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Abstract

Vision Language Models (VLMs) exhibit impressive cross-modal under-1

standing, but the large quantity of image tokens results in substantial2

computational overhead. Prior efforts to reduce image tokens have mainly3

relied on training-free approaches, which do not properly align the LLM4

with the compressed visual representations at inference time. We observe5

that, after finetuning, even the straightforward baseline of merging a fixed6

number of tokens at a time can outperform current training-free approaches.7

However, fixed pooling cannot adjust to the specific content of an image,8

leading to degraded performance on complex OCR tasks that require fine-9

grained understanding. In this paper, we introduce DRIP, a straightforward10

approach for dynamically tokenizing images that uses a lightweight MLP-11

based boundary predictor to close this performance gap. Our findings12

indicate that dynamic image tokenization can restore accuracy on several13

OCR benchmarks while preserving performance on other coarse-grained14

tasks. We will release the source code and model checkpoints once the15

paper is accepted.16

1 Introduction17

Vision-Language Models (VLMs) (Alayrac et al., 2022; Liu et al., 2023; Bai et al., 2023;18

Chen et al., 2024), which generate textual outputs conditioned on both image inputs and19

text prompts, have demonstrated strong performance on a wide range of visual question20

answering benchmarks, including reasoning (Hendrycks et al., 2021; Ainslie et al., 2023),21

OCR-based understanding (Singh et al., 2019; Liu et al., 2024c), hallucination evaluation (Li22

et al., 2023), and open-ended responses (Yu et al., 2024). However, the excessively large23

number of image tokens incurs substantial computational overhead and undermines both24

efficiency and scalability (Shang et al., 2026; Yu et al., 2026; Zhang et al., 2025). Numerous25

previous approaches have been introduced to compress image tokens, both in standalone26

vision transformers (Dosovitskiy et al., 2021) and in vision-language models (VLMs). For27

standalone ViT architectures, EViT (Liang et al., 2022) leverages attention from the class28

token to detect salient tokens and merge the remaining ones, whereas ToME (Bolya et al.,29

2023) relies on token cosine similarity to aggregate redundant image tokens. For vision-30

language models such as LLaVA (Liu et al., 2023), LLaVA-PruMerge (Shang et al., 2026)31

leverages both class-attention and cosine similarity to cluster the image features produced32

by ViTs.33

Nevertheless, it is important to note that all current approaches are training-free. While34

this makes them straightforward to use in a plug-and-play fashion, they do not align LLM35

training with the compressed visual representations, indicating room for further improve-36

ment. We claim that by finetuning the LLM on compressed image tokens, the language37

model can be conditioned to answer questions even when provided with only limited visual38

information. In our experiments, we observe that finetuning with the simplest baseline,39

fixed pooling, which merges tokens by aggregating every fixed number of consecutive40

tokens in the one-dimensional sequence, can surpass existing training-free approaches such41

as LLaVA-PruMerge (Shang et al., 2026) in performance. This observation calls into question42

the prevailing direction of designing training-free approaches that avoid any retraining.43

Although finetuning with fixed pooling is effective, this strategy cannot adjust to the specific44

content of each image. As a result, we observe a substantial drop in performance on45
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complex OCR tasks that require much more fine-grained understanding. Building on this46

observation, we argue that dynamic image tokenization is necessary to tackle complex47

VQA tasks. In this paper, we introduce DRIP, a straightforward approach that dynamically48

tokenizes images using a lightweight MLP-based boundary predictor, aiming to address49

this performance gap. Our boundary predictor outputs a boundary mask that classifies50

tokens as either boundary or non-boundary tokens, where each sequence of non-boundary51

tokens is grouped together with the subsequent boundary token. During training, we52

sample from a Relaxed Bernoulli distribution to obtain the boundary mask in the forward53

pass, while incorporating a binomial boundary loss during backpropagation to regulate the54

compression ratio. During inference, to fairly compare with other compression methods55

under an identical compute budget, we choose the ‘top-K‘ boundary tokens with the largest56

boundary probabilities so that the overall compression matches theirs.57

Our experiments demonstrate that dynamic image tokenization can restore accuracy on58

several OCR benchmarks, while still preserving performance on other coarse-grained tasks.59

Overall, our approach offers the most favorable FLOP–accuracy balance when compared60

with fixed pooling strategies and other training-free methods.61

2 Method62

In this section, we describe the architecture of our proposed dynamic image tokenization63

for VLMs, and detail how the boundaries are predicted by the boundary predictor module.64

2.1 Architecture65

In this section, we introduce our proposed approach, DRIP, illustrated in Figure 1. Overall,66

our design largely adheres to the LLaVA architecture (Liu et al., 2023; 2024a), with the67

main difference being the insertion of a lightweight boundary predictor between the ViT-68

L (Dosovitskiy et al., 2021) image encoder and the MLP projector. The input image is69

patchified into a sequence of patches, which are encoded by the ViT-L image encoder. The70

boundary predictor, which will be described in detail in Section 2.2, generates a boundary71

mask that divides tokens into boundary tokens and non-boundary tokens. All non-boundary72

tokens will be combined together and attached to the following boundary token. We use73

the most basic form of average pooling to combine these image tokens. The compressed74

features of the input image are then fed into an MLP projector and subsequently provided75

to the vicuna-7b-v1.5 language model (Zheng et al., 2023). On the language-processing side,76

the prompt is first tokenized, then passed through an MLP projector, and finally into the77

language model. During the token alignment phase (Liu et al., 2023), we train only the MLP78

projectors and the boundary predictor, keeping all other components fixed. In contrast,79

during the instruction finetuning phase (Liu et al., 2023), we freeze only the image encoder80

and update all remaining parameters.81

2.2 Boundary Prediction82

Boundary Predictor The boundary predictor is implemented as a simple two-layers Multi-83

Layer Perceptron. We report its parameter overhead in Appendix E. To model content84

dynamics and handle the non-uniform information density within images, the boundary85

predictor is used to learn a sequence of binary boundaries. Formally, for each hidden-state86

input xxx composed of l image patches, the dynamic boundary sequence bbb takes values in87

{0, 1}l , where bt = 1 indicates a predicted boundary between the adjacent patches xt and88

xt+1 (Nawrot et al., 2023). To enable end-to-end training, we adopt the Gumbel-Sigmoid89

reparameterization, which makes the dynamic boundary sequence bbb, originally a discrete90

Bernoulli random variable, differentiable. Formally, the probability of classifying a given91

image patch as a boundary, denoted as b̂t = p(bt = 1), is obtained by introducing a92

stochastic random variable u as follows:93

b̂t = sigmoid

[
log

b̂t u
(1 − b̂t) (1 − u)

