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Abstract

Visual understanding is inherently intention-driven—humans
selectively focus on different regions of a scene based on
their goals. Recent advances in large multimodal models
(LMMs) enable flexible expression of such intentions through
natural language, allowing queries to guide visual reason-
ing processes. Frameworks like Visual Chain-of-Thought
have demonstrated the benefit of incorporating explicit rea-
soning steps, where the model predicts a focus region be-
fore answering a query. However, existing approaches rely
heavily on supervised training with annotated intermedi-
ate bounding boxes, which severely limits scalability due to
the combinatorial explosion of intention-region pairs. To
overcome this limitation, we propose VISRL, the first frame-
work that applies reinforcement learning (RL) to the problem
of intention-driven visual perception. VISRL optimizes the
entire visual reasoning process using only reward signals.
By treating intermediate focus selection as an internal de-
cision optimized through trial-and-error, our method elim-
inates the need for costly region annotations while align-
ing more closely with how humans learn to perceive the
world. Extensive experiments across multiple benchmarks
show that V1sRL consistently outperforms strong baselines,
demonstrating both its effectiveness and its strong gener-
alization across different LMMs. Our code is available at
https://github.com/zhangquanchen/VisRL.

1. Introduction

Visual understanding is a fundamental problem in com-
puter vision, enabling machines to interpret and interact
with their surroundings [22, 41, 59]. Traditional meth-
ods of visual perception often process entire scenes uni-
formly [9, 11, 25, 47, 69], without considering the intent
behind a given task. However, human perception is inher-
ently intention-driven — people focus on different aspects
of a scene depending on their goals. For example, when en-
tering a room, a person searching for a television remote will
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Figure 1. Illustration of using RL to optimize the visual reasoning
process. SFT trains with densely annotated training data for sev-
eral epochs. VisRL leverages self-generated data and self-provided
rewards to iteratively update the model using step-level DPO. This
RL process removes the need for bounding box annotations, en-
abling a more human-like, intention-driven visual perception.

scan tables and couches, while someone checking the time
will look at the walls for a clock. This context-dependent ap-
proach to visual perception suggests that intelligent models
should also adapt their focus based on the task at hand. This
leads to the problem of intention-driven visual perception,
where the goal is to dynamically determine the most relevant
regions of an image based on a given query or task [51].
With the advent of large multimodal models, the inten-
tion in perception tasks can now be expressed in a highly
flexible way, which is natural language. Common LMMs,
such as LLaVA [34] and Qwen-VL [56], first encode visual
signals into tokens, and then both visual and text tokens are
jointly processed by the large language models to produce
final outputs. Despite showing powerful ability in many
tasks [12, 26, 32, 57, 68, 70], this kind of one-pass end-to-
end LMMs still suffer from hallucinations [20] and do not
explicitly address the intention-driven visual perception prob-
lem. Further extending this paradigm, instead of treating the
entire process as a single black-box inference, recent works
have proposed frameworks like Visual Chain-of-Thought
(Visual CoT [48]). These methods introduce an explicit rea-
soning step where the model first predicts a bounding box


https://github.com/zhangquanchen/VisRL

____________

=== : CoT reasoning flow = : LMM training flow

Dataset with bounding boxes \

I
Bnundm;., Box| |

?I

____________

Step-level DPO
— ___J

Step -level
DPO

MRL stagel

Bounding Box
Preference Pairs

MSFT E

A

Slep -level »
DPO

o)

! { Self-Evolution Data Generati
1
1

7

VisRL

RL Iterations

~

= / Question: What is the man holding in his hand?
;i N > Bk

76 (Byin | %) 75 (Blose 1)

Pg(6) =1 I — Bl
5 0gt7< ! E”fe'f(Bwin 1x) 2 og”ref(Blose Ix))
MRL—xlagez LStagEI(B) - 7]EH(PH(9))
He is holding a coffee cup. > He put his hands into his pocket.
75 (Ryin 1 %) m(Rise | %)
P(é):lugn(ﬁ' LI — Blog )
J “ T aRyin 12) ri(Rlose | %)
(@) Lstagez(0) = ~[1Ep ("s(é)) + ArEg (Pk(é))]

\ Reinforced Visual Reasoning with Step-level DPO /

Figure 2. The schematic illustration of our VisRL framework. VIsRL first utilizes a small amount of data for SFT warm-up, but in the
subsequent RL training phase, it can leverage large-scale data without bounding box annotations. The RL phase of VisRL consists of
iterative cycles of data generation and optimization, and k in the figure indicates the iteration index. The data generation process does not
rely on external models or annotations; instead, it employs the model itself for data synthesis and scoring. The optimization step adopts
step-level DPO to ensure the model learns each step of the reasoning process. In summary, VisRL enables intention-driven visual perception
by leveraging RL to learn from task rewards without requiring annotations and external helps.

representing the critical region to focus on, crops the image
to extract this region, and then feeds the cropped visual input
back to the multimodal model. By conditioning the final
answer on both the query and the selected focus area, this
approach not only improves interpretability but also helps
leverage the multi-turn in-context learning capabilities of the
underlying LMM.

