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Figure 1. An illustration of how VisVM can better guide vision language model (VLM) during inference-time search. When selecting

response candidates at each step, the process reward model (PRM) only considers the immediate reward, whereas VisVM predicts the long-

term value by considering potential hallucinations in subsequent generated sentences. This enables VisVM to avoid response candidates

with higher hallucination risks and generate image descriptions that are less prone to hallucination and more detailed.

Abstract

Despite significant advancements in vision-language
models (VLMs), there lack effective approaches to enhance
response quality by scaling inference-time computation.
This capability is known to be a core step towards the self-
improving models in recent large language model studies.
In this paper, we present Vision Value Model (VisVM) that
can guide VLM inference-time search to generate responses
with better visual comprehension. Specifically, VisVM not
only evaluates the generated sentence quality in the cur-
rent search step, but also anticipates the quality of sub-
sequent sentences that may result from the current step,
thus providing a long-term value. In this way, VisVM
steers VLMs away from generating sentences prone to hal-
lucinations or insufficient detail, thereby producing higher

quality responses. Experimental results demonstrate that
VisVM-guided search significantly enhances VLMs’ abil-
ity to generate descriptive captions with richer visual de-
tails and fewer hallucinations, compared with greedy de-
coding and search methods with other visual reward sig-
nals. Furthermore, we find that self-training the model with
the VisVM-guided captions improves VLM’s performance
across a wide range of multimodal benchmarks, indicating
the potential for developing self-improving VLMs.

1. Introduction
Vision language models (VLMs) have advanced rapidly,

excelling in multimodal tasks involving single images [3,

12, 33, 39], multiple images [21, 28], and videos [25, 55,

65]. These capabilities stem from large-scale, high-quality
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training data, often sourced from web-crawled image-text

pairs [20, 37] with effective filtering [7, 19, 70], or en-

riched through techniques like distillation from stronger

VLMs [8], human annotations [4], or added textual de-

scriptions [23]. Despite this progress, VLMs still suffer

from visual hallucinations [16, 31, 61] and often neglect

less salient image regions, limiting their real-world utility.

While increasing the scale and quality of training data could

help, this approach incurs significant annotation and API

costs, making it less scalable. This raises a key question:

Can we enhance VLMs’ response quality at inference time,
and leverage these improved responses to further advance
VLMs’ visual comprehension?

Recent studies on large language models (LLMs) [1, 30,

41, 42, 66] highlight inference-time search as a promising

approach for improving response quality, complementary to

training time effort. By leveraging a pretrained process re-

ward model [47, 72], LLMs can perform search iterations to

produce high-quality outputs, with these refined responses

showing potential as synthetic training data to enhance rea-

soning capabilities. However, extending this approach to

VLMs for improved visual comprehension poses unique

challenges, particularly in defining a reward signal. While

process and outcome rewards are relatively straightforward

for LLM tasks like coding and math, VLM tasks—such as

descriptive captioning—lack clear outcome measures and

require cohesive paragraph image descriptions that consist

of multiple global and regional caption sentences. In these

cases, each sentence must not only be accurate locally but

also contribute to a coherent overall response.

To this end, we propose the Vision Value Model

(VisVM), a value network to guide VLM inference-time

search by generating descriptive captions in a step-by-

step manner, with each step producing one sentence. As

shown in Figure 1, VisVM takes the image and generated

sentence at each step as inputs, predicting a long-term
value to ensure both visual-text alignment and coherence.

VisVM is grounded in two key insights that distinguish

it from traditional process reward models in LLM litera-

ture [13, 18, 29, 49, 56]: (1) Forward-looking coherence:
Unlike approaches that rely solely on the local reward of

the current sentence, VisVM predicts future consequences

to maintain global consistency. It is trained using Tem-

poral Difference (TD) learning [44], enabling it to assess

long-term effects rather than just evaluating immediate re-

sponses. This forward-looking signal helps mitigate hallu-

cinations by preventing sentences that may lead to incon-

sistencies in subsequent steps. (2) Comprehensive visual
grounding: To reduce hallucinations, the reward signal

must encapsulate rich visual semantics. We achieve this by

leveraging CLIP’s text-image similarity metric, which ef-

fectively captures visual concepts and enforces alignment.

We validate the effectiveness of VisVM through two

Figure 2. Upper: CHAIRs and MMHal score of descriptive

captions generated by LLaVA-Next-7B during inference-time us-

ing different search methods. VisVM-guided search clearly out-

performs other methods, indicating reduced visual hallucinations.

