
HiRED: Attention-Guided Token Dropping for Efficient Inference of
High-Resolution Vision-Language Models

Kazi Hasan Ibn Arif1, JinYi Yoon1, Dimitrios S. Nikolopoulos1, Hans Vandierendonck2,
Deepu John3, Bo Ji1

1Virginia Tech, Blacksburg, VA, USA
2Queen’s University Belfast, Belfast, UK

3University College Dublin, Dublin, Ireland
{hasanarif, jinyiyoon, dsn}@vt.edu, h.vandierendonck@qub.ac.uk, deepu.john@ucd.ie, boji@vt.edu

Abstract

High-resolution Vision-Language Models (VLMs) are
widely used in multimodal tasks to enhance accuracy by pre-
serving detailed image information. However, these models
often generate an excessive number of visual tokens due to
the need to encode multiple partitions of a high-resolution
image input. Processing such a large number of visual tokens
poses significant computational challenges, particularly for
resource-constrained commodity GPUs. To address this
challenge, we propose High-Resolution Early Dropping
(HiRED), a plug-and-play token-dropping method designed
to operate within a fixed token budget. HiRED leverages the
attention of CLS token in the vision transformer (ViT) to
assess the visual content of the image partitions and allocate
an optimal token budget for each partition accordingly. The
most informative visual tokens from each partition within
the allocated budget are then selected and passed to the
subsequent Large Language Model (LLM). We showed
that HiRED achieves superior accuracy and performance,
compared to existing token-dropping methods. Empirically,
HiRED-20% (i.e., a 20% token budget) on LLaVA-Next-7B
achieves a 4.7× increase in token generation throughput,
reduces response latency by 78%, and saves 14% of GPU
memory for single inference on an NVIDIA TESLA P40
(24 GB). For larger batch sizes (e.g., 4), HiRED-20%
prevents out-of-memory errors by cutting memory usage by
30%, while preserving throughput and latency benefits.

Code — https://github.com/hasanar1f/HiRED

1 Introduction
Vision-Language Models (VLMs), such as GPT-4v (Achiam
et al. 2024), Gemini Pro (Reid et al. 2024), LLaVA (Liu
et al. 2023), and Qwen-VL (Bai et al. 2023), have emerged
as remarkable multimodal models that learn from visual
and textual data. However, these VLMs inherently work for
low-resolution images only and would lose fine-grained vi-
sual information if applied to high-resolution images (Zhang
et al. 2024a; Dong et al. 2024). To address this issue, re-
cent VLMs, referred to as high-resolution VLMs, employ
dynamic partitioning to encode high-resolution images (Liu
et al. 2024a; Dong et al. 2024; Li et al. 2024; Liu et al. 2024c;
Lin et al. 2023; Chen, Pekis, and Brown 2024).

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Inference steps of LLaVA-Next (Liu et al. 2024a)
for a high-resolution VLM with dynamic partitioning.

A typical inference pipeline of high-resolution VLMs
with dynamic partitioning is illustrated in Fig. 1. Specifi-
cally, a high-resolution input image is partitioned into mul-
tiple sub-images (e.g., four sub-images for a square im-
age in LLaVA-Next); a downsampled version of the orig-
inal image, referred to as the full-image, is also included.
Subsequently, a vision encoder such as Vision Transform-
ers (ViTs) encodes each low-resolution image partition into
image features, which are then converted to visual tokens in
the text embedding space through a lightweight Projection
Layer. These visual tokens are concatenated and fed into a
Large Language Model (LLM) (along with text tokens and
system tokens) to generate the final response. Here, the full-
image and the sub-images (commonly referred to as image
partitions in this paper) have different amounts of visual con-
tent and thus, exhibit different degrees of importance. While
the full-image captures the global context of the original im-
age, each sub-image is for a more detailed local representa-
tion of corresponding specific areas. This multi-partitioning
approach enables the inclusion of more visual details, which
can significantly boost accuracy. For example, accuracy can
be improved by 15% when the image resolution is increased
from 336×336 to 1344×1344 (McKinzie et al. 2025).