1/τ
]

, u ∼ Uniform(0, 1). (1)
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Figure 1: DRIP architecture. Our proposed boundary predictor outputs a boundary mask
that divides tokens into boundary and non-boundary tokens, where each group of consecu-
tive non-boundary tokens is merged together with the subsequent boundary token.

where τ represents a temperature hyperparameter. During inference, to fairly compare94

with other compression approaches under an identical compute budget, we choose the95

‘top-K’ boundary tokens with the highest boundary probabilities so that the compression96

rate exactly matches the specified budget. The pseudocode for the training and inference97

stages is provided in Appendix B.98

Boundary Loss The boundary predictor is further characterized by a boundary rate ϕ, or99

compression ratio, such that (100 ∗ ϕ)% of the patches are designated as boundaries. Re-100

garding the training objective, we incorporate an auxiliary boundary loss, which encourages101

the boundary predictor to classify approximately (100 ∗ ϕ)% of image patches as boundaries102

as accurately as possible. Formally, let predsi,t ∈ [0, 1] denote the boundary predictions103

for sequence i of length T. Then, the boundary predictor outputs the following number of104

boundary patches:105

ki =
T

∑
t=1

predsi,t (2)

Assuming a Binomial distribution K ∼ Binomial(T, ϕ) with boundary rate ϕ, the boundary106

loss is defined as the negative log-likelihood of the number of boundary patches under this107

distribution:108

Lboundary = − 1
BT

B

∑
i=1

log
[(

T
ki

)
ϕki (1 − ϕ)T−ki

]
, (3)
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where B is the batch size. Intuitively, this loss discourages deviations from the expected109

number of boundaries, Tϕ, pushing the model to preserve a stable boundary rate (i.e.,110

compression ratio). The pseudocode for the boundary loss is provided in Appendix B,111

and the corresponding loss curve is presented in Appendix F, where the derivation of the112

theoretical minimum boundary loss is also included.113

Total Loss To jointly optimize the main objective, namely the language modeling cross-114

entropy loss, together with the auxiliary boundary prediction task, we simply include the115

auxiliary boundary loss as an additional term in the primary training loss. Formally, the116

model is trained under the following combined objective:117

Ltotal = Lprimary + Lboundary, (4)

where Lprimary denotes the primary training loss, and Lboundary represents the boundary118

loss.119

3 Experiments120

3.1 Experiment Setup121

Finetuning Recipe. We largely adopt the finetuning setup and hyperparameter configura-122

tion of LLaVA 1.5 (Liu et al., 2024a). In the token alignment phase (Liu et al., 2023), we train123

only the MLP projectors and the boundary predictor while freezing all other components;124

in the subsequent instruction finetuning phase (Liu et al., 2023), we freeze the image en-125

coder and update all remaining modules. Our language backbone is vicuna-1.5-7B (Zheng126

et al., 2023), and we use ViT-L-14 (Radford et al., 2021) as the image encoder with an input127

resolution of 336 × 336. Further hyperparameter settings are provided in Appendix A.128

General VQA benchmarks. We evaluate our method on 9 general VQA benchmarks.129

Among them, 4 are widely used, comprehensive visual question answering datasets in130

a multiple-choice format: VQAv2 (Agrawal et al., 2016), SQA (also referred to as Sci-131

enceQA) (Lu et al., 2022), MME (Fu et al., 2025a), and MM-Bench (Liu et al., 2024b). In132

addition, we include 2 benchmarks focused on complex reasoning, GQA (Ainslie et al., 2023)133

and MMMU (Hendrycks et al., 2021). To assess hallucination, we adopt POPE (Li et al.,134

2023). We also consider benchmarks featuring free-form responses, such as LLaVA-Bench-135

in-the-wild (Liu et al., 2023) and MM-Vet Yu et al. (2024), where performance is scored by136

an LLM-based judge. Further details about these benchmarks are provided in Appendix H.137

OCR benchmarks. OCR benchmarks are specifically designed to assess how well VLMs138

handle text perception, recognition, and comprehension within images. In this work, we139

adopt five such benchmarks: TextVQA (Singh et al., 2019), OCRBench (Liu et al., 2024c),140

OCRBench v2 (Fu et al., 2025b), DocVQA (Mathew et al., 2021), and ChartQAPro (Masry141

et al., 2025). Unlike general-purpose VQA benchmarks, OCR benchmarks require fine-142

grained perception over the specific regions where text appears, which makes visual com-143

pression more difficult. Further details on these OCR benchmarks can be found in Ap-144

pendix H.145

FLOP Measurement We adopt TFLOPs as our efficiency metric and use the fvcore (FAIR)146

library to automatically measure it via a single forward pass of the model in inference-147

only mode. Our FLOPs calculation is restricted to the prefill stage of inference, since this148

phase accounts for the majority of vision-related computation, whereas the decode stage149

primarily involves autoregressive language-model generation with images and prompts150

already stored in the KV cache.151

3.2 Main Results152

A Motivating Example. We provide a motivating example in Figure 2 to illustrate why153

finetuning the LLM with compressed visual features is necessary. Specifically, we study154
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Figure 2: A motivating example demonstrating that training can reliably and substan-
tially restore performance. Under 4x compression, we observe a significant performance
difference between training-free fixed pooling and trained fixed pooling approaches.

a 4x compression setup where the number of image tokens is reduced by 75%. We first155

observe that using fixed pooling as a training-free strategy leads to substantial performance156

degradation compared to state-of-the-art training-free baselines such as LLaVA-PruMerge.157

In contrast, when we finetune the MLLM (i.e., LLaVA) with fixed pooling, the model158

largely recovers its performance and can even surpass PruMerge. This result supports our159

hypothesis that training the LLM to align with the compressed visual representation can160

substantially boost performance.161

Model VQAv2 SQA MME MM-Bench GQA MMMU TextVQA OCRBench OCRBenchv2 DocVQA ChartQAPro POPE LLaVA-Wild MM-Vet TFLOPs
Benchmark Type general reasoning OCR hallucination free-response

upper bound (keep 576/576 tokens out of the image encoder)
LLaVA-1.5-7B 76.75 68.42 1425.34 74.43 58.34 34.9 58.16 18.5 23.8 25.61 12.04 85.18 57.4 29.0 8.89

4x compression (keep 144/576 tokens out of image encoder)
PruMerge(ICCV’25) 74.01 68.07 1408.83 73.66 55.04 34.6 54.69 14.9 20.3 16.37 10.93 81.36 61.7 27.0 3.18

fixed pooling 74.06 67.82 1335.40 71.72 55.67 34.3 55.74 15.7 20.9 18.78 11.10 83.75 64.1 29.9 3.16
DRIP 74.59 69.31 1341.93 74.05 55.16 34.7 56.08 16.8 20.9 21.27 11.38 82.83 59.5 28.6 3.18