Notably, even with a smaller search budget (search size 6 vs.

search size 30), our approach still surpasses the Best-of-N method.

Lower: Comparisons of LLaVA-Next-7B after fine-tuning with

descriptive captions from different search methods, with VisVM-

guided search achieving favorable results across all 9 benchmarks.

main experiments: inference-time VisVM-guided search

and self-improvement training. (1) Using VisVM as a guid-

ance signal for VLM inference-time search to generate de-

scriptive image captions, we observe a substantial reduc-

tion in hallucinations and more detailed image descrip-

tions. In both GPT and human evaluations, captions gen-

erated with VisVM consistently outperform those produced

by greedy decoding, best-of-N decoding, and CLIP-PRM-

guided search. Notably, VisVM-guided captions are pre-

ferred 74% of the time over those from greedy decoding.

(2) To better leverage VisVM’s inference-time enhancement

of VLM responses, we use VisVM-guided captions as the

Supervised Fine-Tuning (SFT) data to self-train the orig-

inal VLM (LLaVA-Next-7B and Qwen2-VL-7B). Across

nine standard benchmarks, VisVM-guided self-training im-

proves the performance of the original VLMs by an average

of 10.8% and 7.3%, respectively.
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Our contribution can be summarized as follows:

• We introduce VisVM, a stepwise value model designed

to provide long-term vision value signals to guide VLM

inference-time search. To the best of our knowledge,

VisVM is the first exploration into enhancing VLM vi-

sual comprehension through inference-time search.

• VisVM-guided search effectively reduces visual halluci-

nations and enriches image descriptions with more visual

detail, by increasing the inference-time computation.

• Descriptive captions generated by VisVM-guided search

can be leveraged as high-quality SFT data, forming a

robust self-training pipeline that significantly enhances

VLM visual comprehension across 9 benchmarks.

2. Related Work

Vision language models. Significant advances [26, 37,

51, 62, 68, 70] have been made on vision-language mod-

eling, which jointly understands the visual and text inputs

for various tasks such as image captioning [10] and vi-

sual question answering [15]. Recently, modern vision lan-

guage models [2, 3, 12, 33, 36, 45, 57, 67] further com-

bine multimodal modeling with large language models to

enable stronger capabilities, such as instruction following,

in-context learning, and zero-shot generalization. However,

VLMs still exhibit the issue of hallucination [16, 52, 61].

Existing work mitigates hallucination in VLMs by improv-

ing the quality of SFT data [11, 54] or through post-training

methods [31, 43, 59, 74]. In this paper, we explore reducing

hallucination in responses not through training but by using

inference-time search to improve the quality of responses.

Descriptive captioning. Descriptive captioning aims to de-

scribe each image with a long, comprehensive text para-

graph. Recent studies show the effectiveness of using syn-

thetic descriptive captions for vision language model. The

pairs of images and paragraph captions can be used for

image-to-text understanding models [8, 57], text-to-image

generation models [4, 14], as well as image-text contrastive

models [22, 23, 63]. In this study, we focus on improving

the descriptive caption quality of a trained VLM by explor-

ing effective approaches to scale the inference-time search.

Inference-time search. Inference-time search strategies

have proven crucial for complex reasoning and planning

tasks in robotics [17, 58], chess [40], and autonomous driv-

ing [46]. The advent of OpenAI-O1 has further advanced

inference-time search within LLMs. By applying vari-

ous search techniques in the language space, such as con-

trolled decoding [6, 64], best of N [27, 30], and Monte

Carlo tree search [47, 50, 60, 72], LLMs achieve better

model responses, thus enhancing performance. A good

process reward model (PRM) is essential during inference-

time search, as the quality of the reward signal deter-

mines the quality of the responses found and the bud-

get required to achieve high-quality responses. Various

PRMs [13, 18, 29, 49, 56] have been proposed in LLMs

to address mathematical and coding problems. Moreover,

Brown et al. [5] and Snell et al. [41] have found that scal-

ing the search budget during inference time can further en-

hance LLM performance. However, inference-time search

remains underexplored in VLMs. Zhou et al. [75] proposed

using CLIP as a signal for generating positive and negative

samples post-training, but did not further investigate its im-

pact as a PRM on VLM inference-time search. In this pa-

per, we propose a vision value model superior to CLIP as a

search signal for inference-time search, aimed at enhancing

the visual comprehension abilities of VLMs.

