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Abstract

Large Vision-Language Models (LVLMs) have achieved sig-
nificant progress in recent years. However, the expensive
inference cost limits the realistic deployment of LVLMs.
Some works find that visual tokens are redundant and com-
press tokens to reduce the inference cost. These works iden-
tify important non-redundant tokens as target tokens, then
prune the remaining tokens (non-target tokens) or merge
them into target tokens. However, target token identifica-
tion faces the token importance-redundancy dilemma. Be-
sides, token merging and pruning face a dilemma between
disrupting target token information and losing non-target
token information. To solve these problems, we propose
a novel visual token compression scheme, named Libra-
Merging. In target token identification, Libra-Merging se-
lects the most important tokens from spatially discrete inter-
vals, achieving a more robust token importance-redundancy
trade-off than relying on a hyper-parameter. In token com-
pression, when non-target tokens are dissimilar to target to-
kens, Libra-Merging does not merge them into the target
tokens, thus avoiding disrupting target token information.
Meanwhile, Libra-Merging condenses these non-target to-
kens into an information compensation token to prevent los-
ing important non-target token information. Our method
can serve as a plug-in for diverse LVLMs, and extensive ex-
perimental results demonstrate its effectiveness. The code
will be publicly available at https://github.com/
longrongyang/Libra-Merging.

1. Introduction

Large Vision-Language Models (LVLMs) have recently
shown considerable progress by incorporating visual pro-
cessing capabilities into Large Language Models (LLMs).

*The authors contributed equally to this paper.
Corresponding author.
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Numerous recent LVLMs [2, 8, 58-60] indicate that both
large model size and extensive dataset size are crucial for
enhancing intelligence. Even with sufficiently large model
sizes, these models demonstrate “Emergent Abilities”. As
a result, a range of studies [12, 26, 32] have increased the
model size of LVLMs, resulting in the state-of-the-art per-
formance across a variety of tasks.

Although LVLMs achieve state-of-the-art performance,
they are expensive to employ in realistic applications due
to significant inference costs. To reduce inference costs,
some recent works [9, 23] propose compressing visual to-
kens, based on the finding that visual tokens are highly re-
dundant in LVLMs. For example, FastV [9] treats tokens as
important when they have high output attention (attention
score of output token on visual tokens), and prunes the bot-
tom R% tokens with the lowest output attention. Turbo [23]
computes the information degree of each token, a weighted
average of attention and redundancy (the highest similarity
between the token and other tokens), and averagely merges
the top R% tokens into their most similar tokens.

In LVLMs, the token compression process can be
modeled as identifying important non-redundant tokens
(named target tokens) and compressing the remaining to-
kens (named non-target tokens). However, target token
identification and token compression face a dilemma re-
spectively. The dilemma in target token identification lies
in the importance-redundancy trade-off. FastV selects the
most important tokens, but these tokens may be redundant;
Turbo balances importance and redundancy with a hyper-
parameter, but the fixed hyper-parameter is hard to apply
universally to diverse scenarios. As shown in Figure | (a),
they still preserve redundant information, leading to the los-
ing of some important tokens. As shown in Figure 1 (b), the
dilemma in token compression lies in the pruning-merging
trade-off. Pruning non-target tokens loses information in
non-target tokens; averagely merging non-target and target
tokens may disrupt information in target tokens.
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Figure 1. (a) Target Token identification. We select the most im-
portant token in each interval, avoiding selecting redundant tokens
by disrupting the spatial continuity of target tokens, for achieving
importance-redundancy trade-off. (b) Token compression. Similar
tokens are merged based on their importance. When non-target to-
kens are dissimilar to target tokens, we condense these non-target
tokens into a compensation token, for achieving pruning-merging
trade-off. In this work, we follow FastV [9] to treat tokens as
important when they have high output attention.