8x compression (keep 72/576 tokens out of the image encoder)
PruMerge(ICCV’25) 70.67 68.07 1311.21 72.33 52.01 34.3 54.46 14.6 18.4 14.28 10.48 77.53 58.8 25.3 2.22

fixed pooling 72.13 69.11 1280.78 71.65 53.78 34.0 54.05 14.3 19.5 16.00 10.81 82.15 50.7 25.8 2.21
DRIP 72.58 68.47 1310.01 71.90 54.23 32.9 54.75 15.7 20.4 18.50 10.54 82.52 63.6 29.5 2.23

10x compression (keep 58/576 tokens out of the image encoder)
PruMerge(ICCV’25) 69.15 68.17 1258.86 71.40 50.90 33.6 54.01 13.7 17.9 13.76 10.09 76.40 52.5 26.7 2.02

fixed pooling 71.49 68.02 1359.05 72.17 53.02 34.3 53.40 13.9 19.1 15.32 11.25 82.14 57.1 26.1 2.01
DRIP 71.59 69.61 1313.76 71.35 52.93 33.2 54.83 15.2 20.4 17.42 10.84 82.59 55.8 26.8 2.04

Table 1: LLaVA-1.5-7B full-parameter finetuning results using the last layer’s image fea-
tures. The best results are highlighted among training-free methods and training-based
methods.

Overall Performance. We consider three baselines: the original LLaVA that keeps all162

image tokens, LLaVA-PruMerge, and a finetuning approach with fixed pooling. We finetune163

LLaVA 1.5 7B using full-parameter tuning (Table 1). To more comprehensively assess its164

finetuning behavior, we additionally report LoRA finetuning results (Table 5) in Appendix C.165

All baselines and our method are evaluated under three compression settings: 4x, 8x, and166

10x. The experiments show that finetuning with fixed pooling outperforms PruMerge on167

multiple benchmarks under the same compute budget. Therefore, we find that the simplest168

baseline of merging every certain number of tokens, after finetuning, can outperform exist-169

ing training-free approaches. We present additional result analysis including benchmark170

compressibility and McNemar’s test in Appendix D.171

OCR Performance. We conduct a detailed analysis of results on five selected OCR bench-172

marks. Our observations show that dynamic image tokenization consistently outperforms173

fixed pooling at all compression ratios, with particularly notable improvements at higher174
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Figure 3: FLOP-Accuracy tradeoff (results from full finetuning based on image features
from the final layer of the image encoder).

compression levels. On additional coarse-grained VQA benchmarks, dynamic tokenization175

preserves its performance. Based on these findings, we contend that dynamic image tok-176

enization can restore accuracy on multiple OCR benchmarks while still maintaining strong177

performance on other coarse-grained tasks. In Section 3.2, we further provide concrete178

OCR examples from TextVQA to illustrate the scenarios in which dynamic tokenization is179

particularly beneficial.180

4x compression
what is the make of car?

Fixed Pooling: "Mazda" DRIP: "Lexus"

what number can you see on the hitters jersey?

Fixed Pooling: "17" DRIP: "2"

8x compression
what are the first two letters of the license plate?

Fixed Pooling: "Hh" DRIP: "Kp"

what does the red banner say?

Fixed Pooling: "Yes" DRIP: "Yes you do"

10x compression
is visa accepted at this booth?

Fixed Pooling: "No" DRIP: "Yes"

how many traffic police are in the picture?

Fixed Pooling: "3" DRIP: "2"

Figure 4: TextVQA examples at various compression ratios. With dynamic tokenization,
more boundary tokens are assigned to text-dense regions, retaining richer visual details
there while achieving stronger compression in the background areas.

FLOP-Accuracy Tradeoff. To compare the average performance across different ap-181

proaches, we further examine the tradeoff between TFLOPs and VQA accuracy, as illustrated182

in Figure 3. The x-axis reports the relative TFLOP speedup with respect to the original183

LLaVA-1.5-7B, while the y-axis indicates the relative performance to LLaVA-1.5-7B, aggre-184

gated over all 14 benchmarks. In general, models that lie closer to the upper-right region185

achieve a more favorable FLOP-accuracy tradeoff. We find that dynamic tokenization186

6



Under review as a conference paper at COLM 2026

(DRIP) attains the best overall performance and significantly outperforms fixed pooling and187

PruMerge baselines on OCR benchmarks.188

Boundary Visualization. To assess the effectiveness of dynamic tokenization for images in189

OCR-focused tasks, we examine a set of TextVQA (Singh et al., 2019) benchmark questions190

where fixed pooling (i.e., fixed tokenization) produces incorrect answers, but dynamic tok-191

enization (i.e., DRIP) succeeds. In Figure 4, we present two examples for each compression192

ratio under consideration. We mark boundary tokens with red squares for both fixed pooling193

and dynamic tokenization to illustrate how each method partitions the image. Using the194

same image and question, we observe that fixed pooling often fails to capture the relevant195

text regions and consequently answers incorrectly. In contrast, dynamic tokenization typi-196

cally places more boundary tokens in text-rich areas, retaining crucial visual details while197

applying stronger compression in background regions. Additional qualitative examples198

and validation are provided in Appendix G.199

Image Feature Layer Analysis. In LLaVA (Liu et al., 2023), features from both the last200

layer and second to last layer are considered. Following this setup, we additionally report201

our full-parameter training and evaluation results based on image features extracted from202

the second to last layer of the vision encoder, as shown in Table 2. We find no notable203

performance drift compared to using features from the last ViT layer. This suggests that our204

method is robust to variations in visual features and that our experimental outcomes are205

largely insensitive to the specific choice of image feature layer.206

Model VQAv2 SQA MME MM-Bench GQA MMMU TextVQA OCRBench OCRBenchv2 DocVQA ChartQAPro POPE LLaVA-Wild MM-Vet TFLOPs
Benchmark Type general reasoning OCR hallucination free-response

upper bound (keep 576/576 tokens out of the image encoder)
LLaVA-1.5-7B 76.96 68.32 1459.94 73.61 58.79 34.3 57.43 19.3 24.0 25.46 11.74 85.13 60.7 29.2 8.89