However, despite the advantages brought by methods like
Visual CoT, these approaches also impose extremely high
requirements on training data. Existing methods rely on
supervised learning to teach models to produce intermediate
reasoning steps. Specifically, for each intention or query, the
training process requires corresponding bounding box anno-
tations to guide the model in identifying the correct focus
area. This dependence on exhaustive annotation is imprac-
tical, as the same image can correspond to vastly different
regions depending on the request. As a result, the annota-
tion complexity grows combinatorially with the diversity of
queries, making it impossible to cover all potential cases in
a scalable manner.

In this work, we propose a novel learning framework
VisRL that optimizes the entire reasoning process based
solely on rewards and feedback from the task itself, rather
than dense annotations (shown in Figure 1). Specifically,
we treat the success or failure of the task as a reward signal
and apply reinforcement learning (RL) to train the model.
Our approach requires no bounding box annotations, thereby
addressing the scalability challenge posed by annotation
requirements. Furthermore, this learning paradigm aligns
more closely with how humans acquire perceptual skills —
humans do not learn to focus on specific regions through
meticulously annotated training data for each task, but rather
through trial-and-error interaction with the environment,
gradually developing the ability to adaptively zoom into
relevant regions. By leveraging this reward-driven learning
strategy, our framework enables intention-driven visual per-
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ception in a more flexible, scalable, and human-like manner.

VisRL adopts an iterative DPO framework to complete
the RL process for visual reasoning. This framework consists
of multiple cycles of data generation and model optimization.
During the data generation phase, we introduce a diversity
controller to ensure that the generated bounding boxes cover
a wide variety of potential focus regions. Additionally, we
apply a filtering mechanism to select questions with appropri-
ate difficulty levels for the current model and to identify the
most effective preference pairs associated with each question.
During the model optimization phase, we apply a step-level
DPO algorithm, ensuring that the model learns to optimize
every step of the visual reasoning process.

Our contributions can be summarized as follows.

* We present VisRL, the first framework to apply RL to the
problem of intention-driven visual perception. By address-
ing the data annotation bottleneck, VIsRL establishes a
learning process that is much closer to human-like visual
understanding.

* We design a tailored data generation pipeline for VIsRL,

incorporating both a diversity controller to enhance visual

exploration and further use a step-level DPO algorithm to
fully exploit the collected data.

Extensive experiments across multiple benchmarks demon-

strate that VIsRL consistently outperforms strong base-

lines. Moreover, our results show that the effectiveness
of VisRL generalizes well across different multimodal
models, highlighting its broad applicability.

2. Related Work

Multi-modal Large Language Models With the advance-
ment of large language models (LLMs) [1, 2, 4, 6, 7, 17,
19, 24, 42, 43, 52, 54, 55, 65, 71], multi-modal large lan-
guage models which integrate vision and language modali-
ties have also experienced rapid development. This progress



enables Al systems to better perceive and understand the
real-world interplay between visual and textual information.
Notable methods like LLaVA [34] aligns image tokens with
pre-trained LLMs by training a projector, while other ap-
proaches utilize a Q-Former [29, 30] to learn image embed-
dings via learnable queries after extracting image features.
These LMMs provide strong base models for VisRL, as they
have the capability to process both visual and language data
simultaneously, enabling the completion of the reasoning
process.

Intention-Driven Visual Models Recently, several meth-
ods have attempted to enhance models’ intention-driven vi-
sual perception capabilities. VisCoT [48] employs a multi-
turn interpretable processing mechanism with bounding
boxes that dynamically focus on visual inputs. Similarly,
SpatialCoT [37] achieves spatial grounding through spatial
coordinates, while SegLLLM [58] leverages mask-labeled
data to enable reasoning about complex user segmenta-
tion intentions. V* (SEAL) [61] provides an LLM-guided
search mechanism for efficient visual querying. Besides,
both MLLM-TPO [64] and VisionLLM v2 [60] achieve
intention-driven perception by training decoders for spe-
cific downstream tasks. Additionally, MVoT [28]introduces
a text-image-text reasoning paradigm by training on inter-
leaved data. These methods generally follow the super-
vised learning (SL) paradigm, therefore heavily relying on
dense-labeled data (e.g., bounding boxes, spatial coordi-
nates, masks, multi-round reasoning conversations), which
constrains their ability to scale further. Instead, VISRL uses
rewards as learning supervision and gets rid of the require-
ment on dense annotations. On the other hand, several meth-
ods employ tool-usage for enhancement. Specifically, AU-
RORA [5] leverages specialized detection models, while
Plug-and-Play [8] adopts a multi-agent framework. Besides,
ViRReq [51] leverages the knowledge base to decompose
visual recognition. However, these approaches rely on exter-
nal models or knowledge, but not focusing on enhancing the
intrinsic capabilities of the models themselves, while VIsRL
tries to completing the task via learning to reasoning by the
model itself.