Facing the two dilemmas, this work proposes a novel
training-free token compression scheme Libra-Merging,
which consists of two key modules: (i) Position-driven
token identification. Adjacent tokens are usually redun-
dant [15, 27]. Thus, we discretize the visual token se-
quence into different intervals, and within each interval, we
select the most important token as the target token. As
shown in Fig. 1 (a), we avoid selecting redundant tokens
by disrupting the spatial continuity of target tokens. This
technique achieves a more robust importance-redundancy
trade-off than using a hyper-parameter. (¢:) Importance-
informed grouped merging. We find that token merging
is harmful when dissimilar tokens merge. Thus, we cate-
gorize non-target tokens into positive set (high similarity)
and negative set (low similarity) based on their similarities
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with target tokens. Tokens in positive set directly merge into
target tokens, and we use Softmax to convert token impor-
tance to merging weight. To avoid disrupting target tokens,
tokens in negative set should not merge into target tokens.
However, these tokens may still contain important informa-
tion, so we compute their importance-informed average as
an information compensation token. We achieve a good
pruning-merging trade-off by striving to preserve important
information. Overall, for a visual token sequence, Libra-
Merging first uses position-driven token identification to di-
vide it into target and non-target tokens. Then, importance-
informed grouped merging merges non-target tokens into
target tokens, resulting in an output token sequence.

In addition, since flash-attention 2 does not output atten-
tion scores, we design a hybrid attention mechanism. With
the hybrid attention mechanism, we can further employ to-
ken compression to accelerate the training of LVLMs.

Our contributions are summarized as:

(i) We propose position-driven token identification to
avoid selecting redundant target tokens, which achieves
a robust importance-redundancy trade-off in target token
identification.

(#4) We propose importance-informed grouped merging
to prevent disrupting target tokens while preserving im-
portant information in non-target tokens, which achieves a
good pruning-merging trade-off in token compression.

(7i1) As a plug-in, our method can be easily integrated
into LVLMs, including image-text models and video-text
models. Extensive experiments on different models have
validated that our method Libra-Merging achieves signifi-
cantly higher performance than existing works.

2. Related Works
2.1. Large Vision-Language Model

Large Language Models (LLMs) have shown remark-
able proficiency in following instructions and generalizing
across various tasks. To extend these capabilities to incor-
porate visual information, Large Vision-Language Models
(LVLMs) like GPT-4 and LLaVA employ frozen visual en-
coders and trainable visual projectors. These models typ-
ically transform visual data into visual tokens, which are
then used to condition the adaptation of text tokens within
LLMs [1, 36, 37, 42-46, 50, 51, 53-56]. Recent advance-
ments in LVLMs have primarily focused on two aspects.
The first involves optimizing training strategies, e.g., [2, 6].
The second, and more prevalent, focuses on enhancing vi-
sual components. This includes expanding datasets [31,
59], improving image encoders [2, 11], and aligning the
input and projection layers [5, 12, 29, 57, 60]. These ef-
forts, particularly the expansion of visual instruction-tuning
datasets and the scaling up of model sizes, have significantly
boosted the visual understanding capabilities of LVLMs.



2.2. Token Compression

There have been studies on improving the efficiency of
Vision-Language Models (VLMs) before the era of Large
Vision-Language Models (LVLMs). A majority of them fo-
cus on token compression for vision transformers (ViTs).
Token compression for ViTs can be roughly categorized
as token pruning [4, 10, 14, 18, 25, 28, 38, 47] and token
merging [3, 4, 10, 13, 15, 17, 19, 24, 27, 35, 39, 49, 61].
EVIiT [28] extends Top-K pruning by creating a “fused”
token. DynamicViT [38] prunes tokens by keep probabil-
ities produced by a small prediction module. ATS [14]
and DiffRate [10] design the dynamic compression ratio for
toke compression. ToMe [3], K-Medoids [35], and DPC-
KNN [13] are token merging methods based on similarity,
cluster, and density, respectively. SiT [61], Sinkhorn [17],
PatchMerger [39] focus on soft merging. More recently,
PYRA [52] has enhanced the training and inference of ViTs
via a specialized token merging technique. FastV [9] and
IVTP [20] are the initial two works to explore visual token
compression for Large Vision-Language Models (LVLMs),
which uses language as an interface for various vision-
language tasks. ToCom [22] discusses the multi-step token
compression. HOMER [4 1] proposes the use of token com-
pression to enlarge the context length. LLaVolta [7] pro-
poses a training token compression scheme. Turbo [23] is
a token merging method designed for LVLMs, which uses
information degree to sort tokens and merge tokens with
the high information degree. Pruning loses important in-
formation in non-target tokens, while merging may disrupt
target tokens when dissimilar tokens merge. The proposed
importance-informed grouped merging is used to prevent
disrupting target tokens while preserving important infor-
mation in non-target tokens.