4x compression (keep 144/576 tokens out of image encoder)
PruMerge(ICCV’25) 74.54 69.31 1424.85 73.50 55.29 34.9 55.26 15.8 20.6 16.82 11.26 82.37 60.4 27.3 3.18

fixed pooling 74.86 67.87 1413.55 73.95 55.93 34.1 55.62 15.8 22.1 18.75 10.92 84.88 69.0 28.5 3.16
DRIP 75.12 69.26 1362.44 74.14 55.79 34.4 56.16 17.1 22.6 21.08 10.89 84.07 62.8 28.0 3.18

8x compression (keep 72/576 tokens out of the image encoder)
PruMerge(ICCV’25) 71.50 68.96 1357.71 72.84 52.37 34.3 54.65 14.8 19.5 15.01 10.87 78.42 58.7 26.8 2.22

fixed pooling 73.08 68.96 1320.00 72.68 54.14 34.4 53.93 14.3 20.4 16.22 10.99 82.56 59.8 26.3 2.21
DRIP 73.18 69.01 1356.79 73.13 54.05 34.6 55.51 15.8 21.0 18.28 11.18 82.34 62.3 27.2 2.23

10x compression (keep 58/576 tokens out of the image encoder)
PruMerge(ICCV’25) 70.17 69.41 1325.20 72.49 51.43 34.3 54.25 14.6 18.8 14.35 10.77 77.28 50.1 27.2 2.02

fixed pooling 72.48 67.77 1325.38 73.00 54.01 33.0 53.66 13.7 20.3 15.49 10.17 83.06 60.0 26.8 2.01
DRIP 72.42 70.15 1310.24 73.47 53.56 33.6 55.39 14.5 20.9 17.31 10.93 82.81 60.7 28.3 2.04

Table 2: LLaVA-1.5-7B full-parameter finetuning results using the second-to-last layer’s

image features. The best results are highlighted among training-free and training-based
methods.

Scaling to Qwen2.5-14B-instruct LLM. The original LLaVA 1.5 (Liu et al., 2024a) is re-207

stricted to the Vicuna 1.5 family of LLMs, which are instruction-tuned variants of LLaMA208

2. Yet, Vicuna 1.5 is a relatively dated LLM series, potentially constraining LLaVA’s visual209

question answering capabilities and resulting in less-than-optimal performance across bench-210

marks. To address this, we scale our experiments using Qwen2.5-14B-instruct (Qwen et al.,211

2025) as the LLM (Table 3), which offers stronger capabilities and a larger model size. We first212

note that, although this choice substantially increases TFLOPs, the Qwen2.5-14B-instruct-213

based model yields large and consistent performance improvements over the original214

LLaVA-1.5-7B when using the same visual encoder. Surprisingly, DRIP does not consistently215

outperform fixed pooling at 4x compression, where the token budget remains sufficiently216

large for fixed pooling to preserve most visual information. Nevertheless, under more217

aggressive compression (both 8x and 10x), dynamic tokenization becomes increasingly218

important to consistently recover performance, particularly on OCR benchmarks.219
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Model VQAv2 SQA MME MM-Bench GQA MMMU TextVQA OCRBench OCRBenchv2 DocVQA ChartQAPro POPE LLaVA-Wild MM-Vet TFLOPs
Benchmark Type general reasoning OCR hallucination free-response

upper bound (keep 576/576 tokens out of the image encoder)
LLaVA-Qwen2.5 77.63 76.00 1573.12 79.19 58.92 47.6 61.25 19.3 29.1 29.44 13.45 85.16 70.2 30.7 17.71

4x compression (keep 144/576 tokens out of image encoder)
PruMerge(ICCV’25) 74.06 75.31 1490.82 77.93 54.60 46.4 56.95 14.9 24.6 17.19 12.56 81.79 66.5 26.0 5.62

fixed pooling 75.06 74.17 1510.43 78.16 55.75 48.3 59.06 17.0 26.2 21.48 12.91 83.96 66.4 27.2 5.60
DRIP 74.24 73.92 1460.11 76.54 54.86 48.6 57.89 15.9 25.0 22.21 12.28 83.75 68.8 26.6 5.63

8x compression (keep 72/576 tokens out of the image encoder)
PruMerge(ICCV’25) 70.89 75.21 1388.75 77.02 52.59 46.9 56.23 13.9 23.1 15.29 12.29 78.73 65.5 23.9 3.61

fixed pooling 72.71 75.16 1422.09 77.15 54.01 47.6 55.86 14.8 24.9 17.14 12.90 83.59 64.5 24.5 3.58
DRIP 73.64 75.56 1459.39 77.93 54.98 47.9 58.42 15.9 26.8 20.45 12.61 83.43 65.0 27.6 3.61

10x compression (keep 58/576 tokens out of the image encoder)
PruMerge(ICCV’25) 69.38 75.21 1352.54 76.42 51.53 46.9 56.29 13.8 22.9 13.77 12.19 77.34 64.6 24.5 3.18

fixed pooling 72.04 75.31 1427.13 76.47 54.27 47.6 55.92 13.5 24.5 15.96 13.12 83.95 65.6 23.1 3.16
DRIP 72.48 76.25 1478.91 76.54 53.99 47.9 57.88 15.7 24.8 18.37 12.58 83.46 67.9 24.9 3.22

Table 3: Evaluation results when using Qwen2.5-14B-instruct as the LLM. The best results
are highlighted among training-free and training-based methods.

4 Ablation Studies220

In this section, we analyze several important ablations related to training the boundary221

predictor, specifically focusing on sampling temperature, the architecture of the boundary222

predictor, and the loss ratio.223

Sampling Temperature. During training, the relaxed Bernoulli sampling relies on a tem-224

perature hyperparameter τ to adjust the sharpness of the sampling process. In our main225

experiments, we adopt the default temperature of 0.1. In this ablation study, we examine a226

sharper sampling scheme by reducing the temperature to 0.01, as reported in Table 4. We227

observe that using this lower, sharper temperature leads to additional, moderate gains on228

OCR and reasoning benchmarks.229

Model VQAv2 SQA MME MM-Bench GQA MMMU TextVQA OCRBench OCRBenchv2 DocVQA ChartQAPro POPE LLaVA-Wild MM-Vet TFLOPs
Benchmark Type general reasoning OCR hallucination free-response

4x compression (keep 144/576 tokens out of image encoder)
DRIP 74.59 69.31 1341.93 74.05 55.16 34.7 56.08 16.8 20.9 21.27 11.38 82.83 59.5 28.6 3.18

Sampling Temperature
temp = 0.01 74.60 68.67 1295.99 73.41 55.35 35.7 56.32 17.0 21.9 21.34 11.33 83.06 64.9 28.7 3.18

Boundary Predictor Architecture
H-Net 73.60 69.11 1377.26 72.42 55.70 35.1 54.28 14.9 20.4 18.28 11.19 83.86 56.5 27.8 3.18

Loss Ratio
loss ratio = 1:10 74.56 68.37 1327.69 73.86 55.31 33.7 56.23 16.8 21.0 21.00 11.31 83.48 60.2 28.3 3.18

Table 4: Key ablations for training the boundary predictor. We study the effects of sampling
temperature, the architecture of the boundary predictor, and the loss weighting ratio. All
experiments are conducted at 4x compression.