Multimodal Models with Chain-of-Thoughts Chain-of-
Thought (CoT) reasoning plays an important role for LMMs.
The methods can be broadly categorized into two types. (1)
Text-thought methods [10, 15, 23, 53, 63] elicit textual CoT
reasoning of LLMs in visual reasoning tasks by introducing
text thinking tokens inspired by [21], guiding towards the
final response. Differently, VisRL emphasizes that visual
information should be involved in the reasoning process to
fully leverage the strengths of multimodal models, rather
than relying solely on language tokens for reasoning. (2)
Multi-modal-thought methods involves multimodal informa-
tion in the reasoning process. The Mind’s Eye [62] elicits
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spatial reasoning of LLMs by visualizing their reasoning
traces. Additionally, [37, 48, 58] first generate visual marks
(e.g. bounding boxes, spatial coordinates, masks), and subse-
quently perform CoT reasoning based on these fine-grained
visual marks. These works still uses SL for optimization
while VisRL first explores RL in this direction. Besides, re-
cent repositories [38, 49] also tried to enhance the bounding
boxes (bboxes) generation through RL, but they uses ground
truth bboxes to give rewards, which is still limited by dense
annotation data.

3. Methodology

Preliminary. Reinforcement Learning [14] stands out as
a highly effective method for significantly bolstering the
robustness, factual accuracy, and safety of large language
models [40]. The method consists of two key training stages,
namely the reward model training and the policy model train-
ing. To avoid this complex training pipeline, [45] proposed
Direct Preference Optimization (DPO). DPO streamlines the
process by directly leveraging pair-wise preference data to
optimize the policy model with an equivalent optimization
objective. Specifically, given an input prompt x, and a pref-
erence data pair (Ywin, Yiose )» DPO aims to maximize the
probability of the preferred output y,,;,, and minimize that
of the undesirable output ¥;,s.. The optimization objective
is formulated as:

ﬁDPO(e) = —E(maywin5ylose)~D(P(9))7

where D is the pair-wise preference dataset, and Py is:

(D

2)
o is the sigmoid function, 7y (- | «) is the policy model
to be optimized, 7 .f(- | «) is the reference model kept
unchanged during training, and the hyperparameter /3 serves

to regulate the proximity of the policy model to the reference
model.
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Method overview. As shown in Figure 2, VisRL adopts
DPO to optimize the entire visual reasoning process due to
its simplicity. Our method leverages the final task success or
failure as the outcome reward, and the grades of intermediate
steps as the process reward, guiding the model to gradually
refine its reasoning process through reinforcement learning.
This reasoning process is divided into two steps. In the first
step, the model generates a bounding box B representing
the focused area based on the given query or question () and
the original image I. In the second step, the cropped region
I? corresponding to the bounding box, together with the
original image and the question, is fed into the multimodal
model to produce the final response R.

In Section 3.1, we will describe the data generation pro-
cess required to support this two-stage reasoning pipeline.



In Section 3.2, we will introduce the optimization strategy,
explaining how stepwise DPO is applied to enable the model
to aquire intention-driven visual perception ability.

Notably, this data generation and optimization process
will be iterated multiple times. The improved model can
collect better data, and the better data will further refine the
model. The initial model before RL training is denoted with
MY, , and the model which is updated with k iterations is
denoted with M% ;.

4 B
Gl @
(&) Diversity @
M, N\ Controller M, R, @
By: 1.0 © Ry: 09 ©
By: 0.0 Ry: 0.0 ©®
»Mmg N times
. . Y
\ Self-Evolution Data Generation R /

Figure 3. The schematic illustration of our data generation pipeline.
Here M?%,; denotes the model updated with k iterations of data gen-
eration and optimization, and M4 is the original model. VisRL
uses M5, to generate samples, and use Mrg to provide rewards.
Hence, different versions of a single model are used in this self-
evolution data generation process, and no bounding box annotations
and external models are introduced in this process.

3.1. Data Generation

Before RL training, we use SFT as a warm-up stage. This
stage changes the original model M,,, into Mgprr, so
Mgy is M%; . This stage requires bounding box annota-
tions, so we directly use samples from VisCoT dataset [48].
Our intent here is just making the model have the basic abil-
ity to generate bounding boxes in specific format. Therefore,
the used data amount is relatively small here (30k in ours and
438k in VisCoT). The second part of our source datasets con-
sists of question-answer pairs from nine source datasets that
span five distinct domains, with the majority of them being
Visual Question Answering (VQA) and Image Captioning
datasets. These are specifically used for constructing prefer-
ence data for RL training, therefore requiring no bounding
box annotations. We use an additional 180k data here. In
Alg. 1, we explain how we construct preference data based
on our source datasets in details.

Self-evolution. The critical parts for enabling effective RL
learning is generating CoT data, and providing reward sig-
nals. Unlike previous manual annotation methods, which is
infeasible for providing widely enough coverage for all possi-
ble cases, or approaches that rely on more powerful external
models, which is more like distillation rather than allowing
the model to learn on its own, we adopt a strategy that does
not depend on external capabilities—instead, leveraging the
model’s own self-evolution. To achieve this, we sample from
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Algorithm 1: Self-Evolution Data Generation

Input: One sample from the source dataset including question Q, image I,
and response R. The original model M4 to provide criticism.
The model updated with k RL iterations M’E 1, to generate
bounding boxes (b-boxes) and responses.