3. Methodology
3.1. Overview

Large Vision-Language Model (LVLM): A LVLM is usu-
ally designed to integrate a visual model into the pre-trained
LLM. Specifically, the input of the vision model is an im-
age or a video, and its output is a visual token sequence
Z = [21,22, -+ ,2n] € RNXC where N is the sequence
length of visual tokens. Then, a visual projection layer maps
Z € RVNXC 1oV € RV*P where D represents the hidden
size. Besides, the instruction text is projected as instruction
text tokens 7 = [ty,t2,- - ,tp] € RP*P where N repre-
sents the sequence length of text tokens. LLM consists of
stacked multi-head self-attention (MSA) and feed-forward
neural networks (FFN), with layer normalization (LN) and
residual connections:

(D
2)

7t17t2a"' 7tP]a

= MSA(LN(ngl)) +xp_1,L € {1, ceey L},

X = [017112,"' , UN
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Xy = FFN(LN(X/g)) —&-Xlg,ée {1,...7L}, 3)

where L is the layer number of LLM.

Token Compression: Given an input visual token sequence
V={v1,vs, - ,vn}. The token compression usually con-
sists of two steps: (i) Target token identification. Im-
portant non-redundant tokens should be selected as target
tokens, forming a target set T={v{,--- v}, }. The re-
maining tokens are named as non-target tokens, forming
a non-target set S={v{,--- , vy }. Suppose the compres-
sion ratio is R. N;=(1-R)-N. Ny=R-N. (ii) Token com-
pression. FastV [9] is a token pruning technique, which
directly prunes non-target tokens, resulting in the final to-
ken sequence V'={v], - - - , v}y, }, where v] = v}. Turbo [9]
is a token merging technique, which merges non-target to-
kens into target tokens, resulting in the final token sequence
V'={v},- -, v, }, where v] = = +U

Libra-Merging: In this work we follow FastV [9] to treat
tokens as important when they have high output attention
(response-related tokens). The importance metric « is de-
fined as the attention score of output token on visual input
tokens during the decoding process of one response:

Nan

Zall—l

“)
where Qoutput Tefers to the output token, K refers to all to-
kens, and N,;;=N+P. For convenience, we denote o ; as
o;. As shown in Figure 2, given a sequence of visual tokens
and the importance « of each token, we first use position-
driven token identification to identify important and non-
redundant tokens as target tokens. The remaining tokens
serve as non-target tokens. Then, when non-target tokens
are similar to target tokens, we merge non-target tokens into
target tokens, where merging weighting results from token
importance. When non-target tokens are dissimilar to target
tokens, we compute their importance-informed average as
an information compensation token. Furthermore, we select
different layers and perform the above two operations on
each layer to achieve higher token compression efficiency.
The details of these modules will be introduced in the sub-
sequent sections.

Qoutput KT

VD

a = softmax( ) € R Nau,

3.2. Position-driven Token Identification

Generally, important and non-redundant tokens should be
selected as target tokens. However, it is challenging to
achieve a robust importance-redundancy trade-off during
selecting tokens. In this work, we assume that the redun-
dancy of visual tokens is mainly reflected in spatially con-
tiguous visual tokens. Thus, as shown in Figure 2, we di-
vide the visual token sequence into several intervals and se-
lect important tokens from different intervals, to disrupt the
spatial continuity of target tokens. This technique achieves
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Figure 2. The pipeline of Libra-Merging. Hierarchical Merging indicates that we perform token merging operations at different layers.
The token merging per layer consists of two steps: (z) Position-driven Token Identification. We divide the input visual token sequence
into multiple intervals, and within each interval, we select the token with the highest importance as the target token. The remaining tokens
serve as non-target tokens. (i3) Importance-informed Grouped Merging. We divide non-target tokens into positive set (high similarity) and

negative set (low similarity) based on their similarities s"”***

with target tokens. To prevent disrupting target tokens, tokens in negative

set do not merge into target tokens. To preserve important information in negative set tokens, we merge these tokens as an information
compensation token rather than discarding them. All merging weights are generated from token importance.

a robust importance-redundancy trade-off based on a com-
mon property of visual tokens rather than a manually de-
signed fixed hyperparameter.