Boundary Predictor Architecture. In our proposed method, the boundary predictor is230

implemented as a lightweight 2-layer MLP. Other strategies for boundary prediction have231

also been explored. For instance, H-Net (Hwang et al., 2025) relies on token cosine simi-232

larity: the less similar two tokens are, the higher the probability that a boundary is placed233

between them. As illustrated in Figure 5, our MLP-based boundary predictor produces234

more confident decisions and yields boundaries that better align with semantic structure235

compared to H-Net. Furthermore, the results in Table 4 confirm that the H-Net strategy236

leads to overall inferior performance, particularly on OCR benchmarks.237

Loss Ratio. By default, we set the language model loss and boundary loss to have a 1:1238

ratio:239

Ltotal = Lprimary + Lboundary. (5)
We then investigate whether altering this loss balance yields different outcomes during240

supervised instruction finetuning. Because the boundary loss is much smaller in magnitude,241
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MLP boundary predictor (ours) H-Net boundary predictor (ablation)

Figure 5: The predicted boundaries and probability heatmaps between our MLP boundary
predictor and the ablated H-Net boundary predictor. Our MLP boundary predictor leads
to more confident predictions and more semantically meaningful boundaries.

we also evaluate a 1:10 ratio to emphasize it. As shown in Table 4, adjusting the loss ratio242

does not lead to any substantial performance differences.243

5 Related Work244

Image Token Compression. The original motivation for compressing image tokens was to245

lower the computational overhead of vision transformers (Dosovitskiy et al., 2021) on vision-246

only tasks like ImageNet classification (Deng et al., 2009). For instance, DynamicViT (Rao247

et al., 2021) is trained to prune less informative tokens, EViT (Liang et al., 2022) identifies248

salient tokens using class-token attention and merges the rest, and ToME (Bolya et al., 2023)249

leverages token cosine similarity to aggregate redundant image tokens. With the emergence250

of open-source VLMs such as LLaVA (Liu et al., 2023), which show strong performance251

on multimodal benchmarks, image token compression has also been extended to VLMs:252

LLaVA-PruMerge (Shang et al., 2026) exploits class-token attention to select important image253

tokens, which serve as centroids around which other tokens are clustered and merged. More254

recently, SparseVLM (Zhang et al., 2025) and VisionTrim (Yu et al., 2026) have investigated255

leveraging the text prompt to guide the image compression process. Nevertheless, all of256

these approaches are training-free: they do not explicitly adapt the LLM to the compressed257

visual representation, suggesting that further gains remain possible.258

Dynamic Token Pooling. Dynamic Token Pooling (Nawrot et al., 2023) is proposed259

for language modeling to make Transformers more efficient and adaptive. Unlike Hour-260

glass (Nawrot et al., 2022), which merges tokens at fixed intervals, it dynamically decides261

where to merge tokens based on linguistic cues. A boundary predictor segments sequences262

into variable-length groups, which are pooled, processed at shorter sequence length, and263

then upsampled back to the original resolution for autoregressive prediction. By adapting264

computation to each region’s information content, Dynamic Token Pooling allows Trans-265

formers to model language more efficiently, achieving lower perplexity and faster training266

under the same compute budget.267

6 Conclusion268

In this work, we first question the trend of training-free visual token compression, demon-269

strating that finetuning VLMs with a straightforward fixed pooling baseline can already270

be competitive, although fixed pooling remains inadequate for OCR-heavy tasks. To close271

this OCR performance gap, we introduce dynamic image tokenization, which jointly trains272

an MLP-based boundary predictor. We finetune LLaVA under multiple configurations and273

assess performance on 14 VQA benchmarks, where our method achieves the best FLOP-274

accuracy tradeoff. Our goal is to establish a strong baseline for learning image tokenization275

during training, guiding future research on multimodal LLM token compression.276
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Appendix398

A Implementation Details399

Hyperparameters. As noted above, our finetuning setup largely mirrors the training recipe400

of LLaVA 1.5. In the initial token-alignment/pretraining phase, where we train only the401

MLP projectors (plus the boundary predictor in our method), we adopt DeepSpeed ZeRO-2402

with an initial learning rate of 1e-3 and a cosine schedule. For the Qwen2.5-14B DRIP model403

under 4× compression, we reduce this learning rate to 2e-4 to maintain stable training. The404

global batch size is 256, and we apply gradient accumulation over 32 steps to reduce memory405

usage. This pretraining phase is run for exactly 1 epoch. In the subsequent supervised406

instruction finetuning phase, where the LLM itself is updated (using either full-parameter407

finetuning or LoRA), we switch to DeepSpeed ZeRO-3 with an initial learning rate of 2e-5408

and a cosine scheduler. Here, we use 1 batch per device and accumulate gradients over 128409

steps, resulting in a global batch size of 128. This finetuning phase also runs for exactly 1410

epoch. In both stages, we set the learning rate warmup ratio to 0.03.411

Computing Environments. We run inference (i.e., evaluation) on a single NVIDIA A100-412

40G GPU. The token pretraining is likewise carried out on one A100-40G GPU. For full-413

parameter finetuning, we use 4 A100-80G GPUs, whereas LoRA finetuning is conducted on414

a single A100-80G GPU.415

B Boundary Prediction Algorithm Pseudocode416

Algorithm 1 Pseudocode for Boundary Prediction – training

# B: batch size; L: sequence length D: feature dimension
# temperature: sampling temperature

# features in shape [L x B x D]
boundary_logits = self.boundary_predictor(hidden) # in shape [B, L]
boundary_probs = sigmoid(boundary_logits) # in shape [B, L]

# sample boundaries from a relaxed bernoulli distribution
bernoulli = RelaxedBernoulli(boundary_probs, temperature)
soft_boundaries = bernoulli.sample() # in shape [B, L]

# threshold to assign hard boundaries (i.e, 0 or 1)
hard_boundaries = soft_boundaries > 0.5 # in shape [B, L]
return soft_boundaries, hard_boundaries

Algorithm 2 Pseudocode for Boundary Prediction – inference

# B: batch size; L: sequence length D: feature dimension
# prior: the compression ratio in float

# features in shape [L x B x D]
boundary_logits = self.boundary_predictor(hidden) # in shape [B, L]
boundary_probs = sigmoid(boundary_logits) # in shape [B, L]