3. Vision Value Model

In this section, we introduce the proposed Visual Value

Model (VisVM). We first present the problem formulation

of large multimodal model (VLM) inference in Section 3.1,

and then discuss the training process for VisVM in Sec-

tion 3.2. Section 3.3 shows how to employ VisVM for ef-

fective inference-time search in VLMs.

3.1. Formulation of VLM Inference
We first introduce the formulation of VLM inference. We

consider an VLM characterized by probability distribution

pθ, represented as the policy πθ. This model processes a

prompt-image pair (x, I) as input to generate a response

y = [y1, y2, ..., ym], where y consists of m step-level re-

sponses. Each step-level response yi is treated as a sample

drawn from the conditional probability distribution yi =
pθ(·|x, I,y<i). In this paper, we define each step-level

response as sentence-level, meaning that at each step, the

output is a single sentence. Consequently, the text genera-

tion task can be formulated as an Markov Decision Process

(MDP) problem defined by the tuple (S,A,R, γ). S is the

state space. Each state is defined as a combination of the

generated sentences and the image. The initial state s0 cor-

responds to image I and input prompt x. A is the action

space where each action is the sentence generated in that

step. We also have the reward function R to evaluate the

reward of each action, which is also known as process re-

ward model (PRM) in LLMs. γ denotes the discount factor.

With this MDP modeling, we can search additional states

by increasing the inference-time compute, thereby obtain-

ing a better VLM response y. The core of our method lies

in the exploration of a better value model, namely VisVM,

which can better guide the inference-time search.

3.2. VisVM Training
Training method. The primary goal of VisVM is to esti-

mate the long-term value of the current image-conditioned
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sentence in potential future sentence generation scenar-

ios. To achieve this, we employ Temporal Difference (TD)

learning [44], a popular method in reinforcement learning,

to train VisVM for predicting the long-term vision value

Vρ(yi, I) at each state si = (yi, I). For a given triplet con-

sisting of the current sentence yi, the next sentence yi+1,

and an associated image I , we first use the PRM to esti-

mate the reward rsi of the current state si. We then train

VisVM using the following loss function, ensuring the pre-

dicted value for the current state si matches the sum of the

actual received reward and the discounted predicted value

for the next state:

L(ρ) = −E(yi,yi+1,I)∼D (rsi + γVρ(yi+1, I)− Vρ(yi, I))
2
, (1)

where γ denotes the discount factor, ρ is the learnable pa-

rameters of VisVM, and D is our constructed training data.

Training data. Training VisVM requires the triplet of the

current sentence, the next sentence, and an associated im-

age. Such triplets can be extracted from pairs of images I
and paragraph descriptions y = [y1, y2, ..., ym]. It is imper-

ative to generate a diverse set of responses using VLMs to

explore potential subsequent sentences that each initial sen-

tence may encounter, thereby accurately modeling the sen-

tence’s long-term value. We sample 9,215 images from the

COCO 2017 training dataset and utilize the nine prompts

from the LLaVA-150K dataset designed for description cap-

tioning. These prompts are randomly paired with the im-

ages to construct prompt-image pairs. For each prompt-

image pair, we generate five distinct responses using the

VLM, using both greedy decoding and temperature decod-

ing with temperature values set at different scales. After

generating the paragraphs, each response is decomposed

into sentence pairs consisting of the current sentence, the

subsequent sentence, and the associated image. The final

dataset D, containing 378k samples, is used for training

VisVM. We provide more training details in Appendix B.

Implementation details. For the implementation of

VisVM, we take LLaVA-Next-Mistral-7B as our base

model for an example. The implementation of VisVM in

the experiment section for both LLaVA-OV-7B and Qwen2-

VL-7B follows the same procedures. We concatenate a

linear layer as the value head on top of the penultimate

layer of LLaVA-Next-Mistral-7B. The output of this value

head is a single scalar representing the cumulative reward,

or long-term value, of all potential responses based on the

current sentence and its paired image. Additionally, we

initialize all parameters of VisVM, except for this value

head, using the parameters of LLaVA-Next-Mistral-7B.

For the training data, we use the base model corresponding

to VisVM to generate descriptions for all images and

decompose them into training data.

For the PRM used in VisVM training, we choose each

VLM’s vision encoder. For LLaVA-Next-Mistral-7B and

Qwen2-VL-7B, we use CLIP-ViT, while for LLaVA-OV-

7B, we use SigLIP. There are two main reasons for this: (1)
CLIP-like neural networks effectively measure the align-

ment between image content and text content by computing

the similarity between image and text embeddings, making

it highly suitable as PRM for visual comprehension task.