However, due to the need to encode multiple image par-
titions, high-resolution VLMs often generate 3-10× more
visual tokens than their low-resolution counterparts (Dong
et al. 2024; Hu et al. 2024). Such excessive visual tokens

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

1773



Method High Resolution Token Budget Early Dropping Task Coverage

FastV (Chen et al. 2025b) ✗ ✓ ✗ ✓
FlexAttention (Li et al. 2025) ✓ ✗ ✗ ✓
TokenCorrCompressor (Zhang et al. 2024c) ✓ ✗ ✓ ✗
PruMerge (Shang et al. 2024) ✗ ✗ ✓ ✓

HiRED (Ours) ✓ ✓ ✓ ✓

Table 1: Comparison between our HiRED and existing methods.

result in lower inference throughput, increased generation
latency, and higher GPU memory usage. Furthermore, de-
pending on downstream tasks, the number of visual tokens
required to represent an image also varies significantly (Cai
et al. 2024). However, most commodity GPUs, such as the
Jetson Orin NX (8 or 16 GB) and NVIDIA Tesla T4 (16
GB), have limited computational cores and memory. The
quadratic complexity of transformers (Vaswani 2017) makes
it challenging to process a large number of tokens on these
GPUs. In addition, increased key-value (KV) cache size
due to storing token embeddings at runtime could cause
out-of-memory issues. Therefore, controlling and optimiz-
ing the number of visual tokens is essential to meet the sys-
tem resource constraints. Although traditional optimization
techniques (e.g., model quantization, weight pruning, and
lightweight architectures) can reduce model size, they do not
address the critical issue of excessive visual tokens.

We aim to achieve efficient inference of high-resolution
VLMs through strategic dropping of excessive visual tokens.
Such token-dropping schemes are expected to offer four de-
sired properties: (i) Supporting high-resolution: plug-and-
play integration (i.e., without model training and architec-
tural changes) that promotes easy adoption with existing
high-resolution VLMs while maintaining superior accuracy;
(ii) Controlling token budget: having control over the num-
ber of visual tokens fed into the LLM to enable efficient in-
ference under various resource constraints and task require-
ments; (iii) Facilitating early dropping: dropping tokens in
the image encoding stage (i.e., before the generation phase
using LLM) to reduce input length and enhance computa-
tional efficiency; and (iv) Wide task coverage: covering a
wide range of vision-language tasks (vision question an-
swering, image captioning, document understanding, etc.).

The recent few months have witnessed exciting progress
towards the above goals (Chen et al. 2025b; Li et al. 2025;
Zhang et al. 2024c; Shang et al. 2024). However, none
of these works achieve all the aforementioned properties,
which are highly desired for efficient high-resolution VLM
inference (see Table 1 for a summary and Section 2 for a
detailed discussion).

Contributions. Our work bridges this critical gap and
makes the following main contributions:

We propose High-Resolution Early Dropping (HiRED),
a plug-and-play token-dropping framework for efficient in-
ference of high-resolution VLMs. HiRED enables attention-
guided early dropping of visual tokens under resource con-
straints and covers a wide range of multimodal tasks. To the

best of our knowledge, HiRED is the first framework that
achieves all of these desired properties.

To realize HiRED, our key design leverages two crucial
insights from attention patterns in ViT. First, class token
(CLS) to patch token attentions from initial ViT layers are
closely correlated with the visual contents and can be used
to identify the main objects and irrelevant backgrounds in an
image. To allocate a larger budget to a partition with more
content, we introduce the visual content score (which repre-
sents the amount of visual content a partition carries) as the
token budget for each sub-image. Second, we observe that
CLS-attention (attention scores between the class token and
patch tokens of ViT) from the final layers indicate the in-
formativeness of patch tokens. Therefore, we use the CLS-
attention (aggregated across multiple heads) from the final
layer as feature importance score and select tokens with the
highest feature importance score within the allocated bud-
get. By leveraging such CLS-attention patterns in ViT, we
design a lightweight yet efficient algorithm for budget allo-
cation and token dropping, two key components of HiRED.

Finally, we implement HiRED on three popular open-
source VLMs: LLaVA-Next (Liu et al. 2024a), LLaVA (Liu
et al. 2023), and ShareGPT4V (Chen et al. 2025a) and eval-
uate the accuracy for eight tasks. Our experimental results
show that HiRED-20% (i.e., the budget is set to 20% of
the total number of tokens) on LLaVA-Next-7B (a high-
resolution VLM) achieves a 4.7× increase in token gen-
eration throughput (2.30 vs. 0.49 tokens/sec), reduces re-
sponse latency by 78% (4.21 vs. 19.49 seconds), and saves
14% of GPU memory (13.76 vs. 16.04 GB) for single in-
ference on an NVIDIA TESLA P40 GPU. For larger batch
sizes (e.g., 4), where the 24 GB GPU encounters out-of-
memory (OOM) errors with the full token budget, HiRED-
20% reduces memory usage by 30% (16.99 GB) while main-
taining the throughput and latency improvements. More-
over, HiRED achieves significantly higher accuracy than
previous early-dropping methods, such as PruMerge and
PruMerge+ (Shang et al. 2024) across various tasks.

