, VisionReasoner [15] proposed a unified reward framework
to train a single model on detection, segmentation, and counting
tasks, achieving comprehensive performance in multiple tasks.

However, these studies do not sufficiently explore optimization
methods beyond GRPO, and further evaluation in the food domain
should be conducted. Building on these insights, we explore the
application of DAPO to reasoning segmentation in the food do-
main. By applying DAPO together with a reward function designed
to enforce format compliance and segmentation accuracy, our ap-
proach enhances training stability and efficiency while encouraging
concise yet accurate reasoning in the food domain.

3 Method
3.1 Model Architecture
We adopt a decoupled architecture that pairs MLLM with frozen
segmentation module, following Seg-Zero [14], as illustrated in
Figure 1. Let 𝑥 ∈ R𝐻×𝑊 ×3 be an input image and 𝑞 a textual query.
The MLLM defines an auto-regressive policy over output tokens

𝜋𝜃 (𝑆 | 𝑥, 𝑞) =
𝑇∏
𝑡=1

𝜋𝜃 (𝑠𝑡 | 𝑥, 𝑞, 𝑠<𝑡 ), (1)

where 𝑆 = [𝑠1, . . . , 𝑠𝑇 ] is the generated sequence. We structure
𝑆 into two semantically distinct parts enclosed by format tags:
a reasoning chain 𝑟 within <think>...</think> and a compact
answer 𝑔 within <answer>...</answer>. The answer 𝑔 serializes
up to 𝐾 ≤ 𝐾max segmentation references as a set of object prompts

P̂ = {(𝑏𝑖 , 𝑝𝑖 )}𝐾𝑖=1 (2)

The segmentation module S is an external mask decoder with a
prompt encoder that accepts boxes and points. Given (𝑏𝑖 , 𝑝𝑖 ) and the
image 𝑥 , it returns a binary mask𝑚𝑖 = S(𝑥 ;𝑏𝑖 , 𝑝𝑖 ) ∈ {0, 1}𝐻×𝑊 .

This design yields clear responsibilities: the MLLM handles mul-
timodal reasoning and structured geometric specification, while
the mask decoder ensures accurate delineation under fixed visual
priors.

In our training recipe, only the MLLM parameters 𝜃 are updated
while S remains frozen. The MLLM thus learns to produce reason-
ing chains that are concise yet sufficient, and to emit geometrically
well-formed (𝑏𝑖 , 𝑝𝑖 ) that are compatible with the frozen decoder’s
prompting space. The decoupling keeps the high-capacity percep-
tion of S intact and shifts credit assignment to the language policy,
which we optimize with RL objectives described in Section 3.3.

3.2 Reward Design
Following VisionReasoner [15], the total reward is defined as the
sum of four components: thinking-format, answer-format, non-
repeat, and segmentation-accuracy rewards. Let Gbbox = {𝑏 𝑗 }𝑁𝑗=1
be the set of 𝑁 ground-truth bounding boxes and Gpt = {𝑝 𝑗 }𝑁𝑗=1
the set of 𝑁 ground-truth representative points.
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Could you help me identify the
savory dish in the photo and what
ingredient gives it a tangy flavor?
Please output segmentation mask.

…

Multi-Modal LLM
🔥

Prompt Encoder

Vision Backbone

Mask
Decoder

…

Group for Advantage Estimation

❄️

❄️ ❄️

Reasoning Tokens

Seg-Ref Tokens

…

🔥 Trainable
❄️ Frozen

Figure 1: Overview of our model architecture. A trainable MLLM produces a reasoning chain and serialized segmentation
references, which are consumed by a frozen segmentation module to output the final mask.

The thinking-format reward 𝑅tf enforces that the output follows
a strict reasoning–answer separation format, where the reasoning
process is enclosed in <think>...</think> and the final answer
in <answer>...</answer>.

The answer-format reward 𝑅af ensures that all predicted bound-
ing boxes and representative points have the correct dimensionality.
Let {(𝑏𝑖 , 𝑝𝑖 )}𝐾𝑖=1 be the𝐾 predicted object references, where𝑏𝑖 ∈ R4

denotes a bounding box and 𝑝𝑖 ∈ R2 denotes a representative point:

𝑅af =
1
𝐾

𝐾∑︁
𝑖=1

(
I[𝑏𝑖 ∈ R4] + I[𝑝𝑖 ∈ R2]

)
, (3)

where I[·] returns 1 if the dimensionality condition is satisfied and
0 otherwise.