Its effectiveness has also been demonstrated in prior stud-

ies [75]. (2) Additionally, since CLIP-VIT and SigLIP are

the native visual encoders in base VLMs, using them as

PRM eliminates the need for external models or human an-

notators. This self-rewarding mechanism is not only effec-

tive but also reduces costs.

3.3. Inference-time Search using VisVM

After training VisVM, we use it as the signal to guide the

VLM inference-time search for generating higher-quality

responses. To encourage diversity among response candi-

dates at each step of the search, we implement temperature

decoding using N distinct temperature configurations Tn.

Given the current VLM as the policy πθ, it generates a con-

ditional probability distribution pθ(·|x, I,y<i, Tn) based on

the input image, prompt, temperature configuration, and

previous step responses. We then sample K responses from

each pθ, yielding N × K response candidates for the cur-

rent step. Each candidate’s value is estimated using VisVM,

and the candidate with the highest value is selected as the

response for the current step. This process continues iter-

atively until the complete response sequence is generated,

i.e., only the EOS token is generated for the next sentence.

The pseudo code for this search process is in Algorithm 1.

Algorithm 1 VisVM-Guided Inference-time Search

Require: Test sample {x, I}, VLM pθ, VisVM Vρ, Step

size K, Temperature configuration list T , Response

y = [ ]
1: while Generation is not Done do
2: Current step response yi = None, Current step max

value V max
i = −∞

3: for temperature Tn in T do
4: for k = 1, . . . ,K do
5: Generate response of the new step j:

yji = pθ(·|x, I,y<i, Tn),

6: Estimate step value V j
i = Vρ(y

j
i , I),

7: if V j
i > V max

i then
8: Current step max value V max

i = V j
i ,

9: Current step response yi = yji
10: Append current step response yi to y
11: return Final response y
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(a) Win rate of VisVM-guided search compared with other methods (b) Scaling curve of search step size.

Figure 3. (a) Win rate of image descriptions generated using LLaVA-Next-7B with VisVM-guided search compared with other search

methods. We use GPT-4o api for evaluation. We can find VisVM-guided search generated description significantly better than others

methods. (b) Step size scaling curve for VisVM-guided search and CLIP-PRM guided search. We report the CHAIRs score of image

descriptions under different step sizes. VisVM-guided search is 2× efficient than CLIP-PRM guided search.

4. Experiment
In this section, we conduct experiments to answer the

following two questions: 1. Does the VisVM-guided

search yield higher-quality responses compared with other

inference-time search methods (Section 4.1)? 2. Can the

VisVM-guided search be leveraged to generate high-quality

SFT data, thereby improving the visual comprehension ca-

pabilities of VLMs through self-training (Section 4.2)?

4.1. Inference-Time Search with VisVM
Baselines and Implementation Details
In this section, we evaluate the ability of VisVM on en-

hancing the response quality of VLMs by comparing its

inference-time performance with various search methods.

All experiments are based on LLaVA-Next-Mistral-7B.

We consider the following baselines for inference-time

search: (1) Greedy decoding: The standard decoding ap-

proach used for VLM decoding, where the responses with

the highest probability are selected for each step. (2) Best-
of-N (BoN) decoding: A widely used method to improve

the quality of model responses during inference. For each

prompt-image pair, we set five different temperature pa-

rameters [0.1, 0.3, 0.5, 0.7, 0.9] and generate six different

model responses for each parameter, resulting in a total of

30 responses (N = 30). We then use GPT-4o to select the

best out of these 30 responses as the final response. (3)

CLIP-PRM guided search: This method uses CLIP-ViT

as the PRM to guide search. Since CLIP-ViT also serves as

the reward model for training VisVM, comparing VisVM-

guided search with CLIP-PRM guided search serves as the

fair-comparison baseline.For CLIP-PRM guided search, we

adopt the same search method as described in Section 3.3,

with the only difference being that the guided signal is re-

placed by the CLIP similarity. All hyperparameters are kept

identical to those used for VisVM-guided search to ensure

a fair comparison. We use temperature decoding with five

different temperatures and greedy decoding to generate re-

sponse candidates at each search step with a step size of 1,

leading to six different response candidates per search step.