2 Related Work
We categorize highly related works into three groups.

Lightweight Architectures. Traditional methods often
aim to downsize VLMs by reducing the model size, such as
LLaVA-Phi-2.7B (Zhu et al. 2024), TinyLLaVA-3.1B (Zhou
et al. 2024), and MobileVLM-3B (Chu et al. 2023). How-
ever, these approaches significantly compromise reasoning
capabilities due to the substantial reduction in model param-
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Budget Full TL TR BL BR

10% (= 288 tokens) 37 12 29 84 126
20% (= 576 tokens) 94 40 61 148 234

Table 2: Distribution of the top (10% and 20%) visual to-
kens for the image partitions shown in Fig. 1. Here, TL, TR,
BL, and BR represent the top-left, top-right, bottom-left, and
bottom-right corners of the image partitions, respectively.

eters. Techniques like model quantization (Dettmers et al.
2022) and weight pruning or masking (Sun et al. 2024) fur-
ther reduce resource demands but fail to address the criti-
cal issue of excessive visual tokens. Token ensemble frame-
works such as CrossGET (Shi et al. 2024) and MADTP Cao
et al. (2024) primarily target cross-modal transformer-based
VLMs, such as BLIP (Li et al. 2023a). Methods like Q-
Former, M3 (Cai et al. 2024), and Abstractor (Cha et al.
2024) require expensive training and fine-tuning.

Sparse Attention Computation in LLM and ViT. These
methods aim to reduce the computational cost of attention
mechanisms in the transformer layers. FastV (Chen et al.
2025b) identifies important visual tokens in the initial lay-
ers of LLM and skips unimportant tokens in subsequent lay-
ers, but it is not designed for high-resolution VLMs. While
FlexAttention (Li et al. 2025) can handle high-resolution im-
ages, it does not allow control over the number of visual
tokens based on resource constraints. Methods such as Dy-
namicViT (Rao et al. 2021), PuMer (Cao, Paranjape, and
Hajishirzi 2023), and EViT (Tao et al. 2024) are primarily
for ViTs, and thus, their efficiency gains are limited as the
majority of computation occurs in the LLM.

Early Dropping of Visual Tokens. Methods like Token-
CorrCompressor (Zhang et al. 2024c) and PruMerge (Shang
et al. 2024) drop visual tokens from the image encoding
stage before feeding them to the LLM for greater efficiency.
TokenCorrCompressor identifies repetitive whitespace pat-
terns in document images through token-to-token cosine
similarity and drops redundant tokens with high similar-
ity. However, their work considers document understand-
ing tasks only. PruMerge prunes out visual tokens with low
CLS-attention and merges them with selected tokens, and
PruMerge+, an enhanced version, selects additional spa-
tial tokens to mitigate information loss. Since PruMerge
is designed for low-resolution VLMs, the model accuracy
degrades significantly for high-resolution VLMs (see Sec-
tion 5.1). Moreover, these methods lack control over the
number of visual tokens within the memory budget, which
is essential in resource-constrained environments.

3 Key Insights
Sparse visual tokens with high attention scores. In a
typical VLM, the LLM processes visual, text, and system
tokens together. To understand the role of various tokens in
the LLM generation phase, we investigate their attention pat-
terns on LLaVA-Next-7B (see Fig. 2a). This experiment re-
veals that while visual tokens amount to 80-90% of all the
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Figure 2: The sparse nature of visual tokens is evident during
the generation using LLM. (a) Visual tokens receive signifi-
cantly less attention compared to system and text tokens. (b)
The top 20% and 40% of visual tokens account for 60% and
80% of the total attention, respectively.

tokens, they receive significantly less attention than system
and text tokens. To further examine the gap between tokens
with high and low attention scores, we compute the Cumula-
tive Distribution Function (CDF) of attention scores for top
visual tokens with the highest attention scores (see Fig. 2b).
The results reveal that a small subset of visual tokens brings
most of the context from the image to the LLM.