# use boundary probabilities to select Top-K image tokens
# to match the compression ratio
K = integer(L * prior)

# binary mask with exactly K selected tokens per sample
hard_boundaries = TopK(boundary_probs, K)
return soft_boundaries, hard_boundaries

In this section, we provide pseudocode for boundary prediction during both training and417

inference. Algorithm 1 illustrates how we sample from the relaxed Bernoulli distribution418

defined in Equation 2.2 to obtain the boundaries, while Algorithm 2 describes how we419

choose the Top-K image tokens as boundaries to achieve the desired compression ratio.420

We additionally include the pseudocode for computing the auxiliary boundary loss in421

Algorithm 3.422
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Algorithm 3 Pseudocode for Boundary Loss Calculation during training

# B: batch size; L: sequence length
# prior: the compression ratio in float

# preds in shape [B x L]
# Count the number of selected boundary tokens in each sample
target_count = preds.sum(dim=-1)

# Define a Binomial prior over the expected number of selections
binomial = Binomial(total_count=L, probs=prior)

# Compute the boundary loss
return -binomial.log_prob(target_count).mean() / total_count

C LoRA finetuning results423

We report our LoRA finetuning outcomes in Table 5 and the FLOP–accuracy tradeoff in424

Figure 6. As before, training with fixed pooling yields better performance than PruMerge,425

and dynamic tokenization outperforms on OCR benchmarks while preserving its effective-426

ness on the remaining tasks. The results for image features from second to last layer is also427

shown in Table 6.428

Model VQAv2 SQA MME MM-Bench GQA MMMU TextVQA OCRBench OCRBenchv2 DocVQA ChartQAPro POPE LLaVA-Wild MM-Vet TFLOPs
Benchmark Type general reasoning OCR hallucination free-response

upper bound (keep 576/576 tokens out of the image encoder)
LLaVA-1.5-7B 75.94 66.19 1450.84 71.60 58.06 33.3 55.87 18.1 23.0 25.41 11.17 85.10 61.1 32.2 8.89

4x compression (keep 144/576 tokens out of image encoder)
PruMerge(ICCV’25) 73.11 65.99 1410.31 69.98 53.97 34.1 52.18 14.2 20.3 16.17 10.57 81.82 64.6 28.6 3.18

fixed pooling 73.51 66.78 1355.09 71.42 55.76 34.4 53.18 15.8 21.5 18.45 9.42 84.23 61.4 30.8 3.16
DRIP 74.11 66.78 1346.59 71.90 55.81 33.4 54.47 17.2 22.0 21.77 9.82 82.96 60.4 31.0 3.18

8x compression (keep 72/576 tokens out of the image encoder)
PruMerge(ICCV’25) 69.80 66.19 1291.15 68.56 51.51 33.2 51.37 14.4 18.5 14.69 10.81 78.05 58.5 28.2 2.22

fixed pooling 71.53 68.32 1277.98 70.00 53.53 32.9 50.95 13.4 20.2 15.85 9.28 82.65 62.4 29.1 2.21
DRIP 72.03 67.53 1280.09 70.60 53.70 32.0 52.74 14.9 21.0 18.48 9.63 82.96 60.3 31.2 2.23

10x compression (keep 58/576 tokens out of the image encoder)
PruMerge(ICCV’25) 68.27 66.14 1257.86 67.81 50.46 32.9 51.16 13.8 18.2 14.07 10.54 76.81 55.0 26.5 2.02

fixed pooling 70.84 67.87 1249.51 70.71 53.03 32.3 50.99 13.3 19.5 14.92 8.83 82.78 58.5 27.4 2.01
DRIP 71.15 66.93 1290.33 69.66 52.95 32.9 52.93 15.1 21.1 16.90 9.38 83.14 57.8 26.9 2.04

Table 5: LLaVA-1.5-7B LoRA finetuning results using the last layer’s image features. The
best results are highlighted among training-free methods and training-based methods.
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Figure 6: FLOP-Accuracy tradeoff (lora finetuning results using the last layer’s image
features).
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Model VQAv2 SQA MME MM-Bench GQA MMMU TextVQA OCRBench OCRBenchv2 DocVQA ChartQAPro POPE LLaVA-Wild MM-Vet TFLOPs
Benchmark Type general reasoning OCR hallucination free-response

upper bound (keep 576/576 tokens out of the image encoder)
LLaVA-1.5-7B 76.33 67.48 1437.89 72.58 58.01 32.0 55.96 19.0 23.1 24.45 10.75 85.17 70.5 30.5 8.89

4x compression (keep 144/576 tokens out of image encoder)
PruMerge(ICCV’25) 73.79 67.18 1410.93 71.37 54.43 31.6 52.77 16.0 20.4 17.16 10.21 82.36 61.4 29.8 3.18

fixed pooling 74.10 67.23 1428.06 72.08 56.08 32.8 54.30 15.8 21.4 18.90 10.38 83.90 70.2 30.2 3.16
DRIP 74.57 67.58 1400.51 72.20 56.08 33.9 54.22 17.3 23.0 21.31 8.97 83.54 67.6 31.7 3.18

8x compression (keep 72/576 tokens out of the image encoder)
PruMerge(ICCV’25) 70.91 66.83 1361.00 69.77 51.88 32.2 51.87 15.2 19.3 15.36 10.13 78.75 62.2 29.1 2.22

fixed pooling 72.40 68.67 1252.21 71.10 54.08 30.9 51.93 13.8 20.4 16.00 9.37 83.55 66.5 28.8 2.21
DRIP 72.49 67.97 1347.32 71.10 54.01 31.8 53.92 15.9 21.6 18.37 9.30 83.08 62.7 31.0 2.23

10x compression (keep 58/576 tokens out of the image encoder)
PruMerge(ICCV’25) 69.54 67.33 1333.20 69.50 50.99 32.8 52.00 14.3 18.7 14.95 9.76 77.64 58.9 27.9 2.02

fixed pooling 71.85 67.87 1281.67 71.30 53.78 32.7 51.36 13.7 20.5 15.44 8.86 83.06 66.3 27.9 2.01
DRIP 71.86 69.21 1311.59 70.30 53.41 32.7 52.87 15.9 20.9 16.54 8.89 83.09 66.2 27.2 2.04

Table 6: LLaVA-1.5-7B LoRA finetuning results using the second to last layer’s image fea-
tures. The best results are highlighted among training-free methods and training-based
methods.
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Figure 7: Benchmark Compressibility Heatmap. Each cell’s value represents the percentage
of performance preserved relative to the original, uncompressed LLaVA. The x-axis lists all
compression methods, while the y-axis presents VQA benchmarks ordered by their level of
performance retention.