// Hyperparams in experiments: N = 5,

b b
Tmax = Tmax = 08/ Tiin = Tin = 0.2

1 Candidate preference pool P < (.

2 fori=1toNdo

3| Bin=MEL(QI).Bio = My (Q,1):
4 if IoU (B;.1, Bi2) > T then

5 L Bi2 = Rs(Uz(Bi,1)) // Refer to Eqn.(3).
Increase b-boxes diversity.

// Crop sub-images and generate responses
If,l < crop(I, B; 1), I,fg <« crop(I, B; 2);
R;1 = MI}C?,L(Q) I, If,l)’ R; 2 = MIIC:{L(Q7 I, 15,2);
// Score b-boxes and responses
Si‘?,l = Morg(Q, I 1, R), 3?,2 = Morg(Q, If,zv R);
si1 = Morg(Q, Rij1, R), 87 5 = Morg(Q, Ri 2, R);
pin=(Q,I,Bi1,17 1, Rix,s% 1,87 1),

pi,2 = (Q,1,Bi2, I} 5, Ri 2, 55,27 8i2)
P+ PU{pi1,piz2};

}

Puin = {pi | st > T,

max
b b
Prose = {Pz‘ | 55 < Tain
L — aro mes b . P
ib, = arg MaXp,€p, iy Si» br = AT MAXp, €py i S
if i, = i, then

Pwin < Piy /iy

T =0.2,

and s} > T

max

r
Timin

and s7 <

r
i

b . _ : T
€Plose Si,1p = arg rmnpieplosc S;

iy = argminy,;

if 7, = 7,. then
Piose <= Piy /iy

return (P in, Plose) When they both have values // filter the
sample that is too hard/easy for current model

Mg multiple times to generate CoT data with as much
diversity as possible, while use M., to provide criticism.
This approach not only showcases the intrinsic capabilities
of the model, but also facilitates a more effective adjustment
of the predicted probability distribution toward a stable state
through self-generated data.

Sample generation and rewarding. For each input ques-
tion and image (Q, I), we first sample from M gpr twice to
obtain the bounding boxes B; and By, respectively. Then,
we introduce a diversity controller to ensure diversity of
bounding boxes. Specifically, we update By according to
the Intersection over Union (IoU) and the rejecting threshold
value 7 between B; and Bs, which is formulated as:

Bs, IoU (B1,By) < T
Rs(Ur(B1)), ToU(By,By) > T

By = 3)

where Uz (B1) is a set of bounding boxes that are outside
of B; but within image I. The operator Rs(-) represents
a random selection from the set Uz (B1), and has an area
differing by no more than S compared to Bj.

Based on the bounding boxes B; and BQ, we crop the
sub-image I7 and I5 from I, respectively. Then, we in-
put (Q,I,I) and (Q, I,I3) to the model to obtain final



responses R; and R, separately. At this point, we have
completed the sampling of two distinct CoT reasoning paths.
Then, we should evaluate whether the paths are good or
not. VIsRL uses the original model before SFT stage M,
as a critic to score the pairs By, By and Ry, R,. Scores for
the bounding boxes and the final responses are denoted with
%, s and s7, sb, respectively. For more details including
prompt designs, please refer to Sec. 3 in the Supp. Mat..

Data filtering. For each input question and image, repeat-
ing the above data generation process N times, we will
obtain a set of 2N candidates P = {p1, p2, ..., p2n }, Where
each p contains original question, image, one bounding box,
cropped sub-image, the final response and two scores, i.e.,
bi = (Qa Ia Biv Izsa Ria S?v S:)

Moreover, to ensure the validity of preference data pairs
in the candidate set P, we apply filtering by setting win and
lose thresholds, 7,2, and T,2.  for bounding boxes , 7, ...
and 7, . for responses:

Pwin = {pi ‘ 5? > Tnl;a,x and 5: > Tmrax}

} .
For the current question and image (Q, I), if the win set and
the loss set is not empty, this question and image and its
corresponding generated data are preserved. The intuition
here is that we apply a filter to the questions in the dataset,
selecting those with a difficulty level suitable for the current
model. Questions that are too difficult will prevent the model
from generating meaningful answers, while questions that
are too easy will result in the model producing correct an-
swers across the board. Both of these types of questions will
be filtered out during the current training round. However, as
the model’s capabilities are updated and strengthened, less
data are filtered in the next iteration, as indicated by Data
Num. of VisRL-Full vs. VisRL-Full-Iter1 in Tab. 6.

Then, for each preserved question, we select the
most representative path from each set to obtain the
win-lose preference pairs, denoted as (Puwin,Diose) =
(Cimaz (Pwin)s Crmin(Piose)). In the case of Cpqy, it is re-
quired that both s” and s” of p; are the maximum over
the other elements in the set P,;,. Conversely, C,,;, re-
quires that both scores are the minimum in the set Pj,sc. If
the condition of being simultaneously maximum/minimum
on both s and s" is not met, the data point will also
be discarded. Finally, we obtain the preference dataset
Dp = {(pwinl y Plose; )7 (pwing y Ploses ) . }

“

T
min

b b
Piose = {pi | s; < Toin and s} <

3.2. Reinforced Visual Reasoning

Similar with [27], VisRL uses a step-level DPO method. It
is divided into two stages. Stage 1 involves optimizing the
bounding box, while stage 2 focuses on the joint optimization
of the bounding box and the final response. For stage 1, given
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the input question-image = = (Q, I), the objective is:

Lstage1(0) = —E (2. By Biose)~Dp (PB(0)),

where each pair-wise preference paths in Dp consists of
bouding boxes B, and By, the formulation of bounding
box preference probability is:

_ 70 (Buin | @)
Pp(0) =logo (ﬂl log Buin | 2)

Tref

(&)

BOSe
— By log o (B | )

(6)
After stagel, the policy model updated from 7y to 7, while
the reference model is updated to - s Then, for stage2, we
further consider the cropped-image from B,,;,, to make CoT
inference, thatis & = (Q, I, I ;,,), then the formulation of
response preference probability is:

(Ruwin | ) T (Riose | 2)

~ 7'ré
Pr(0) =logo (ﬁg log ey (Run | 2) — B2 log
@)
where R,,;, and Rj,s. are the final preference responses
in Dp. Based on Eq. 6 and Eq. 7, the objective for jointly
optimizing the bounding boxes and the responses in stage 2

can be formulated as:

Latage2(0) = —(A\sLp(0) + ArLr(0)),  ®)

where:
Lp (é) = E(ImeinyBlose)NDP (PB (é))v &)
£R(é) = E(Q’sz‘n,Rzose)NDP (PR(é)) (10)

4. Experiments

4.1. Comparisons with Baselines

We evaluate our method with several state-of-the-art methods
on an array of different categories as follows. More details
are in Supp. Mat.. As shown in Tab. 1, we categorize meth-
ods into three groups based on the types of LLM and vision
encoder, then evaluate them on comprehensive benchmarks
(MME, MMBench) as well as hallucination benchmarks
(POPE). In all cases, our method achieves either the best or
second-best performance, demonstrating the robust and well-
rounded improvement over the baseline. In contrast, other
methods exhibit performance drops on specific benchmarks
(e.g., SEAL on MMBench, VisCoT on MME). We attribute
this phenomenon to the limitations inherent in their train-
ing approaches — data-driven SFT struggles to generalize
effectively, while tool-usage methods suffer from intrinsic
shortcomings on certain datasets. Notably, our approach
achieves highly comprehensive and promising results while
using only 30k dense-labeled (w. bounding boxes) samples —
significantly fewer than other methods, and without relying
on any external capabilities. In particular, under Vicuna-7B

Tref (Blose | ZE)

ﬂ-réf (Rlose | :%)

).

)



Table 1. The evaluation of different baselines on MME [18], MMBench [36], and POPE [31] datasets. Datasets marked with [D] are
dense-labeled datasets (e.g., CoT data). In different methods, [B] denotes the base model, [D] represents data-driven SFT methods, and [T]
refers to tool-usage methods (e.g., agents). The best is highlighted and the second-best is underlined. Remark: the data number considered
here includes only the data used to enhance specific model capabilities and pretraining data, excluding general instruction-tuning dataset.

Method LLM Vision Encoder MME MMBench POPE Dataset Num.
LLaVA [B] [34] Vicuna-7B [13] CLIP-ViT-L-14-224 [44]  1051.2 344 76.5 558K

SEAL [D] [61] Vicuna-7B CLIP-ViT-L-14-224 1128.9 33.1 82.4 558K + 387K [D]
LLaVA + P2G [T] [8] Vicuna-7B CLIP-ViT-L-14-224 1223.0 — — 558K + 427K [D]
LLaVA + VisRL Vicuna-7B CLIP-ViT-L-14-224 1183.8 37.5 78.2 558K + 30K [D]+180K
LLaVA + VisRL- Iterl Vicuna-7B CLIP-ViT-L-14-224 1238.3 38.6 80.4 180K
LLaVA-1.5 [B] [33] Vicuna-7B CLIP-ViT-L-14-336 1510.7 64.3 85.8 558K

VisCoT [D] [48] Vicuna-7B CLIP-ViT-L-14-336 1453.6 67.9 86.0 558K + 376K [D]
LLaVA-1.5 + VisRL Vicuna-7B CLIP-ViT-L-14-336 1526.3 70.1 87.5 558K + 30K [D]+180K
LLaVA-1.5 + VisRL- Iterl Vicuna-7B CLIP-ViT-L-14-336 1560.0 71.7 88.8 180K
LLaVA-NeXT [B] [35] Vicuna-7B-1.5 [72] CLIP-ViT-L-14-336 1611.1 72.3 — 558K
VisionLLM v2 [D] [60] Vicuna-7B-1.5 CLIP-ViT-L-14-336 1512.5 77.1 87.5 892K
Insight-V-LLaVA [T] [15] Vicuna-7B-1.5 CLIP-ViT-L-14-336 1583.9 81.7 — 558K + 215K [D]
LLaVA-NeXT + VisRL Vicuna-7B-1.5 CLIP-ViT-L-14-336 1619.2 78.8 88.4 558K + 30K [D]+180K
LLaVA-NeXT + VisRL- Iterl Vicuna-7B-1.5 CLIP-ViT-L-14-336 1637.0 80.0 89.3 180K

Table 2. Performance on the different benchmarks. Base model is
evaluated without CoT while others leverage CoT during inference.
The best results from different LMMs are highlighted.