The non-repeat reward 𝑅nr penalizes overly verbose reasoning
by checking for repeated sentences in the reasoning part of the
output and rewarding outputs in which the number of repetitions
is below a predefined threshold 𝐷dup.

The segmentation-accuracy reward 𝑅seg evaluates spatial align-
ment between predicted and ground-truth references, combining
region overlap and positional precision. The Hungarian algorithm
is applied to match predictions to ground truth, yielding M =

{(𝑏𝑖 , 𝑏 𝑗 )} andM′ = {(𝑝𝑖 , 𝑝 𝑗 )}:

𝑅bboxIoU =
1

max(𝑁,𝐾)
∑︁

(𝑏𝑖 ,𝑏 𝑗 ) ∈M

I[IoU(𝑏𝑖 , 𝑏 𝑗 ) > 𝜏IoU], (4)

𝑅bboxL1 =
1

max(𝑁,𝐾)
∑︁

(𝑏𝑖 ,𝑏 𝑗 ) ∈M

I[∥𝑏𝑖 − 𝑏 𝑗 ∥1 < 𝜖bbox], (5)

𝑅
pt
L2 =

1
max(𝑁,𝐾)

∑︁
(𝑝𝑖 ,𝑝 𝑗 ) ∈M′

I[∥𝑝𝑖 − 𝑝 𝑗 ∥2 < 𝜖pt ∧ 𝑝𝑖 ∈ 𝑏𝑖 ] .

(6)

The segmentation-accuracy reward is then formulated as

𝑅seg = 𝑅bboxIoU + 𝑅bboxL1 + 𝑅ptL2 . (7)

Finally, the total reward is

𝑅total = 𝑅tf + 𝑅af + 𝑅nr + 𝑅seg . (8)

3.3 Policy Optimization Strategy
3.3.1 Group Relative Policy Optimization. Group Relative Policy
Optimization (GRPO) [22] is introduced to simplify policy training
by eliminating the need for a value function. Instead, it estimates
the advantage of each sample based on its relative position within
a group of responses. Specifically, for a given question–answer pair
(𝑞, 𝑎) from the data distribution D, the behavior policy 𝜋𝜃old gener-
ates a set of 𝐺 responses {𝑜𝑖 }𝐺𝑖=1. The advantage of each response
is computed by standardizing its total reward against the group
statistics as follows:

𝐴𝑖,𝑡 =
𝑅𝑖 −mean({𝑅 𝑗 }𝐺𝑗=1)

std({𝑅 𝑗 }𝐺𝑗=1)
, (9)

where 𝑅𝑖 is the sequence-level reward for the 𝑖-th response 𝑜𝑖 .
GRPO adopts a clipped surrogate loss with an explicit KL diver-

gence penalty to ensure stable updates:

JGRPO (𝜃 ) = E(𝑞,𝑎)∼D, {𝑜𝑖 }∼𝜋𝜃old ( · |𝑞)

[
1
𝐺

𝐺∑︁
𝑖=1

1
|𝑜𝑖 |

|𝑜𝑖 |∑︁
𝑡=1

min
(
𝑟𝑖,𝑡 (𝜃 )𝐴𝑖,𝑡 , clip

(
𝑟𝑖,𝑡 (𝜃 ), 1 − 𝜀, 1 + 𝜀

)
𝐴𝑖,𝑡

)
− 𝛽𝐷KL (𝜋𝜃 ∥𝜋ref)

]
,

(10)

where

𝑟𝑖,𝑡 (𝜃 ) =
𝜋𝜃 (𝑜𝑖,𝑡 | 𝑞, 𝑜𝑖,<𝑡 )
𝜋𝜃old (𝑜𝑖,𝑡 | 𝑞, 𝑜𝑖,<𝑡 )

.

3.3.2 Decoupled Clip and Dynamic Sampling Policy Optimization.
To address the limitations of GRPO, we adopt Decoupled Clip and
Dynamic Sampling Policy Optimization (DAPO) [32]. This method
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enhances sample efficiency and optimization stability by modifying
the clipping mechanism and filtering strategy.

DAPO decouples the clipping range into asymmetric bounds,
where lower-probability tokens receive a wider allowance to in-
crease, thereby encouraging exploration. Furthermore, it introduces
a dynamic sampling constraint, which selects only partially correct
samples (i.e., those whose reward is strictly between 0 and 1) to
compute the gradient. These improvements enable more expressive
updates while suppressing trivial or degenerate policies.