The list of temperature configuration includes [0.1, 0.3, 0.5,

0.7, 0.9]. (4) Monte Carlo Tree Search (MCTS): MCTS is

a widely used inference-time search method for enhancing

the performance of LLM. Thus, we adopt MCTS for VLM

as another key baseline. To ensure a fair comparison, we

continue to use CLIP-ViT as the PRM. At each step, during

the expansion of child nodes, we generate six child nodes

using five different temperature values along with greedy

decoding. The number of MCTS iterations is set to 10. We

also provide comparison with other finetuning and decoding

methods in Appendix C due to space limitation.

1 VisVM-Guided Search Improves Response Quality
We sample 1,000 images from the COCO Train2017 dataset

and randomly pair each image with 9 prompts from the

LLaVA-150k detailed description dataset. This process re-

sults in 1,000 prompt-image pairs as an evaluation dataset.

We use our method and three search baselines to gener-

ate a detailed descriptive caption for each pair. Then, we

pair captions generated by VisVM-guided search with those

from other decoding methods for the same image and sub-

sequently assess the quality of the descriptions.

GPT evaluation. We use GPT-4o to compare VisVM-

guided search against other baselines, as shown in Fig-

ure 3a. The prompt used for evaluation is in Appendix A.

We observe a notable superiority in the win rate of the

VisVM-guided search compared with CLIP-PRM, BoN,

and Greedy, with the win rate of 58.7%, 56.8%, and

61.5%. Under GPT-based evaluation, while the advantage

of VisVM-guided search over MCTS is less pronounced

than against other baselines, it still achieves a higher win

rate, outperforming MCTS with 45.3% compared to 43.1%.
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Table 1. Human evaluation over 200 image-text pairs. VisVM

guided search still far surpasses other search methods, displaying

results consistent with GPT evaluation.

Method VisVM wins Tie VisVM loses

vs. CLIP-PRM 62.4% 6.7% 30.9%

vs. MCTS 44.9% 15.2% 39.9%

vs. BoN 60.2% 9.6% 30.2%

vs. Greedy 75.8% 5.4% 18.8%

Human evaluation. We randomly select 200 prompt-

image pairs and corresponding captions for human evalu-

ation. We recruit 10 human evaluators to perform blind se-

lections between these pairs to calculate the win rates of

each method. We average their evaluations to obtain the fi-

nal result in Table 1. We find that descriptions generated by

VisVM-guided search are significantly preferred over those

from CLIP-PRM, BoN, and Greedy decoding, with win

rates of 62.4%, 60.2%, and 75.8%, respectively. Compared

to GPT-based evaluation, VisVM exhibits a clearer advan-

tage over MCTS under human evaluation. Human evalu-

ators report more instances where captions from VisVM

and MCTS are of comparable quality, leading to a higher

tie rate. Notably, under the more reliable human evalua-

tion, VisVM achieves a 44.9% win rate and a 15.2% tie rate

against MCTS, reinforcing its effectiveness.

Results from both GPT and human evaluations consis-

tently demonstrate that VisVM-guided search substantially

enhances the response quality of VLMs in captioning.

Computational cost. We further compare the computa-

tional cost of various test-time compute methods to demon-

strate the superiority of our approach. Specifically, we

measure GPU hours required by each method to generate

1,000 image captions, utilizing an 8×80GB A100 GPUs

setup. The results, summarized in Figure 4, reveal that all

test-time compute methods significantly increased compu-

tational cost compared to greedy decoding. Among these,

CLIP-guided search and VisVM-guided search incur the

most minor increases. Furthermore, under identical step

size and temperature settings, while MCTS achieves per-

formance comparable to VisVM, it demands approximately

seven times more computational resources. Additionally,

MCTS must relearn the value function for each new prompt-

image pair, highlighting its limited generalization capabil-

ity. These findings further underscore the efficiency and ef-

fectiveness of VisVM, demonstrating its superiority in both

performance and scalability.

2 VisVM-Guided Search Reduces Visual Hallucination
To benchmark the benefits of VisVM in improving visual

comprehension, we evaluate the degree of visual hallucina-

tion present in the generated responses. Following the set-

ting in previous works [74, 75], we randomly sample 500

images from the COCO Val2014 dataset and use prompts

Figure 4. Comparison of GPU hours required to generate 1000

image captions by different test-time compute methods. The GPU

hour consumed by VisVM-guided search is significantly lower

than Best-of-N and MCTS.

Table 2. Hallucination evaluation results using different inference-

time searching on CHAIR and MMHal. VisVM guided search

achieves the best results, demonstrating strong capabilities in mit-

igating inference-time hallucination.