Training Phase Base SFT SFT+RL1 SFT+RL1+RL2
LLaVA-1.5-7B [33] 0.444 0.538 0.568 0.605
LLaVA-NeXT-7B [35]  0.459 0.556 0.593 0.628
Llama-3.2-V-11B [39]  0.635 0.724 0.749 0.786
MiniCPM-0-2.6-8B [66] 0.428 0.519 0.544 0.591
PaliGemma2-10B [50]  0.377 0.479 0.507 0.562
Yi-VL-6B [67] 0.389 0.492 0.523 0.573
Qwen2.5-VL-7B [3] 0.640 0.730 0.763 0.796

and CLIP-ViT-L-14-336, our method outperforms VisCoT
across all benchmarks — the representative data-driven SFT
approach. Specifically, our method outperforms VisCoT by
5.00% (1526.3 vs. 1453.6) on MME and by 1.74% (87.5 vs.
86.0) on the hallucination benchmark POPE. Moreover, after
1 iteration (Base Model + VisRL- Iterl), VisRL improves
performance by 1% to 4% across all benchmarks.

4.2. Results on Visual CoT Benchmark

In this section, we comprehensively investigate different
training phases in VisRL across various base LMMs. We
use Visual CoT benchmark here, which primarily focuses on
scenarios where the LMM needs to concentrate on specific
regions within a complete image.

Settings. For SFT, the objective is to regularize the model
with the capability of outputting bounding box, while RL
is to enhance the model’s visual perception capabilities via
rewards. To train the LMM with outputting bounding box
in SFT phase, we add a CoT prompt (“Please first provide
the bounding box coordinate of the region, then refer to the
corresponding sub-image to answer the question better.”) to
the question, asking the model to identify the most informa-
tive region of the image. As shown in Tab. 3, we found that
the model has already been capable of outputting bounding
boxes under SFT with the dataset of 30k. Then, we sequen-
tially proceed with further training using stagel (RL1) and
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stage2 (RL2) as described in Sec. 3.2.

Results. As shown in Tab. 2, there remains substantial room
for improvement after SFT. Tab. 1 in Supp. Mat. details
the results, indicates that there is a decline on some datasets
even with the use of visual CoT (e.g. InfogVQA), which
further corroborates the validity of our revised SFT strategy.
Besides, we found that the difference in results obtained from
SFT with 30k or 438k is not significant (i.e., VisCoT (0.574)
vs. LLaVA-1.5-7B-Ours-SFT (0.538)). These suggests that:
on the one hand, the improvement in model capability is
more attributed to the introduction of CoT rather than the
SFT memory. On the other hand, the model’s capability
has already achieved saturated in a data-driven SFT manner
and fails to further generalize, which is also the reason why
Visual CoT fails in some OOD scenarios. However, our RL
method can achieve comprehensive enhancement, with the
promising improvement of up to 49.07 % (PaliGemma2-10B:
0.377 vs. 0.562), and the minimum improvement of 23.78 %
(Llama-3.2-Vision-11B: 0.635 vs. 0.786). Meanwhile, we
does not rely on a large amount of dense-labeled data (i.e.
with bounding box annotation), but still has learned more
essential visual perception.

Detection Ability. Our approach is grounded in CoT for
visual reasoning, thereby placing significant emphasis on the
accuracy of intermediate bounding boxes. To substantiate
the enhancement in bounding box precision following the
implementation of our RL method, we present the detection
performance in Tab. 4. Specifically, we compute the IoU
between the predicted CoT bounding boxes and the corre-
sponding GT bounding boxes, deeming a prediction correct
if the IoU value surpasses 0.5. It is evident that, when us-
ing the same base model — LLaVA-1.5-7B, the performance
after our SFT with 30k data is somewhat inferior to that
of Visual CoT which leverages 438k data. However, dur-
ing the RL phase, we get rid of bounding box annotation
data and exclusively utilized 180k simple question-answer



Table 3. Ratio of successful bounding box outputs of different SFT
data number in terms of Qwen2.5-VL-7B. We evaluate on Visual
CoT benchmark with 8281 data.

SFT Data Num. 10k 20k 30k 50k 100k
Ratio 28.14% 9548% 99.87% 99.87% 99.87%
1.0
~—e— LLaVA-1.5-7B + VisRL-stagel
== LLaVA-1.5-7B + VisRL
0.9 Qwen2.5-VL-7B + VisRL-stagel
== Qwen2.5-VL-7B + VisRL
+0.6% +0.9% +0.5% +0.4%
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Figure 4. Performance of our VisRL over multiple iterations, at-
tributing to the intertwined improvement of data quality and model
capability during the iterative process. The accuracy is calculated
as the average value over the 11 datasets listed in Tab. 2.

pairs (further processed via our data generation pipeline in
Sec. 3.1 to construct preference data), thereby achieving an
accuracy improvement of 15.61% (0.437 vs. 0.378) over
Visual CoT. Moreover, even with only RL1, we still attained
an approximate 8.47% (0.410 vs. 0.378) improvement. No-
tably, on the DocVQA dataset (which was not included in
the RL training phase), RL1 achieved a remarkable 39.71%
(0.190 vs. 0.136) improvement, while RL2 accomplished
an impressive 73.68% (0.231 vs. 0.136) improvement. We
attribute these substantial gains to the robust generalization
capability of our RL method.