Specifically, (i) we evenly divide the visual token se-
quence into several intervals. To avoid selecting adjacent
tokens, we only select one token from each interval. Thus,
the number of intervals should be V;. Given a compression
ratio R, we calculate the length of the visual token sequence
lintervar 1N each interval as l;pterva; = ﬁ. We have
different intervals I={Iy,---,In,}. For example, when
R=75%, the length of the visual token sequence in each in-
terval is 4. This means that every four tokens form an inter-
val, and one token is selected from every four tokens as the
target token. (i) After dividing the intervals, we extract the
token with the highest importance from each interval as the
target token. For example, for the interval I;={vy, -+ ,v;},
we select vy, as vi whenn = argmax,,_(; ... }l}(an).

3.3. Importance-informed Grouped Merging

Token pruning and merging face a dilemma. Directly prun-
ing non-target tokens loses information in non-target to-
kens. Token merging prevents losing information in non-
target tokens by merging non-target tokens into target to-
kens. However, it may disrupt important information in
target tokens. When an especially important target token
merges with a dissimilar non-target token, the result can
be catastrophic. Therefore, as shown in Figure 2, we pro-
pose importance-informed grouped merging to achieve the
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pruning-merging trade-off.

Firstly, we find the most similar token of each token
and group tokens in two sets. Given target tokens 7' =
{v1,---, v}, }, we compute the cosine similarities between
target tokens and all tokens V = {vq,vq, -+ ,vn}, form-
ing S € RN+XN_ Then, we identify the most similar target
token of each token and create a token matching matrix M:

&)

where () is the indicator function, which is 1 if the condi-
tion inside the parentheses is true, and 0 otherwise. When
the maximum value of a column j in S is located at row 4,
the corresponding element M;; is set 1, and all other ele-
ments in that column of M are set to 0. The highest sim-
ilarity between one token and target tokens is masked as
s™e* During merging, we follow two principles: (i) merg-
ing similar tokens; and (#¢) preserving important informa-
tion. Some non-target tokens have a low s™** with tar-
get tokens, directly merging these tokens into target tokens
may disrupt target tokens. However, these non-target to-
kens may still contain important information with relatively
high output attention scores. To address this issue, we di-
vide non-target tokens into two groups: when tokens satisfy
s™Ma > 1, they are grouped in positive set; the remaining
tokens are grouped in negative set.

Then, the proposed importance-informed grouped merg-
ing operates on two dimensions: (¢) Tokens in the posi-
tive set are similar to target tokens, so we directly merge

M;j = 1(S;; = maxp* , Sk;),



them into target tokens. During the merging, we use im-
portance «; to generate the merging weight to avoid intro-
ducing unimportant noise information. Specifically, we first
replace zero elements in the matching matrix with -inf and
non-zero elements with importance.

MZ-IJ- = —inf - (1 — M”) + o * sz (6)
For each M;; in M, when M;;=0, Mi’j:-inf; when M;;=1,
M];=c;. Then, we use Softmax to achieve the importance-
informed merging weighting modeling in each row M :
Wi.=Softmax(Af;" ), where 7 is a temperature coefficient.
Finally, we use W to merge tokens into the final visual to-
ken sequence V'={vy, -, vy }:

V=W xV, @)
where W € RM*N s the importance-informed merging
matrix, V € RV*P is the input visual token sequence, and
V' € RNtxD is the output visual token sequence. (ii) To
avoid disrupting target tokens, tokens in the negative set
cannot merge into target tokens. However, to prevent los-
ing important information, we cannot simply discard them.
Thus, we propose to compute their importance-informed
average as an information compensation token v., which
is appended after the token sequence V'. N; >>1, so the
increased Flops can be negligible. The computation of the
average weighting is consistent with the computation of .

Our method achieves a good pruning-merging trade-off
by striving to preserve important information not only in
target tokens but also in non-target tokens.