Insight 1 (Visual token sparsity) Despite the large num-
ber of visual tokens, only a small subset is important in the
LLM generation phase, suggesting an opportunity to drop
less important tokens without sacrificing accuracy.

Various Importance of Sub-images. In Section 1, we dis-
cussed how dynamic partitioning can significantly boost ac-
curacy by encoding global and detailed local representations
through full-image and sub-images. To understand the con-
tribution of image partitions in the LLM generation phase,
we count the number of tokens with the highest attention for
each image partition in Table 2. It shows that the distribution
of top visual tokens varies across different image partitions.

Insight 2 (Sub-images with different content amounts)
The variation in the visual content weights of image parti-
tions suggests that some partitions may allow more token
dropping than others.

4 Our Design: HiRED
The above observations suggest that only a subset of vi-
sual tokens is crucial during the LLM generation phase and
the varying importance of image partitions presents a clear
opportunity for dropping various numbers of visual tokens
from image partitions under a fixed token budget. Moti-
vated by these useful insights, we further explore the CLS-
attention pattern in ViT (Section 4.1) and propose a novel
attention-guided token-dropping scheme (Section 4.2).

4.1 CLS-attention Pattern in ViT
As discussed in Section 3, it is straightforward to identify
important visual tokens (those with higher attention scores)
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Figure 3: In ViT, CLS-attention map shows distinct charac-
teristics across layers. The initial layers highlight the subject
patches while ignoring the background, aligning mostly with
the image content. The final layers, however, highlight infor-
mative patches where ViT stores most of the image features.

  
32% 8%

58% 2%  

Figure 4: Design of HiRED for high-resolution VLMs to
drop visual tokens before LLM. We first allocate token bud-
gets for the full-image and sub-images and then select tokens
with top feature importance within the allocated budget.

during the LLM generation phase. However, to reduce in-
put sequence length and improve computational efficiency,
it is crucial to identify important tokens earlier, before the
generation phase. To do this, we utilize the CLS-attention
of ViT. Particularly, CLIP (Radford et al. 2021) splits an in-
put image into a fixed number of non-overlapping patches.
In the transformer layers, the CLS token is employed to ex-
tract useful information from the patch tokens. By design,
the CLS-attention indicates the importance of patches (Gan-
delsman, Efros, and Steinhardt 2024). Since the patch tokens
are later transformed into visual tokens for the subsequent
LLM, a guided selection of patches can effectively reduce
the number of tokens. Now, a key question is: How do we
identify important visual tokens before the LLM generation
phase that are crucial for generating the response?

To answer this question, we analyze the CLS-attention
map across ViT layers and uncover two important findings.
First, CLS-attention maps in initial layers reveal the main
content of the input image. The highlighted patches in these
attention maps correspond to visually important parts of the
image. As shown in Fig. 3, the attention maps of the first
two layers highlight patches derived from the bird while ig-
noring background areas with insignificant visual content.
Second, attention maps in final layers indicate the informa-
tive areas, i.e., patches containing more image features. In

Algorithm 1: HiRED

1: Input: Nbudget, NViT, α, k, linit, lfinal, H , Tpi , {api
l,h[j]}.

/* Phase 1: Token Budget Allocation */
// 1-1. Compute the visual token budgets Np0 and Nsub for the
full-image and all the sub-images, respectively

2: Np0 ← ⌊α ·Nbudget⌋;
3: Nsub ← Nbudget −Np0 ;

// 1-2. Compute budget Npi for each sub-image partition pi
// Calculate visual content score spi for each sub-image parti-
tion pi using initial layer’s CLS-attention of full-image p0

4: For each sub-image partition pi with i = 1 : k do
5: spi ←

∑
j∈Tpi

∑H
h=1 a

p0
linit,h

[j];
6: end For

// Allocate budget Npi for each sub-image partition pi
7: For each sub-image partition pi with i = 1 : k do
8: Npi ← ⌊Nsub ·

spi∑k
j=1 spj

⌋;
9: end For

/* Phase 2: Visual Token Dropping */
10: For each image partition pi with i = 0 : k do

// 2-1. Compute feature importance score fpi [j] for each
token j using final layer’s CLS-attention of image partition pi