4.3. Performance across Multiple RL Iterations

Fig. 4 illustrates the performance variation curves of our
method over multiple iterations on LLava-1.5-7B and
Qwen2.5-VL-7B. It can be observed that after each iter-
ation (i.e., data is regenerated and VisRL training is recon-
ducted), performance improves significantly, regardless of
whether only RL1 is applied or the full process of RL1+RL2
is used. The performance gains range from a minimum of
0.3% to a maximum of 1.8%. Since Qwen2.5-VL-7B is
closer to the performance upper bound, its growth is rel-
atively slower. Notably, after 4 iterations, LLava-1.5-7B
even surpasses Llama-3.2-Vision-11B, as indicated by the
blue curve. This further validates the promising potential of
our method and lays the experimental foundation for future
optimizations in online algorithms.

4.4. Visualization

This section presents the qualitative performance of our
VisRL in Fig. 5, highlighting the accuracy of our method
in identifying critical regions within images and then aid
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in CoT reasoning. Compared to VisCoT (red), our VIisRL
( ) demonstrates greater performance in both localizing
the regions of interest and generating the final response, as
evidenced by the ground truth (GT) comparison (blue).

GQA

TextVQA

Question: what names are on the ad?
GT Answer: klaviarabend wilhelm backhaus,

Question: What picce of furniture is to the
right of the curtains?
GT Answer: bed

he names on the ad
annes Brahms.

VisCoT Answer [score: 0.
are Wilhelm Backhaus and
VisRL Answer schubert, johannes

brahms, wilhelr ‘gang amadeus
mozart, ludwig

Question: What is providing shade for the man in the image?
GT Answer: The man is sitting under a giant umbrella that is
providing sh:
LLaVA-1.5 Answer [score: 0.0]: The man in the image is sitting under a
awning.
VisCoT Answer [score: 0.0]: The man is sitting under a large awning,
which is providing shade for him.
VisRL Answer [score: 1.0]: The man is standing under an umbrella, which

LLaVA-1.5 Answer [score: 0.0]: Chair
VisCoT Answer [score: 0.0]: Chair
VisRL Answer [score: 1.0]: bed

Flickr30k

is providing shade. The umbrella is black and white and has the words
"New Amsterdam" on it

Figure 5. Visualization of LLaVa-1.5 vs. VisCoT vs. VisRL (based
on LLaVa-1.5). GT bounding boxes are shown in blue, VisCoT-
generated bounding boxes are shown in red, while Ours-generated
bounding boxes are in . The scores are evaluated by the GPT-
40. Our method consistently delivers the best results across various
benchmarks. More visualizations are in the Supp. Mat..

4.5. Ablation Study

Different stages. In Tab. 2, we have conducted the abla-
tion study on the usage of different training stages (SFT,
SFT+RL1, SFT+RL1+RL2), demonstrating a consistent per-
formance improvement from SFT to RL1 and then to RL2.
Furthermore, in Tab. 5, we present the results of training
with RL2-Only after SFT with bounding boxes. As observed,
applying RL2-Only training already yields a promising im-
provement compared to SFT-then-CoT (0.759 vs. 0.730).
However, it still results in significant performance drops
on certain benchmarks compared to the original model —
Qwen2.5-VL-7B (e.g., DocVQA, DUDE, InfogVQA). This
suggests that directly optimizing both bounding-box detec-
tion and response generation in a joint manner poses certain
challenges. Therefore, introducing RL1 first to optimize
bounding-box detection separately is necessary.

Different training strategy. We attempted to directly learn
the final response in Tab. 5, i.e., without the CoT setting. In
this experiment, we used the same 30k dataset D p. Specifi-
cally, SFT was trained solely on the chosen response (w/o
bounding box); DPO [45] was trained on the win/lose prefer-
ence response; Kahneman-Tversky Optimisation (KTO) [16]
assigned “true” and “false” labels to ”win” and “lose” re-
sponse, respectively; and Proximal Policy Optimization
(PPO) [46] sampled 15k preference data to train the reward



Table 4. Detection performance (Top-1 Accuracy @0.5) on the various benchmark, where both "Ours” and Visual-CoT” similarly utilize
LLaVA-1.5-7B as the base model. The amount of dense-labeled data with bounding box annotations is indicated in []. The best is highlighted.

Doc/Text Chart  General VQA Relation Reasoning Fine-grained
Method DocVQA TextCaps TextVQA DUDE SROIE InfogVQA  Flickr30k  GQA Open images VSR CUB Avg
VisCoT [438Kk] [48] 0.136 0413 0468  0.050 0.157 0.072 0.496 0.420 0.576 0.696 0.670 0.378
V1sRL-SFT [30k] 0.133 0.406 0460  0.048 0.146 0.069 0.495 0.421 0.575 0.691 0.673 0.374
VisRL-SFT+RL1 0.190 0.433 0471  0.081 0.216 0.133 0.518 0.450 0.581 0.733 0.701 0.410
VisRL-SFT+RLI+RL2  0.231 0.464 0.504 0.124 0.252 0.172 0.519 0.487 0.590 0.745 0.715 0.437

Table 5. Different training strategies for directly fitting the final response in terms of Qwen2.5-VL-7B. Besides, we also ablated on RL2-Only.
The red background indicates a decline in performance compared to the original model, while the best is highlighted.