D Additional Result Analysis429

Benchmark Compressibility Heatmap. We further study the compressibility of each VQA430

benchmark by examining their relative performance under token compression. Figure 7431

presents all 14 VQA benchmarks ranked by performance retention. We observe that bench-432

marks such as LLaVA-in-the-wild, SQA, MMMU, and MM-Bench are highly compressible,433

suggesting that they primarily depend on a global understanding of the visual input. In434

contrast, most OCR benchmarks, which need fine-grained recognition, are highly sensitive435

to token compression. Nonetheless, our dynamic tokenization approach is able to recover436

more accuracy on these OCR tasks.437

McNemar’s Test on benchmarks when appropriate. We further apply McNemar’s test438

statistic (McNemar, 1947) to assess whether the observed performance improvements are439
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statistically significant. McNemar’s test evaluates the null hypothesis that two models440

achieve the same performance. Specifically, let n01 be the number of instances answered441

correctly by model A but not by model B, and n10 be the number of instances answered442

correctly by model B but not by model A. The McNemar’s test statistic is given by443

χ2 =
(|n01 − n10| − 1)2

n01 + n10
, (6)

which, under the null hypothesis that the two models have identical error rates, asymp-444

totically follows a chi-square distribution with one degree of freedom. We examine the445

combination of fixed pooling and dynamic tokenization and observe that, at a 10x com-446

pression rate, dynamic tokenization delivers statistically significant gains on several OCR447

benchmarks, including TextVQA, OCRBenchv2, and DocVQA. Based on these results,448

we conclude that dynamic tokenization is strongly preferable when high compression is449

required.450

Model VQAv2 SQA MME MM-Bench GQA MMMU TextVQA OCRBench OCRBenchv2 DocVQA ChartQAPro POPE LLaVA-Wild MM-Vet TFLOPs
Benchmark Type general reasoning OCR hallucination free-response

4x compression (keep 144/576 tokens out of image encoder)
fixed pooling 74.06 67.82 1335.40 71.72 55.67 34.3 55.74 15.7 20.9 18.78 11.10 83.75 64.1 29.9 3.16

DRIP 74.59 69.31 1341.93 74.05 55.16 34.7 56.08 16.8 20.9 21.27 11.38 82.83 59.5 28.6 3.18
McNemar’s test – 4.163 4.663 26.156 3.025 0.032 0.0733 2.127 0.237 30.303 0.179 9.592 – – –

p-value – 0.041 0.031 0.000 0.082 0.858 0.786 0.145 0.626 0.000 0.672 0.002 – – –

8x compression (keep 72/576 tokens out of the image encoder)
fixed pooling 72.13 69.11 1280.78 71.65 53.78 34.0 54.05 14.3 19.5 16.00 10.81 82.15 50.7 25.8 2.21

DRIP 72.58 68.47 1310.01 71.90 54.23 32.9 54.75 15.7 20.4 18.50 10.54 82.52 63.6 29.5 2.23
McNemar’s test – 0.64 2.952 0.224 2.297 0.75 1.481 3.25 0.575 32.397 0.455 1.266 – – –

p-value – 0.424 0.086 0.635 0.129 0.386 0.223 0.071 0.448 0.000 0.499 0.261 – – –

10x compression (keep 58/576 tokens out of the image encoder)
fixed pooling 71.49 68.02 1359.05 72.17 53.02 34.3 53.40 13.9 19.1 15.32 11.25 82.14 57.1 26.1 2.01

DRIP 71.59 69.61 1313.76 71.35 52.93 33.2 54.83 15.2 20.4 17.42 10.84 82.59 55.8 26.8 2.04
McNemar’s test – 4.620 0.565 2.849 0.092 0.75 9.689 2.938 16.644 23.971 0.613 1.868 – – –

p-value – 0.031 0.452 0.091 0.761 0.386 0.002 0.086 0.000 0.000 0.434 0.171 – – –

Table 7: McNemar’s Statistical test upon the Table 1. Green cells indicate pvalue < 0.05
and yellow cells imply pvalue < 0.1. VQAv2 requires external evaluation, and free-response
benchmarks like LLaVA-wild and MM-vet use LLM-as-a-judge, not suitable for this test.

E Efficiency Details451

Method Tokens TFLOPs KV Cache Memory

LLaVA 576 8.89 321.0 MB 14.95 GB
DRIP-4x 144 3.18 105.5 MB 14.15 GB
DRIP-8x 72 2.23 69.5 MB 14.02 GB

DRIP-10x 58 2.04 62.5 MB 14.00 GB

Table 8: Comprehensive efficiency report.

Comprehensive Efficiency report.452

Other than TFLOPs during prefill stage,453

we also collect and report memory454

metrics such as KV cache and allocated455

memory across different compression456

budgets, as shown in Table 8. We find457

that when the number of image tokens458

is reduced, not only the TFLOP drops, but also the KV cache and allocated memory are459

less consumed due to the much reduced sequence length. This indicates that image token460

compression can mitigate both computation and memory consumption.461

Module #Params %

Vicuna-1.5-7B 6.61B 95.26%
ViT-L/14 303.51M 4.37%

MLP projector 20.98M 0.30%
Boundary predictor 4.20M 0.06%

Table 9: Boundary Predictor Overhead.

Boundary Predictor Overhead. From the re-462

sults in Table 1, we find that adding our bound-463

ary predictor leads to only a negligible increase464

in TFLOPs compared with using fixed pooling.465

Therefore, in Table 9, we additionally report the466

number of parameters to assess the overhead467

introduced by the proposed boundary predictor.468

We base our analysis on the original LLaVA 1.5469

model, which uses Vicuna-1.5-7B as the LLM470

and openai/clip-vit-large-patch14-336 as the vision encoder. Our lightweight MLP-471

based boundary predictor adds only 0.06% to the total number of parameters.472
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F Training Curves473

Pretraining phase Finetuning phase

Figure 8: The loss curve for both LM loss and boundary loss in the pretraining phase (left)
and finetuning phase (right).