11: For j = 1 : NViT do
12: fpi [j]←

∑H
h=1 a

pi
lfinal,h

[j];
13: end For

// 2-2. Select important visual tokens within the budget
14: Select top Npi visual tokens with the highest fpi [j];
15: end For

the last two layers, the highlighted patches are distributed
across both the image content and the background. As the
ViT processes the image, it encodes local features into cor-
responding patches in the initial layers. However, in the final
layers, it learns the relationships between these local features
and encodes them into a few background patches as global
features (Darcet et al. 2024). As a result, the highlighted ar-
eas in the CLS-attention of final layers prioritize patches that
are more informative than the others (Pan et al. 2021).

4.2 HiRED Design
Inspired by the above findings on CLS-attention, we propose
HiRED, an attention-guided token-dropping scheme com-
prising two phases: 1) Token Budget Allocation, which de-
termines the drop ratio for each image partition, given a to-
tal token budget; 2) Visual Token Dropping, which selects
the most informative visual tokens (and drops the rest) ac-
cording to the drop ratio determined in Phase 1. The overall
design is illustrated in Fig. 4 and detailed in Algorithm 1.

Phase 1: Token Budget Allocation. Let {p0, p1, . . . , pk}
denote the set of (k + 1) image partitions, where p0 de-
notes the full-image and pi denotes the i-th sub-images. Let
Tpi denote the set of token indices of the full-image corre-
sponding to sub-image pi. Each partition consists of NViT

tokens (e.g., 576 for CLIP), totaling NViT · (k + 1) tokens
before dropping. Given a token budget Nbudget, we allocate
it across (k + 1) image partitions and use Npi

to denote the
budget of image partition pi. Consider the ViT consisting
of H heads and L layers. Let {api

l,h[j]}j∈Tpi
be the CLS-
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Model & Method Budget Visual QA Transcription Others

VQAv2 SQA VQAT DocVQA OCRBench MME POPE ChartQA

LLaVA-Next-7B Full 80.3 73.2 64.8 73.4 501 1519 87.6 54.8
Spatial 40% 77.7 68.0 57.0 58.9 369 1401 87.2 39.0
PruMerge 10% (Avg.) 75.6 66.8 53.5 37.8 336 1393 85.0 28.8
PruMerge+ 55% (Avg.) 78.0 68.2 54.4 44.6 365 1474 87.9 30.2
HiRED 20% 77.5 73.4 61.4 60.8 475 1483 87.0 42.0
HiRED 40% 78.8 73.8 63.6 68.7 488 1474 88.2 46.5

LLaVA-Next-13B Full 80.9 73.6 66.9 77.5 508 1572 87.1 66.2
Spatial 40% 79.1 73.0 58.8 61.3 390 1529 87.2 42.6
PruMerge 10% (Avg.) 74.1 69.2 54.4 45.9 381 1471 84.9 31.0
PruMerge+ 55% (Avg.) 79.1 70.7 55.9 45.9 381 1480 87.5 31.0
HiRED 20% 77.9 71.9 63.6 64.3 462 1545 86.7 48.9
HiRED 40% 79.3 73.2 65.2 72.5 491 1570 87.7 53.7

Table 3: Accuracy comparison between HiRED and the baselines. In all metrics, higher values indicate better performance.
Here, VQAv2, SQA, and VQAT stand for VQA-v2, ScienceQA, and TextVQA, respectively.

attention score at layer l and head h for partition pi, and let
linit and lfinal be the initial and final layers, respectively.

First, we allocate the budget Nbudget between the full-
image and a set of all sub-images using a budget allocation
ratio α ∈ [0, 1]. The budget for the full-image is Np0 :=
⌊α·Nbudget⌋, and the remaining budget, Nsub := Nbudget−
Np0

, is allocated to the sub-images. Through experiments,
we determine the optimal value of α (see Section 5.3).

Second, we distribute the remaining budget Nsub across
k sub-images. As discussed in Section 4.1, the CLS-
attention map of the initial layer on the full-image cap-
tures the distribution of visual contents in the image. That
is, higher attention corresponds to regions with more visual
content, indicating that these regions require a larger token
budget (i.e., less dropping). To formalize this, we compute
a visual content score spi for each sub-image pi (excluding
the full-image p0) as follows:

spi
:=

∑
j∈Tpi

∑H

h=1
ap0

linit,h
[j],∀i ∈ {1, 2, · · · , k}. (1)

Specifically, for each sub-image pi, we aggregate the CLS-
attention across all corresponding tokens on the full-image
(i.e., Tpi

) and across all H heads of the initial layer (linit =
0). Then, the budget for each sub-image is determined by its
fraction of the total: Npi

:= ⌊Nsub · spi∑k
j=1 spj

⌋. This token

budget guides the token dropping in the next phase.