Base Searching Method CHAIRs ↓ CHAIRi ↓ MMHal ↑ MMHal rate ↓ AMBER Cov ↑

LLaVA-Next-7B

Greedy (Default) 32.4 5.9 2.94 0.52 63.9

MCTS 25.9 4.7 3.24 0.37 67.3

BoN 27.1 5.2 3.06 0.45 65.3

CLIP-Guided 28.4 5.5 2.96 0.49 66.1

VisVM-Guided 26.2 4.6 3.30 0.39 66.8

LLaVA-OV-7B

Greedy (Default) 35.0 5.5 3.12 0.36 74.5

CLIP-Guided 29.4 4.8 3.27 0.34 75.5

VisVM-Guided 27.0 3.7 3.34 0.31 76.2

Qwen2-VL-7B

Greedy (Default) 30.8 5.2 3.27 0.37 69.4

CLIP-Guided 27.3 3.9 3.33 0.32 70.2

VisVM-Guided 24.5 3.3 3.39 0.29 73.5

from the LLaVA-150k detailed description dataset. The

widely used CHAIR [38] metric is used for hallucination

evaluation and we also use MMHal [43] as another bench-

mark for hallucination evaluation. Besides, we adopt the

coverage metric from AMBER [53] to evaluate the object

coverage of generated captions, thus preventing artificially

low hallucination scores caused by overly short captions

The experiment results based on LLaVA-Next-7B in Ta-

ble 2 show that VisVM-guided search significantly outper-

forms greedy decoding, BoN, and CLIP-guided search, re-

ducing CHAIRs from 32.4 to 26.2, CHAIRi from 5.9 to

4.6, MMHal rate from 0.52 to 0.39, and improving MMHal

from 2.94 to 3.30. Meanwhile, object coverage improves

from 63.9 to 66.8, indicating that the reduced hallucination

brought by VisVM is not through generating short captions.

Compared to MCTS, VisVM achieves comparable or supe-

rior performance while requiring significantly lower com-

putation cost, highlighting its efficiency and effectiveness.

The reduction in hallucination within the image descrip-

tions generated via VisVM-guided search aligns with our

training objective for VisVM. Specifically, using the CLIP

score as a reward, VisVM is trained through TD learning to

select responses at each step that minimize future halluci-

nations, thereby enhancing the overall response quality.

To validate the robustness of VisVM, we retrain the cor-

responding VisVM based on LLaVA-OV-7B and Qwen2-

VL-7B-Instruct, following the procedure in Section 3.2. Ta-

ble 2’s results indicate that VisVM can effectively mitigate
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Table 3. Ablation study of different PRMs for VisVM training.

We observe that stronger PRM lead to better VisVM performance.

Searching Method CHAIRs ↓ CHAIRi ↓ MMHal ↑ MMHal rate ↓ AMBER Cov ↑
Greedy (Default) 32.4 5.9 2.94 0.52 63.9

CLIP-VisVM-Guided 26.2 4.6 3.30 0.39 66.8

SigLIP-VisVM-Guided 25.6 4.4 3.31 0.36 67.5

hallucinations even when applied to stronger VLMs.

3 Benefits from Further Scaling Up Inference Compute
We next investigate the impact of scaling up the inference-

time compute on the VLM response quality at each step, by

changing the search step sizes. To support a larger max-

imum step size, we only keep T = 0.5 as the tempera-

ture configuration when experimenting with different step

sizes. We use CHAIRs as the evaluation metric, with the

same evaluation data and prompts as in Table 2. We re-

port the CHAIRs scores for image descriptions obtained us-

ing VisVM-guided search and CLIP-PRM-guided search at

step sizes of 2, 4, 8, and 16. The experimental results are

depicted in Figure 3b.

We observe that the performance of both VisVM-guided

search and CLIP-PRM-guided search improves progres-

sively as the search step size increases, indicating that scal-

ing inference-time computation can enhance the perfor-

mance of VLMs. Notably, as the step size grows, the perfor-

mance improvement of VisVM-guided search accelerates at

a faster rate, resulting in a widening performance gap be-

tween the two methods. Additionally, VisVM proves to

be nearly twice as computationally efficient as CLIP-PRM

for reaching comparable performance: at a step size of 8,

VisVM achieves results comparable to those of CLIP-PRM

at a step size of 16. These findings further validate the ef-

fectiveness and efficiency of VisVM as a superior inference-

time search signal for VLMs.

4 Stronger PRM can Further Enhance VisVM
In the previous and next sections, motivated by self-

improvement, we consistently select the visual encoder cor-

responding to the base VLMs as PRM for VisVM training.