We additionally present the training loss curves for both the token alignment/pretrain-474

ing phase and the instruction finetuning phase, as shown in Figure 8. To derive the475

theoretical lower bound of the boundary loss, we consider a binomial random variable476

K ∼ Binomial(L, ϕ), where L is the sequence length and ϕ is the compression ratio. Our477

boundary loss in Equation 3 can then be written as478

Lboundary = − 1
L

log P(K = k). (7)

This loss is minimized when k = L · ϕ. Hence, the theoretical minimum of the boundary479

loss, which is nonzero, is given by480

Lmin = − 1
L

log P(K = L · ϕ). (8)

In Figure 8, we assume a 4x compression setting and also plot this theoretical bound for481

the boundary loss. Concretely, at the beginning of pretraining, both the LM loss and the482

boundary loss are very large because the boundary predictor is randomly initialized and483

does not yet enforce the target compression ratio. Both losses then drop rapidly, with484

the boundary loss converging particularly fast. During instruction finetuning, the LM485

loss starts relatively high (above 1.6) and decreases gradually over training steps, while486

the boundary loss, which is already very small after pretraining, fluctuates around the487

theoretical minimum. It does not exactly attain this minimum because boundary positions488

are continually sampled during training.489

G Additional Boundary Validation490

Qualitative validation. To further assess the effectiveness of dynamic tokenization, we491

compare our predicted boundaries against the attention maps of the CLS token. The attention492

received by the CLS token, commonly used as a simple proxy for token importance (Liang493

et al., 2022), indicates which image tokens encode the most salient semantics of an image.494

Using the CLS token attention averaged across all heads, Figure 9 shows that our selected495

boundaries largely encompass the image tokens that obtain the highest CLS-token attention.496

More case studies. We provide additional boundary visualizations in Figure 10, Figure 11,497

and Figure 12 for various compression ratios. These examples span multiple text types,498

such as English characters, numerical digits, symbols, and even vertically oriented text.499

In general, dynamic image tokenization retains a greater number of image tokens around500

textual regions, resulting in improved performance on OCR tasks.501
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Boundaries CLS token attention Boundaries CLS token attention

Figure 9: Qualitative validation against CLS token attention maps. Our selected bound-
aries largely encompass the image tokens that obtain the highest CLS-token attention.

Figure 10: TextVQA examples: 4x compression.

H VQA Benchmarks502

In this section, we introduce each of 14 VQA benchmarks we use in our experiments.503

VQAv2. VQAv2 (Agrawal et al., 2016) is a large scale VQA benchmark that consist more504

than 265K open-ended visual questions. All questions are paired with 10 ground truth505

answer candidates to accurately evaluate the model’s predictions. Given the fact the ground506

truths are not publicly available, all evaluation results will need to be submitted to EvalAI507

for scoring.508

SQA. SQA, also known as ScienceQA (Lu et al., 2022), is a VQA benchmark especially509

for science domains. Questions are organized hierarchically, covering more than 25 topics.510

Note that this benchmark contains multimodal questions and text-only questions: to rigor-511

ously examine visual understanding capabilities of models, we only report the aggregated512

accuracy results of multimodal questions.513

MME. The MME benchmark (Fu et al., 2025a) evaluates model performance across a total514

of 14 tasks targeting both perceptual and cognitive abilities. We only report the score of the515

perceptual split since cognitive abilities have little to do with visual compression. MME tries516

to prevent data leakage for fair evaluation by manually designed instruction-answer pairs.517
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Figure 11: TextVQA examples: 8x compression.

Figure 12: TextVQA examples: 10x compression.

MMBench. MMBench (Liu et al., 2024b), a bilingual (English & Chinese) VQA multiple-518

choice benchmark, is rigorously curated with well-designed quality control. It also intro-519

duces a rigorous CircularEval strategy to ensure the model is robust to the order of choices520

(i.e., A, B, C, D). We report our results with a single round.521

GQA. The GQA (Ainslie et al., 2023) benchmark evaluates visual scene understanding522

and reasoning capabilities from both images and scene graphs. It also includes spatial523

attributes and object features paired with well-designed questions. However, we follow524

LLaVA-1.5 (Liu et al., 2024a) pipeline to exclude object-level questions during our evaluation.525

MMMU. MMMU (Hendrycks et al., 2021) evaluates multimodal models on hard tasks526

that require a wide range of knowledge and strong reasoning abilities. The benchmark527

consists of more than 10K questions spanning spanning six different disciplines, sourced528

from exams and textbooks. We only report the overall aggregated accuracy for the simplicity529

of comparison.530
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TextVQA. TextVQA (Singh et al., 2019) evaluates a MLLM’s ability to capture text embed-531

ded within images. It’s the most widely used and popular OCR benchmark, which provides532

a list of candidates for ground truth answers to mitigate the effect of formatting issues in533

model’s responses.534

OCRBench. OCRBench (Liu et al., 2024c) is a comprehensive OCR evaluation benchmark.535

It contains almost 30 datasets spanning different forms of embedded text: multilingual text,536

handwritten text, non-semantic text, and mathematical expression recognition.537

OCRBenchv2. As an extension of OCRBench, OCRBenchv2 (Fu et al., 2025b) presents a538

larger-scale bilingual text-centric benchmark and provides 4x more tasks than OCRBench.539

Concretely, it covers more than 30 diverse scenarios with 10K human-verified question-540

answering pairs.541

DocVQA. DocVQA (Mathew et al., 2021) specifically offers a testbed for document images,542

consisting of 50K questions within 12K document images. We use Accuracy@NL < 0.5,543

which quantifies the percentage of prediction examples whose normalized edit distance is544

less than 0.5, as our evaluation metric reported in this paper.545

ChartQAPro. ChartQAPro(Masry et al., 2025) is a recent benchmark that consists of over546

1K chart images such as dashboards and infographics. It’s characterized by almost 2K547

questions spanning multiple-choice, conversational, hypothetical, and unanswerable ones.548

POPE. POPE (Li et al., 2023) evaluates object hallucination in models via curated binary549

questions (i.e., ‘yes’ or ‘no’) that asks whether something is present in the given image. Three550

splits of hallucinated objects are provided: random (a randomly selected object), common (a551

very common object in daily life), and adversarial (a very similar but still different object552

in the image). Metrics like Accuracy, Recall, Precision, and F1 Score measure hallucination553

levels across three sampling strategies, and we report the arithmetic average of accuracy554

across 3 different splits above.555

LLaVA-in-the-wild. LLaVA-Bench (Liu et al., 2023), also known as LLaVA-in-the-wild,556

collects a a small but diverse set of 24 images along with 60 questions. All questions expect557

open-ended free-response answers, thus LLM-as-a-judge is applied to evaluate model’s558

performance.559

MM-Vet. MM-Vet (Yu et al., 2024) is a similar free-response benchmark to LLaVA-Bench,560

but it offers a more structured family of visual questions spanning recognition, OCR,561

knowledge, language generation, spatial awareness, and math. LLM-as-a-judge is used to562

evaluate answers from models.563
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