Doc/Text Chart  General VQA Relation Reasoning Fine-grained
Method DocVQA TextCaps TextVQA DUDE SROIE InfogVQA Flickr30k GQA Openimages VSR CUB Avg
Ori 0.836 0.760 0.847 0.606  0.789 0.685 0.601 0.467 0.289 0.581 0.583 0.640
SFT 0.778 0.751 0.856 0.566  0.713 0.631 0.627 0.524 0.345 0.626 0.736 0.650
DPO [45] 0.791 0.793 0.837 0.599 0.776 0.678 0.670 0.470 0.298 0.594 0.707 0.656
KTO [16] 0.797 0.790 0.833 0.597  0.780 0.694 0.671 0.469 0.299 0.599 0.707 0.658
PPO [46] 0.794 0.791 0.837 0.597 0.787 0.700 0.672 0.472 0.302 0.606 0.713 0.661
VisRL-RL2-Only  0.816 0.769 0.897 0.602  0.800 0.681 0.637 0.652 0.786 0.827 0.882 0.759
VisRL-Full 0.874 0.819 0.897  0.640 0.829 0.753 0.675 0.700 0.814 0.864 0.892 0.796

model, while the remaining 15k data were used to train PPO.
The results indicate that both previous RL and SFT methods
exhibit limited effectiveness in directly fitting the final re-
sponse, with some benchmarks even showing performance
degradation (e.g. DocVQA, DUDE, etc.). In contrast, our
training approach shown in Tab. 2, which incorporates the
CoT reasoning in RL method, consistently improves model
performance across all benchmarks.

Data Generation Pipeline. Our data generation process
follows a self-evolution paradigm and adopts an actor-critic
framework, where the actor is the SFTed model and the
critics refer to the pre-SFT model. In this study, we con-
duct ablation experiments on several modules within the
pipeline. As shown in Tab. 6, our objective is to maxi-
mize the proportion of positive instances in the constructed
preference dataset, specifically WP-LN (win-positive, lose-
negative), while minimizing the proportion of negative in-
stances, WN-LP (win-negative, lose-positive). Experimental
results indicate that under our pipeline, the proportion of
positive instances is 64.64%. After the first and second
iterations — where the model undergoes full VisRL train-
ing and then participates in data construction again — this
proportion increases by 3.18 % and 2.30%, respectively. Be-
side, the number of valid data increases from 30k to 33k to
35k. This is because, through iterative training, the model’s
capability improves to overcome bottlenecks where obtain-
ing the correct answer was previously outside of its ability.
Specifically, some questions are inherently too difficult for
model previously, meaning that no matter how many times
the model responds, the answer remains incorrect, making
it impossible to construct win/lose preference.

When replacing the critics with GPT-40, the proportion
of positive instances remains largely unchanged (64.64%
vs. 65.31%), but this comes at the cost of increased to-
ken consumption and reduced response speed. Conversely,
when substituting the critics with the SFTed model itself, the
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Table 6. Ablation of our data generation pipeline in terms of
Qwen2.5-VL-7B. We evaluate the data quality by comparing the
IoU (Top-1 Accuracy@0.5) between the annotated preference
data’s bounding boxes and the GT bounding boxes. "W” and
”L” represent the win and loss in the data annotation, respectively,
while P and ”N” indicate positive or negative. Ideally, we expect
WP-LN to be as large as possible, as highlighted in green.

WP-LP WP-LN WN-LP WN-LN Data Num.
w GPT-40-2024-11-20 0.00% 65.31% 1.32% 33.37% 47k
w SFTed Model 0.00% 54.68% 0.00% 45.32% 3k
w/o Bounding Box Critics 5.42% 31.02% 10.04% 53.51% 86k
w/o Diversity Controller ~ 4.53% 52.02% 4.68% 38.77% 19k
VisRL-Full 043% 64.64% 1.64% 33.29% 30k
VisRL-Full-Tterl 045% 67.82% 0.82% 30.91% 33k
VisRL-Full-Iter2 047% 70.12% 0.00% 29.41% 35k

data volume decreases to 1/10 of the original (3k vs. 30k),
accompanied by a 9.96 % reduction in the proportion of pos-
itive instances. Furthermore, omitting the evaluation of the
generated bounding boxes results in a 33.62% drop in the
proportion of positive instances, while the absence of the di-
versity controller leads to a 12.62% reduction. Considering
these factors, we adopt the approach described in Sec. 3.1.

5. Conclusion

In this paper, we propose VisRL, a framework for learning
intention-driven visual perception abilities from task
feedback. This approach enables the model to undergo RL
through self-evolution when trained on simple data with only
final responses. Specifically, we introduce a novel pipeline
for generating CoT preference data based on the model’s
own actor-critic process, eliminating the need for external
models or human annotations. Using these self-constructed
data, we further optimize visual perception in two RL stages:
(1) independently optimizing generated bounding box;
(2) jointly optimizing both generated bounding box and
response. Extensive experiments on various benchmarks and
LMMs demonstrate the effectiveness of the proposed frame-
work, establishing a solid foundation for future exploration.
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