3.4. Hierarchical Merging

When the model layer is deeper, the visual token redun-
dancy is higher [61]. Thus, if token compression is only
applied in the shallow layers, the tokens in the deep layers
remain redundant. To further improve the compression ef-
ficiency, we introduce a hierarchical token merging trick to
reduce the visual token count layer by layer.

Suppose the layers for visual token compression as
{L§,L§,--,L%}. As shown in Figure 2, we perform the
aforementioned two operations at each layer L, i.e., we
first use position-driven token identification to divide the
visual token sequence into target tokens and non-target to-
kens; then, we use importance-informed grouped merging
to merge non-target tokens into target tokens, resulting in
the final token sequence. Suppose the compression ratio
per layer is R and the total count of visual tokens is V.
The visual token count in the layer [ is N;=N - R¥ when
Li <1< Lj, (ke {l,---K —1}). When[ < Lg, the
visual token count in the layer [ is N;=N. When [ > L%,
the visual token count in the layer [ is N;=N - R¥.
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4. Experiments
4.1. Experimental Setup

Models: We verify the effectiveness of Libra-Merging by
experiments on LVLMs with different model sizes and input
resolution. In detail, we study LLaVA-1.5-7B [32], LLaVA-
1.5-13B [32], and LLaVA-NeXT-8B [30]. LLaVA-1.5 is the
most widely used open-source LVLM for research. The vi-
sual token sequence length in LLaVA-Next is 576. LLaVA-
Next is the extension of LLaVA-1.5, which supports the dy-
namic input resolution. The visual token sequence length in
LLaVA-Next is dynamic. We also conduct experiments on
Qwen2-VL [48] in the supplementary material.

Benchmarks: We follow LLaVA-1.5 [32] to evaluate the
performance of LVLMs. Specifically, GQA [21] evaluates
the visual perception capabilities of models through open-
ended short answers. ScienceQA [34], a multiple-choice
benchmark, evaluates the zero-shot generalization of mod-
els on scientific question answering. TextVQA [40] focuses
on text-rich visual question answering tasks. MME [16]
assesses the visual perception of models with yes/no ques-
tions. MMBench [33] evaluates the robustness of model an-
swers with all-round shuffling on multiple choice answers.

Efficiency evaluation: In this paper, to evaluate the infer-
ence efficiency, we follow FastV [9] and mainly report the
Flops of the image token part. For example, when conduct-
ing experiments on LLaVA-1.5-7B, the Flops of MSA and
FFN is defined as 4nd? + 2n2d + 3ndm, where n is the
visual token count, d is the hidden state size, and m is the
intermediate size of the FFN. When the visual token count
is n/ in the layer I, the Flops for the layer [ is computed as
4n'd* 4 2(n’)?d + 3n’dm. The reported Flops is the sum
of Flops for all layers.

Baselines and Libra-Merging: Our main baselines are
FastV [9] and Turbo [23]. FastV [9] is a token pruning
technique that prunes the R% tokens with the lowest out-
put attention at the layer K. Turbo [23] is a token merging
technique that merges the R% tokens at the layer /', where
a little difference is that we do not use bipartite soft match-
ing because bipartite soft matching may fail to find the most
similar token of a token. We set K=3 and R=50. The
proposed method is Libra-Merging. Libra-Merging com-
presses visual tokens in multiple layers. In each compres-
sion layer, Libra-Merging uses position-driven token identi-
fication to identify target tokens. Then, it uses importance-
informed grouped merging to merge non-target tokens. We
set the compression ratio as {50%, 67%,80%}. The com-
pression layers are {7, 15,23} for LLaVA-1.5-7B (32 lay-
ers, {0,1,---,31}) and LLaVA-NeXT-8B (32 layers). The
compression layers are {9, 19,29} for LLaVA-1.5-13B (40
layers). In Libra-Merging, 7 = 0.7 and 1 = mean(«). More
details please refer to the supplementary material.



Table 1. LVLMs (image-text models) with different token compression methods on six benchmarks. We conduct experiments on three
different LVLMs to verify the scalability of our method across different model sizes (7b vs. 13b) and visual token count (llava-1.5 vs.
llava-next). The Flops ratio 47% (37%) corresponds to compression ratio 50% (67%). T means trillion. Experiments about more datasets

please refer to the supplementary material.