Phase 2: Visual Token Dropping. Our token-dropping
scheme aims to retain the most informative visual tokens.
To achieve this, we introduce a feature importance score for
each partition, denoted by {fpi [j]}j∈{1,2,··· ,NViT}. As ob-
served in Section 4.1, the CLS-attention map of the final
layer highlights the informative patches from both an image
partition’s subject and background areas. Moreover, differ-
ent heads learn different features (Gandelsman, Efros, and
Steinhardt 2024). We thus compute the feature importance
score fpi [j] for the j-th token in each partition pi as follows:

fpi [j] :=
∑H

h=1
api

lfinal,h
[j], (2)

for all i ∈ {0, 1, · · · , k} and j ∈ {1, 2, · · · , NViT}. Specif-
ically, we add CLS-attention of the final layer (lfinal = 22
across all heads. We make these design choices based on the
experiments on the impact of different layers and head ag-
gregation strategies (see Section 5.3).

Finally, we select the Npi
number of tokens with the

highest feature importance score fpi [j] and drop the rest of
the tokens for each partition pi. The selected visual tokens
(along with text and system tokens) are then concatenated
and fed into the subsequent LLM.

5 Evaluation
We evaluate HiRED on LLaVA-Next (Liu et al. 2024a),
LLaVA-v1.5 (Liu et al. 2023), and ShareGPT4V (Chen et al.
2025a). For performance evaluation, we use an entry-level
NVIDIA TESLA P40 (24 GB) GPU.

Downstream Tasks and Benchmarks. We used eight
benchmarks from LMMS-EVAL (Zhang et al. 2024b) eval-
uation framework across three different task types: 1) Vi-
sual Question Answering (VQA) includes high-level object
recognition benchmarks such as VQA-v2 (Goyal et al. 2017)
and ScienceQA (Lu et al. 2022); 2) Transcription focuses on
fine-grained transcription tasks, including TextVQA (Singh
et al. 2019), DocVQA (Mathew, Karatzas, and Jawahar
2021), and OCRBench (Liu et al. 2024b); and 3) Others con-
sists of MME (Fu et al. 2024) for perception and cognition
abilities, POPE (Li et al. 2023b) for hallucination detection
and ChartQA (Masry et al. 2022) for spatial understanding.

Baselines. We select PruMerge and PruMerge+ (Shang
et al. 2024) as our primary baselines because they utilize
early-dropping mechanisms similar to ours. PruMerge uses
spatial redundancy in visual tokens and performs pruning
and merging on visual tokens, and PruMerge+, an enhanced
version, additionally includes visual tokens through spa-
tially uniform sampling to minimize accuracy losses. Since
PruMerge and PruMerge+ are designed for LLaVA (a low-
resolution VLM without dynamic partitioning), we apply
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Batch Budget Throughput Latency Memory
Size (tokens/sec) (sec) (GB)

Full 0.49 19.49 16.04
1 40% 1.40 6.91 14.33

20% 2.30 4.21 13.76

Full 0.66 44.37 21.84
2 40% 2.04 14.31 16.81

20% 3.68 7.89 15.07

Full – – OOM
4 40% 2.22 26.38 20.36

20% 4.28 13.60 16.99

Table 4: Inference efficiency: throughput, latency, and GPU
memory usage across different batch sizes using LLaVA-
Next-7B with HiRED under various token budgets.

their token-dropping strategy to each image partition. Ad-
ditionally, we include spatial pooling as a simple baseline
suggested in previous works (Marin et al. 2023). While To-
kenCorrCompressor (Li et al. 2025) also supports early to-
ken dropping, they consider document understanding tasks
only, and the code was not publicly available at the time of
writing, rendering a direct comparison infeasible. Although
FastV (Chen et al. 2025b) and FlexAttention (Li et al. 2025)
optimize VLMs through sparse attention in LLMs, they re-
quire processing excessive visual tokens in the earlier layers
of LLMs, leading to inefficiencies in both latency and mem-
ory compared to early-dropping methods.