In this subsection, we conduct an ablation study to demon-

strate the generality of the VisVM training pipeline. Specifi-

cally, we utilize a more powerful model, SigLIP, as the PRM

to train VisVM, while maintaining LLaVA-Next-7B as the

base model. The remaining training procedures are identi-

cal to those used when CLIP served as the PRM. We evalu-

ate the performance of VisVM trained with different PRMs

using the CHAIR, MMHal, and AMBER Cov metrics; the

results are presented in Table 3. Notably, using SigLIP

as the PRM results in significantly reduced hallucinations

in captions generated through VisVM guided search, with

clear improvements observed particularly in CHAIR and

AMBER Cov scores. This finding indicates that leverag-

ing a stronger PRM further enhances VisVM capabilities,

underscoring the generalizability and strong potential of the

VisVM training framework.

4.2. Self-Training Vision-Language Model
Inference-time search with VisVM proves to be an effective

approach in boosting VLMs’ visual comprehension capabil-

ity. This naturally motivates the question: Can we use the

higher-quality descriptive captions generated by VisVM-

guided search to further improve the original VLM, thereby

enabling a form of self-training pipeline?

Training details. We start with the 9,215 <image,

prompt> pairs from Section 3.2, which are used to gen-

erate VisVM training data. To demonstrate the robustness

of our method, we conduct experiments using two differ-

ent VLMs, LLaVA-Next-Mistral-7B and Qwen2-VL-7B-
Instruct, as the base models. We first generate correspond-

ing image descriptions for all 9,215 <image, prompt> pairs

using VisVM-guided search, resulting in 9,215 <image,

prompt, description> tuples as the SFT dataset. Subse-

quently, we conduct a full parameter fine-tuning on base

VLMs using this SFT dataset for three epochs with a learn-

ing rate of 1e-6. As a comparison, we also generate corre-

sponding descriptions on this prompt dataset using greedy

decoding, BoN, and CLIP-PRM-guided search, and per-

form full parameter SFT on base models with the same

learning rate and number of epochs. All experiments are

conducted on 8×80GB A100 GPUs.

Evaluation benchmarks. We conduct evaluations on two

types of benchmarks: visual comprehension benchmarks

and hallucination benchmarks. For the visual com-

prehension evaluation, we select seven standard bench-

marks: MM-Vet [69], MMBench [34], MMMU [71], Math-

Vista [35], CVBench [48], LLAVA-Wild [32], and MM-

Star [9]. For hallucination evaluation, we benchmark on

CHAIR [38] and MMHal [43].

Evaluation results on visual comprehension. Table 4

presents the fine-tuning results of LLaVA-Next and Qwen2-

VL on visual comprehension benchmarks. Performance

improved across nearly all benchmarks after self-training,

with one exception of the greedy decoding self-training,

which leads to a decline in most cases. Among the methods

evaluated, the VisVM search self-training approach demon-

strates the most significant improvement, boosting LLaVA-

Next and Qwen2-VL average performance by 5.5% and

1.8%, respectively. This gain far exceeds the improve-

ments achieved by the BoN and CLIP-PRM search meth-

ods. These findings highlight the superior quality of de-

scriptive captions obtained through VisVM search, which

significantly enhances VLM’s visual comprehension capa-

bilities during self-training.

Evaluation results on visual hallucinations. As shown

in Table 4, the VisVM search self-training can also sig-

nificantly reduce hallucination in VLM. When evaluated
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Table 4. Performance after fine-tuning LLAVA-Next-Mistral-7B and Qwen2-VL-7B-Instruct with image descriptions obtained using

different search methods. The model with VisVM search as data source achieves the best performance across all benchmarks, with an

average improvement of 10.8% and 7.3% compared with the base model, respectively. We calculate the final performance improvement

using 100-CHAIRs, 10-CHAIRi, and 1-MMHal rate respectively.

Visual Comprehension Benchmark Hallucination Benchmark

Base SFT Data Source M
M

-V
et

↑ M
M

B
en

ch

↑ M
M

M
U

↑ M
at

h
V

is
ta

↑ C
V

B
en

ch

↑ L
L

A
V

A
W

↑ M
M

S
ta

r

↑ C
H

A
IR

s

↓ C
H

A
IR

i

↓ M
M

H
al

↑ M
M

H
al

ra
te ↓ Avg.