Model Flops (T) Ratio] GQA SQA’ MME MMB MMB®Y TextVQA Avg
vanilla 3.82  100%| 620 69.5 15120 64.7 58.2 582 625

FastV 2.13 56% | 604 688 15117 642 58.0 576  61.8

LLaVA-1.5-7B Turbo 2.13 56% | 61.6 687 14717 63.7 57.5 574 618
Libra-Merging  1.78  47%| 613 689 15025 643 58.5 574 62.1

Libra-Merging ~ 1.41 37%| 607 692 1480.1 63.9 58.2 574 619

vanilla 744 100%| 632 72.8 15313  68.5 63.6 612 659

FastV 406  55%| 627 73.0 15498 68.3 63.5 60.8  65.7

LLaVA-1.5-13B Turbo 406  55%| 62.8 727 1561.0 68.1 63.2 60.7 655
Libra-Merging 347  47%| 633 73.1 1531.1 684 63.7 61.1 659

Libra-Merging 274  37%| 62.5 724 15123 684 63.1 604 654

vanilla 17.17  100%| 659 773 1552.1 744 70.4 69.8 716

FastV 936  55%| 655 712 15726 745 70.6 695 715

LLaVA-NeXT-8B Turbo 936  55% | 647 717 15053 73.4 69.1 650  70.0
Libra-Merging ~ 7.86  47%| 65.7 776 15658 74.7 70.8 69.7 717

Libra-Merging 624  37%| 656 772 15657 73.9 70.2 69.4 713

4.2. Image Understanding Evaluation

We study the inference efficiency on six image-text bench-
marks. As shown in Table 1, on LLaVA-1.5-7B, Libra-
Merging reduces the inference Flops from 3.82 to 1.78,
while maintaining a comparable average performance.
Compared to FastV and Turbo, Libra-Merging has a higher
average performance and lower Flops. The conclusion is
scalable on LLaVA-1.5-13B and LLaVA-NeXT-8B. An ex-
citing phenomenon is that the stronger the LVLM, the more
effective the token compression becomes. The average per-
formance of using 47% tokens even surpasses that of using
100% tokens on LLaVA-NeXT-8B (71.7 vs. 71.6).

4.3. Video Understanding Evaluation

We extend Libra-Merging to VideoLLaMA-2 [29] and the
results in Table 2 reveal that the proposed inference scheme
significantly surpasses FastV and Turbo.

4.4. Ablation Study

Component ablation: In this study, we mainly discuss: (7)
Merging. Refers to Turbo [23], merging tokens in one layer
(the layer 3). (i¢) Hierarchical merging, merging tokens
in multiple layers (the layers {7,15,23}). (¢ii) Position-
driven Token Identification (PTI), aiming to achieve the
importance-redundancy trade-off in target token identifica-
tion. (¢v) Importance-informed Grouped Merging (IGM),
aiming to achieve the pruning-merging trade-off in target
token identification.
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As shown in the Table 3, the experimental results ver-
ify: (4) Hierarchical merging works. For example, when
R=50%, compared to merging, hierarchical merging im-
proves the performance from 62.9 to 63.1. (ii) Both PTI
and IGM contribute to the average performance increase.
For example, when R=67%, PTI improves the performance
from 62.5 to 62.7, and IGM improves the performance from
62.7 to 63.0. (ii7) PTI+IGM brings a more significant av-
erage performance increase under a larger compression ra-
tio. For example, when R=67%, PTI+IGM improves the
performance by 0.5%. When R=80%, PTI+IGM improves
the performance by 0.7%. A possible reason is that when
the compression ratio is larger, selecting redundant tokens
is more likely to discard important tokens and more non-
redundant tokens disrupt target tokens during merging.

Study about pruning-merging trade-off: The premise of
token merging is that tokens should be similar. When a non-
target token is dissimilar to a target token, token pruning
should be preferred, as token merging disrupts the target to-
ken; on the contrary, token merging should be preferred. We
explore the pruning-merging trade-off from the perspective
of different layers. Specifically, we select layers {3, 15} to
conduct the experiments.