Let 𝑇 =
∑𝐺
𝑖=1 |𝑜𝑖 | denote the total number of tokens in the sam-

pled group. The training objective of DAPO is defined as follows:

JDAPO (𝜃 ) = E(𝑞,𝑎)∼D, {𝑜𝑖 }∼𝜋𝜃old ( · |𝑞)

[
1
𝑇

𝐺∑︁
𝑖=1

|𝑜𝑖 |∑︁
𝑡=1

min
(
𝑟𝑖,𝑡 (𝜃 )𝐴𝑖,𝑡 , clip

(
𝑟𝑖,𝑡 (𝜃 ), 1 − 𝜀low, 1 + 𝜀high

)
𝐴𝑖,𝑡

)]
s.t. 0 < |{𝑜𝑖 | is_equivalent(𝑎, 𝑜𝑖 )}| < 𝐺,

(11)
where 𝜀low, 𝜀high > 0 define the asymmetric clipping range.

DAPO facilitates faster convergence and more diverse responses
without compromising output quality. In large-scale experiments,
it has shown superior performance in reasoning tasks with fewer
training steps, making it a potentially effective strategy for rein-
forcement learning with MLLMs.

4 Experiments
4.1 Implementation Details
We employed Qwen2.5-VL 3B [3] as the MLLM, and SAM2 [20] as
the segmentation module. During training, only the MLLM was
made trainable, while the segmentation module was kept frozen.
We employed gradient clipping with a maximum norm of 1.0 to
stabilize training.

The threshold values for the reward function were set to 𝜏IoU =

0.5, 𝜖bbox = 10, and 𝜖pt = 30. The clipping bound for GRPO was
set to 𝜀 = 2.0, while the lower and upper clipping bounds for
DAPO were set to 𝜀low = 2.0 and 𝜀high = 2.8, respectively. For
DAPO, we utilized token-level policy gradient loss with an overlong
penalty of 0.1 to discourage excessively long responses thatmight be
truncated. During the rollout phase, we generated 𝐺 = 8 responses
per question using temperature sampling with 𝜏 = 1.0. We report
the results after training GRPO and DAPO for 100 and 50 steps,
respectively. All experiments were conducted with 4 ×A6000 GPUs.

4.2 Dataset
To simplify RL-based training and evaluation, we constructed a
modified dataset, FoodReasonSeg-Single, based on FoodReasonSeg
dataset [30].

For training, we utilized the multi-turn question–response mask
annotations associated with FoodReasonSeg. For each question, we
merged all response masks across turns into a single composite
mask to serve as the ground truth. This design choice was informed
by our experimental results, which indicated that merging multiple
responses leads to higher performance compared to training on a
single-turn mask. By adopting this merged-mask setup, the model is

Table 1: Evaluation results on the FoodReasonSeg-Single
benchmark. † indicates results reproduced using our imple-
mented evaluation script using the weights and prompts
released in the repository of FoodLMM. ∗ indicates that re-
sponse samples where no mask was output were excluded
from the evaluation metrics

Method gIoU cIoU

Qwen2.5-VL 3B + SAM2 0.07 0.08
LISA 7B [11] † 0.19 0.19
FoodLMM-Chat 7B [30] †∗ 0.25 0.20
Ours (3B, GRPO) 0.46 0.41
Ours (3B, DAPO) 0.51 0.45

encouraged to explore a broader range of regions while the reward
function and training strategy serve to limit unnecessary outputs.

However, this approach tends to cause the model to predict
multiple food regions as the number of steps increases. To mitigate
this issue, we incorporate early stopping during training. Future
work should explore approaches that balance broad exploration
with long-term training.

During evaluation, we assess the quality of mask prediction by
comparing the predicted mask to a single corresponding response
mask for each question, treating it as the ground truth.

Following prior studies [11, 14, 30], we evaluate segmentation
quality using both gIoU and cIoU. The gIoU is defined as the average
of per-image IoUs, while cIoU measures the ratio of cumulative
intersection over cumulative union across the dataset.

4.3 Results
We evaluate our method on the FoodReasonSeg-Single benchmark.

Table 1 shows the quantitative results in terms of gIoU and cIoU.
Our 3B model with GRPO significantly outperforms existing SFT-
based baselines, including LISA 7B [11] and FoodLMM-Chat 7B [30],
with a 0.21 gain in both gIoU and cIoU compared to FoodLMM. Fur-
thermore, applying DAPO yields additional improvements, achiev-
ing 0.51 gIoU and 0.45 cIoU, demonstrating the effectiveness of the
policy optimization strategy.