LLaVA-Next-7B

– 45.2 74.9 34.2 38.5 65.8 76.9 36.0 32.4 5.9 2.94 0.52 –

Greedy decoding 43.5 74.6 34.9 37.8 66.2 75.1 36.7 33.2 6.3 2.97 0.54 -1.6%

GPT4o-BoN (30) 47.1 76.1 35.4 40.9 67.9 77.3 36.9 30.0 5.4 3.11 0.47 +4.9%

CLIP-PRM search 46.1 75.8 35.8 39.6 68.5 78.1 36.6 26.0 5.2 3.01 0.50 +4.6%

VisVM search 48.3 76.7 36.1 42.3 69.8 78.4 38.0 22.6 4.3 3.26 0.44 +10.8%

Qwen2-VL-7B

– 58.4 83.0 49.3 58.2 74.5 87.1 56.3 30.8 5.2 3.27 0.37 –

Greedy decoding 58.3 83.1 49.4 58.7 74.1 86.3 56.5 29.7 5.1 3.13 0.42 -0.8%

GPT4o-BoN (30) 58.8 83.7 49.3 60.2 74.6 87.2 56.7 25.4 4.0 3.31 0.35 +3.9%

CLIP-PRM search 58.5 83.5 49.5 59.2 74.9 87.9 56.5 23.6 3.7 3.31 0.32 +5.0%

VisVM search 58.9 84.1 49.7 61.1 76.2 88.2 57.0 21.4 3.4 3.34 0.28 +7.3%

Table 5. Hallucination comparison of VisVM and CLIP selection

starting from same sentence candidates.

Selection Model CHAIRs ↓ CHAIRi ↓
CLIP 31.6 5.7

VisVM 30.9 5.3

across four metrics on two benchmarks, VisVM search self-

training decreases the hallucination rates of LLaVA-Next

and Qwen2-VL by 20.3% and 16.9%, substantially outper-

forming the reductions achieved by BoN and CLIP-PRM

search. These results further validate the effectiveness of

the VisVM search self-training approach.

The promise of a VLM self-training pipeline. The ex-

periment results in this section demonstrate that the VisVM

search significantly enhances the visual comprehension ca-

pabilities of LLaVA-Next and Qwen2-VL by generating

high-quality descriptive captions as the SFT data. Through-

out this process, no external models or human annotations

are utilized beyond the raw COCO images. The reward

model for training VisVM is derived from the visual en-

coder embedded within LLaVA-Next and Qwen2-VL, and

VisVM itself is initialized from the parameters of LLaVA-

Next and Qwen2-VL. The SFT data is produced by VisVM-

guided search using base VLMs, ensuring that all training

signals originated solely from the same VLM. As future di-

rections, we see great promise in applying this method to

other VLMs, leading to a genuine self-training pipeline that

could continuously self-improve VLMs’ visual comprehen-

sion capability, without reliance on any external models or

human annotations.

4.3. VisVM Analysis
To further understand how VisVM enhances response qual-

ity by predicting future values, we design a quantita-

tive experiment in this section to compare the effects on

image captioning when selecting step candidates using

VisVM versus CLIP. We follow the experimental settings

described in Section 4.1, randomly sampling 500 images

from the COCO Val2014 dataset and using prompts from

the LLaVA-150k detailed description dataset. For each

<image, prompt> pair, we employ the LLaVA-Next-7B

model to generate six candidate sentences, including greedy

decoding and five different temperature settings. Subse-

quently, we select one candidate sentence from these six

candidates using the VisVM and CLIP models indepen-

dently. We then utilize the LLaVA-Next-7B model to con-

tinue generating a complete image description via greedy

decoding based on the selected candidate sentence. Finally,

we evaluate hallucinations within generated descriptions us-

ing the CHAIR metric, with results shown in Table 5.

Despite the selection being made from the same set of

sentence candidates, differences arise in the selected can-

didates due to VisVM’s ability to predict long-term value,

resulting in fewer hallucinations in captions generated by

greedy decoding. In VisVM-guided search, this predic-

tive selection by VisVM is applied at each step, signifi-

cantly minimizing the occurrence of hallucinations in the

final response. We provide a more detailed case study in

Appendix D to further illustrate this.

5. Conclusion

We have presented VisVM, a vision value model that ef-

fectively guides VLM for inference-time search to improve

visual comprehension. Our results demonstrate that scaling

inference-time computations can produce VLM responses

that include richer visual details and reduce hallucinations.

Among various reward signals, VisVM has a better scaling

behavior due to its consideration of potential future genera-

tions. Moreover, we highlight the promise of using VisVM-

guided search to establish a self-training pipeline, enabling

the enhancement of VLMs without external annotations.
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