As shown in Table 4, Pruning refers to pruning 75% vi-
sual tokens at layer 3 or layer 15, Merging refers to aver-
aging non-target tokens with the most similar target token,
and IGM refers to Importance-informed Grouped Merging.
To focus on the token compression study, we only use im-
portance to identify target tokens for all experiments in Ta-



Table 2. LVLMs (video-text models) with different token compression methods on Video-MME. VideoLLLaMA-2 is the state-of-the-art
Large Video-Language Model. We compress 75% visual tokens at layer 3. More details please refer to the supplementary material.

. Overall Short Medium Long
Model Flops (T) Ratio w/o subs w subs w/o subs w subs w/o subs w subs w/o subs w subs
vanilla 2396 100%| 49.8 54.7 58.0 63.6 47.0 53.1 443 47.3
. FastV 820 34%| 465 514 52.1 57.3 45.2 50.4 42.1 46.5
VideoLLaMA-2 (TB) | py . 820 34% | 479 521 540 596 469 50.1 427 465
Libra-Merging 8.20 34% | 48.8 52.9 55.3 59.0 46.4 52.6 44.7 47.0

Table 3. Component ablation on five benchmarks. “Merging” refers to Turbo [23], merging tokens in one layer (3). “Hierarchical” refers to
merging tokens in multiple layers ({7, 15, 23}). “PTI” refers to position-driven token identification. “IGM” refers to importance-informed

grouped merging. R refers to the compression ratio.

‘ Merging Hierarchical PTI IGM‘

R Flops (T)| GQA

SQA’ MME MMB MMB®V  Avg

v 50% 2.13 61.6 68.7 14717 63.7 57.5 62.9

LLaVA-1.5-7B v 50% 1.78 61.2 69.3 14829 63.8 57.9 63.1
v v v | 50% 1.78 61.3 68.9 15025 643 58.5 63.3

v 67% 1.41 60.0 694 14432 63.8 56.7 62.5

LLaVA-1.5-7B v v 67% 1.41 60.7 68.7 14878 63.4 57.8 62.7
v v v | 67% 1.41 60.7 69.2 1480.1 63.9 58.2 63.0

v 80% 1.19 58.1 69.7 14199 62.6 55.6 61.5

LLaVA-1.5-7B v v 80% 1.19 587 69.6 14782 63.1 56.3 61.9
v v v | 80% 1.19 59.3  69.7 14658 63.3 56.5 62.2

Table 4. Study about pruning-merging trade-off. Token impor-
tance is used to identify target tokens, and the only change is token
compression technique. Sim indicates the mean of s™“*.

R Layer| GQA | R Layer | GQA

Pruning | 80% 3 56.57 | 80% 15 61.78
Merging | 80% 3 5796 | 80% 15 61.73
IGM [80% 3 57.27 | 80% 15 61.82
Sim 0.8433 0.5955

Table 5. Study about different variants of IGM. IGM-pos means
that all non-redundant tokens are used for merging (importance-
informed). IGM-neg means that all non-redundant tokens are used
for generating the information compensation token.

| R Layer| GQA' MME MMB
IGM-pos [ 80% 15 |61.79 1506.3 64.79
IGM-neg | 80% 15 |61.77 1505.1 64.69
IGM | 80% 15 |61.82 1525.7 65.07

max.

ble 4. Sim represents the mean of s ; a smaller Sim
means the lower mean similarity between target tokens and
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non-target tokens. Table 4 indicates: (i) When the Sim is
low (high), token pruning is better than merging. When
the Sim is high, token merging is better than pruning. (i)
Importance-informed Grouped Merging (IGM) achieves a
good trade-off for different scenarios.

Study about importance-informed grouped merging: In
importance-informed grouped merging, we want to pre-
serve the important information in non-target tokens while
avoiding the disruption of important information in target
tokens due to merging. Thus, we divide non-target tokens
into positive set and negative set. To verify the necessity
of this division, we set: (¢) IGM-pos, all non-target tokens
merge into target tokens; (i) IGM-neg, all non-target to-
kens merge as an information compensation token, which
is similar to EViT [28]. As shown in Table 5, IGM outper-
forms both IGM-pos and IGM-neg.