5.1 Accuracy
We evaluate the accuracy of HiRED on LLaVA-Next (7B
and 13B) and compare it with the baselines for various tasks.
The results are presented in Table 3. To study the robustness
of HiRED, we further evaluate low-resolution VLMs (with
a single partition) such as LLaVA-1.5-7B and ShareGPT4V.
The accuracy metrics reported in the table are the default
metrics used for the corresponding tasks.

Accuracy vs. Token Reduction. Evaluation results show
that with a 20% token budget (i.e., a maximum of 576 to-
kens), HiRED achieves nearly the same accuracy as full ex-
ecution (i.e., a maximum of 2880 tokens) for VQA tasks.
With a 40% token budget (i.e., a maximum of 1152 tokens),
it maintains comparable accuracy for fine-grained transcrip-
tion tasks. Interestingly, for ScienceQA and POPE, we ob-
serve an increase in accuracy with fewer tokens. This sug-
gests that in some cases, reducing the number of tokens to
some extent may even improve accuracy.

Comparison with Baselines. We observe a greater ac-
curacy degradation across all tasks for both PruMerge and
PruMerge+. While these methods can dynamically adjust
the token budget to retain more visual information when
necessary, they still fall short compared to HiRED, par-
ticularly in transcription tasks. On average, PruMerge and
PruMerge+ use 10% and 55% of tokens, respectively, for
transcription tasks (see Section 5.2). However, PruMerge+,
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Figure 5: Number of visual tokens generated in 100 samples
of TextVQA for Full, PruMerge, PruMerge+, and HiRED

even with 55% of tokens (on average), has 11% and
26% lower accuracy than HiRED-20% for TextVQA and
DocVQA, respectively. Similarly, PruMerge with 10% to-
kens, has 13% and 37% lower accuracy, respectively.

5.2 Inference Efficiency

To evaluate the inference efficiency of HiRED, we measure:
1) the number of visual tokens; 2) token generation through-
put; 3) time-to-first-token (TTFT) latency; 4) GPU memory
usage. The results are presented in Table 4. A comparison of
token usage with the baselines is illustrated in Fig. 5.

Inference Efficiency of HiRED. Table 4 highlights the
inference efficiency of HiRED. With a 20% token bud-
get, HiRED achieves a 4.7× increase in token generation
throughput (2.30 vs. 0.49 tokens/sec) compared to the full
execution (i.e., 100% tokens). It also reduces the TTFT la-
tency by 78% (4.21 vs. 19.49 seconds), which is crucial
for low-latency applications. Furthermore, HiRED-20% re-
duces GPU memory usage by 14% (13.76 vs. 16.04 GB).
For larger batch sizes, it even shows higher gain. For in-
stance, with a batch size of 4, full execution encounters out-
of-memory (OOM) on the 24 GB GPU. In contrast, HiRED-
20% reduces memory usage by 30% (16.99 GB) while main-
taining the throughput and latency improvements.

Efficiency under Token Budget. Fig. 5 demonstrates
that HiRED’s token usage in LLaVA-Next-7B consistently
remains within the predefined resource constraints (e.g.,
20%). In contrast, full execution without dropping (Full),
PruMerge, and PruMerge+ exhibit significant variations in
the number of visual tokens across different samples in
TextVQA. For Full, the variation arises from differences
in partitioning based on the width-to-height ratio and res-
olution of image as well as the removal of some padding
tokens. For PruMerge and PruMerge+, the variation stems
from their adaptive nature, which allocates more tokens to
images with higher visual information density. This fluctua-
tion in the number of visual tokens directly affects compu-
tational costs, while HiRED enforces a strict token budget,
making it well-suited in resource constraints.
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Figure 6: Accuracy vs. Budget Allocation Ratio α for token
budget of 20% (left) and 40% (right).

Choice SQA VQAv2 VQAT DocVQA
Distribute budget:

evenly 67.6 73.3 52.2 48.8
using layer 22 65.2 68.6 37.3 54.0
using layer 0 68.4 77.7 54.8 59.2

Drop tokens:
using layer 0 65.2 68.6 37.3 54.0
using layer 11 68.0 76.1 51.9 52.0
using layer 22 68.4 77.7 54.8 59.2

Aggregate heads:
No agg 67.2 76.6 50.5 52.4
Addition 68.4 77.7 54.8 59.2

Table 5: Ablation study of ViT layer selection and head ag-
gregation strategy in HiRED’s token dropping algorithm.