Figure 2 presents the response examples of reasoning segmenta-
tion, covering prior work as well as our models.

FoodLMM directly conditions the mask decoder on LLM features
at the time of seg-token generation, which differs from our ap-
proach that uses segmentation references. Inspecting the FoodLMM
response text shows that it has an object hallucination of a pump-
kin in the image. As a result, the mask decoder is conditioned on a
nonexistent region, leading to extract no region masks.

For the baseline, Qwen2.5-VL fails to output a parseable response
format. As a result, the mask decoder cannot be conditioned by
segmentation references, and the model fails to produce a mask.

By contrast, our models trained with GRPO and DAPO emit valid
segmentation references and successfully output masks. Examining
the respective thinking texts reveals that an object hallucination
of sweet potatoes causes the segmentation reference to focus on
the vegetables under GRPO. Consequently, the predicted mask
also focuses on the vegetables, failing to target the steak, which



Decoupled Clip and Dynamic Sampling Policy Optimization for Food Reasoning Segmentation MMFood ’25, October 27–31, 2025, Dublin, Ireland.

Can you identify an ingredient from this image that helps with muscle recovery? Please output segmentation mask.

<think>The ingredient that helps with muscle recovery is likely to be a protein source, such as beef or
chicken. In this image, the main protein source is the steak.</think><answer>...</answer>

<think>The image shows a plate with a piece of meat, a serving of roasted vegetables, and a side of
broccoli. Among the vegetables, sweet potatoes are a good source of carbohydrates, which can help with
muscle recovery.</think><answer>...</answer>

Qwen2.5-VL 3B + SAM2
+ DAPO (Ours)

Qwen2.5-VL 3B + SAM2
+ GRPO (Ours)

Yes, indeed. Pumpkin [SEG1] is a great source of antioxidants, particularly beta-carotene, which is known
for aiding in muscle recovery.FoodLMM-Chat 7B

(incorrect format for parsing segmentation references)Qwen2.5-VL 3B + SAM2

Input Image

Ground Truth Base + DAPO (Ours)Base + GRPO (Ours)FoodLMM-Chat 7B Qwen2.5-VL 3B +
SAM2 (Base)

Seg-Ref (GRPO) Seg-Ref (DAPO)

(format parsing failure)(no use of Seg-Ref)

User

Figure 2: Reasoning segmentation results. Our models trained with GRPO and DAPO generate segmentation references, with
DAPO focusing on the steak region close to the ground truth.

corresponds to more appropriate region. In contrast, the model’s
thinking process correctly focuses on the steak, producing a mask
close to the ground truth.

These results demonstrate that our framework substantially mit-
igates object hallucinations and yields a more effective reasoning
process compared with existing methods. Moreover, our architec-
ture is modular and readily adaptable to diverse tasks, and the re-
sponses present the model’s explicit reasoning process in a clearer
and more inspectable form.

5 Discussion and Future Work
Future work includes exploring training strategies that balance
broad exploration with stable long-term optimization. Our experi-
ments revealed that training with multi-object masks sometimes
led the RL model to extract multiple regions when the number of
training steps increased. Conversely, using single-object ground
truth limited the upper bound of achievable scores. For this reason,
we adopted multi-object masks in this study. A promising future di-
rection is to investigate trade-offs between broad exploration—such
as training with multi-object masks to boost cold-start perfor-
mance—and stable optimization that avoids over-segmentation.

In addition, incorporating staged training from the SFT phase
could better leverage the strengths of R1-style training. Verifiable
rewards for region mask quality are also promising fields for further
improving segmentation accuracy. Additionally, more comprehen-
sive evaluations on out-of-distribution data are required to validate
the robustness of RL-based food reasoning segmentation.

6 Conclusion
We introduced an R1-Zero–style reinforcement learning framework
for food reasoning segmentation. By designing the reward func-
tion and applying RL-based training strategy such as GRPO and
DAPO, our method achieves superior performance on food rea-
soning segmentation. Notably, our 3B model outperforms existing
7B SFT-based baselines, highlighting the effectiveness of our RL-
based training for multimodal reasoning. These findings highlight
reinforcement learning as a promising foundation for developing
high-quality models in the food reasoning domain.
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