Actual runtime latency and memory usage: To better
evaluate inference efficiency, we conduct runtime and GPU
memory usage analyses during inference, similar to FastV.
We randomly select two datasets (GQA and MME) and per-
form inference using LLaVA-1.5-7B on an A800 GPU. We
measure the end-to-end inference duration including read-
ing/writing, and calculate “Latency/Example” to indicate
the average inference time per sample. We comprehensively
compare FastV and Libra-Merging. As shown in Tab. 6,



Table 6. Actual runtime latency and memory usage. We directly record the total inference time as “Time”, which includes file read-
ing/writing time. “Latency/Example” indicates the average inference time per sample.

‘ Model ‘ R Layer ‘ Time (one A800) Memory Score Latency/Example
LLaVA-1.5-7B - - 21:45 16.0G  61.95 0.104s
+FastV 50% 3 19:36 156G 60.35 0.093s

GQA | +Libra-Merging | 50% 3 19:48 15.6G  61.38 0.094s
+FastV 80% 3 17:54 154G 56.57 0.085s
+Libra-Merging | 80% 3 17:58 154G  58.81 0.086s
LLaVA-1.5-7B - - 03:59 16.0G 1512.0 0.101s
+FastV 50% 3 03:27 15.6G 1511.7 0.087s

MME | +Libra-Merging | 50% 3 03:30 15.6G 1513.1 0.088s
+FastV 80% 3 03:14 154G 1427.6 0.082s
+Libra-Merging | 80% 3 03:16 154G 1440.0 0.083s

Table 7. The flash-attention compatibility during inference. “hybrid”” means the proposed hybrid attention, which is essential for maintain-
ing flash-attention compatibility. The experiments about training are provided in the supplementary material.

‘ Model R Layer ‘ Time (one A800) Memory Score Latency/Example
Qwen2-VL-7B - - 13:35 277G  1693.6 0.343s
w flash-attention 2 - - 08:48 18.5G  1683.6 0.222s
MME | +FastV 50% 3 12:25 28.6G  1673.9 0.314s
+FastV w hybrid 50% 3 08:12 17.6G  1654.9 0.207s
+Libra-Merging w hybrid | 50% 3 08:19 17.6G  1690.3 0.210s
LLaVA-1.5-7B - - 03:59 16.0G 1512.0 0.101s
w flash-attention 2 - - 03:58 16.0G  1507.5 0.100s
MME | +FastV 50% 3 03:27 15.6G 15117 0.087s
+FastV w hybrid 50% 3 03:25 155G 14955 0.086s
+Libra-Merging w hybrid | 50% 3 03:26 155G 1502.1 0.087s

both methods achieve actual inference acceleration over the
baseline. While demonstrating comparable efficiency to
FastV, Libra-Merging delivers significantly superior perfor-
mance, particularly when R = 80%.

Flash-attention compatibility: Flash-attention is indis-
pensable for accelerating attention computation, yet it does
not output attention scores. Fortunately, our main goal is
to preserve response-related visual information, which only
requires attention scores between output token and visual
tokens. Consequently, we compute only these attention
scores, requiring merely 1x NN, score computations. We
term this operation as hybrid attention. Since FLOPs scale
quadratically with token length, this introduces approxi-
mately N% additional FLOPs, which becomes negligible
when N;>1. As shown in Tab. 7, “Qwen2+flash-attention
2” outperforms "Qwen2+FastV” in speed. Then, with hy-
brid attention, token compression techniques become fully
compatible with flash-attention 2.

With flash-attention compatibility, we successfully ex-
tend token compression techniques to model training. Ex-
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perimental results are detailed in Table E of the supplemen-
tary material.

5. Conclusion

In this paper, we study the importance-redundancy dilemma
and the pruning-merging dilemma in token compression
for LVLMs. To solve the two dilemmas, we propose a
novel token merging scheme Libra-Merging, which con-
sists of position-driven token identification and importance-
informed grouped compression. In target token identi-
fication, position-driven token identification is proposed
to avoid selecting redundant target tokens, for a robust
importance-redundancy trade-off. In token compression,
importance-informed grouped compression is proposed to
prevent disrupting target tokens while preserving impor-
tant information in non-target tokens, for a good pruning-
merging trade-off. Our method Libra-Merging acts as
a plug-in, which can be easily integrated into existing
LVLMs. Extensive experiments demonstrate the effective-
ness of Libra-Merging across diverse datasets.
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