5.3 Ablation Study
We evaluate the key components of HiRED and the effec-
tiveness of our design choices. For this study, we select two
VQA tasks (i.e., ScienceQA and VQA-v2) and two fine-
grained transcription tasks (i.e., TextVQA and DocVQA).

Value of Budget Allocation Ratio α. Fig. 6 shows that
budget allocation ratio α can impact the accuracy. Specifi-
cally, choosing α = 0 indicates no token budget allocated to
the full-image, while α = 1 assigns the entire token budget
to the full-image. The remaining token budget is distributed
among the sub-images based on their importance. This result
highlights that balancing the budget between the full-image
and sub-images is crucial, and a balanced budget distribution
(i.e., α = 0.5) generally yields the highest accuracy. There-
fore, we choose α = 0.5 as the default value for allocating
the token budget between the full-image and sub-images.

Design Choices. We evaluate the design choices of
HiRED in Table 5. We use the CLS-attention from the ini-
tial ViT layer (linit = 0) to allocate the token budget. This
choice is motivated by the stronger alignment of early-layer
attentions with the visual content of the input image, com-
pared to deeper layers like Layer 22. Even when the budget
is distributed evenly across image partitions (e.g., dividing a
budget of 100 among 5 partitions as 20 each), using Layer 0
achieves the best results. We determine the drop ratios using
Layer 0 for token dropping but perform the actual dropping

Model Budget SQA VQAv2 VQAT DocVQA

LLaVA-1.5-7B Full 69.5 76.6 46.1 28.1
HiRED 40% 67.2 79.0 47.0 29.4
HiRED 20% 66.4 74.7 44.2 24.6

ShareGPT4V-7B Full 68.4 80.6 50.7 26.76
HiRED 40% 67.2 79.0 50.0 25.97
HiRED 20% 66.4 74.7 49.3 24.76

Table 6: Accuracy comparison on low-resolution (i.e., single
partition) using LLaVA-1.5-7B and ShareGPT4V-7B.

based on Layer 22. Dropping tokens using other layers (e.g.,
Layer 0 or Layer 11) leads to lower performance, as deeper
layers in ViTs aggregate information into fewer, more in-
formative tokens. Thus, using the final layer helps identify
the most critical tokens. Furthermore, our head aggregation
strategy, which combines attention scores through summa-
tion, achieves higher accuracy compared to no aggregation.

Low-Resolution VLMs. We further evaluate HiRED for
two low-resolution VLMs (i.e., models without dynamic
partitioning) such as LLaVA-1.5-7B and ShareGPT4V-7B.
This evaluation serves two purposes: 1) to demonstrate the
robustness and wide applicability of HiRED across different
VLMs; 2) to isolate the performance of the token-dropping
strategy by excluding budget allocation, which does not ap-
ply to single-partition inputs. As shown in Table 6, HiRED
maintains accuracy close to full execution for LLaVA-1.5-
7B and ShareGPT4V-7B, even with a limited token budget
(40% and 20%). This result highlights the robustness and
effectiveness of our token-dropping scheme.

6 Conclusion
High-resolution VLMs significantly enhance multimodal
capability by retaining detailed image information, but the
excessive number of visual tokens poses significant chal-
lenges during inference. To address this challenge, we pro-
posed HiRED, a plug-and-play token-dropping framework
that allocates a fixed token budget across image partitions,
prioritizes the most informative visual tokens, and drops the
rest before LLM generation. Our evaluations demonstrate
that HiRED substantially improves inference throughput, re-
duces latency, and lowers GPU memory consumption while
maintaining competitive accuracy across diverse multimodal
benchmarks. We believe HiRED provides a practical and
scalable solution for deploying high-resolution VLMs in
resource-constrained environments and offers a foundation
for further optimization of multimodal inference systems.

A limitation of HiRED is the potential loss of spatial in-
formation, which may impact tasks where spatial relation-
ships are crucial, such as task understanding in ChartQA.
This limitation arises as LLMs rely on positional encodings
optimized for language modeling, which are less suited for
visual tokens. One possible solution is to incorporate 2D po-
sitional encodings after token dropping to preserve spatial
relationships, which we leave for future work.
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