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Abstract

The quadratic complexity of Multimodal Large Language
Models (MLLMs) with respect to context length poses signif-
icant computational and memory challenges, hindering their
real-world deployment. In the paper, we devise a ‘filter-
correlate-compress” framework to accelerate the MLLM by
systematically optimizing multimodal context length dur-
ing prefilling. The framework first implements FiCoCo-V, a
training-free method operating within the vision encoder. It
employs a redundancy-based token discard mechanism that
uses a novel integrated metric to accurately filter out redun-
dant visual tokens. To mitigate information loss, the frame-
work introduces a correlation-based information recycling
mechanism that allows preserved tokens to selectively recy-
cle information from correlated discarded tokens with a self-
preserving compression, thereby preventing the dilution of
their own core content. The framework’s FiCoCo-L variant
further leverages task-aware textual priors to perform token
reduction directly within the LLM decoder. Extensive experi-
ments demonstrate that the FiCoCo series effectively acceler-
ates a range of MLLMs, achieves up to 14.7x FLOPs reduc-
tion with 93.6% performance retention. Our methods con-
sistently outperform state-of-the-art training-free approaches,
showcasing effectiveness and generalizability across model
architectures, sizes, and tasks without requiring retraining.

Code — https://github.com/kawhiiiileo/FiCoCo

1 Introduction

Multimodal Large Language Models (MLLMs) (Liu et al.
2023, 2024a; Zhang, Li, and Bing 2023; Chen et al.
2024b; Lin et al. 2024b) have effectively extended the im-
pressive emergent capabilities of Large Language Model
(LLM) (Touvron et al. 2023; OpenAl 2023; Bai et al. 2023a)
decoders by integrating visual features with textual inputs.
However, the substantial increase in context length when

“Equal contributions.

TCorresponding Author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

4601

Video-LLaVA-7B
95

LLaVA-1.5-13B
99

% Qwen2-VL-7B
99

—e— ToMe [ICLR23]

—e— FastV [ECCV24]

—e— SparseVLM [ICML25]

—e— PDrop [CVPR25]
PruMerge [ICCV25]

-~ FiCoCo-V (Ours)
FiCoCo-L (Ours)

94
LLaVA-1.5-7B

94
LLaVA-NeXT-7B

Figure 1: The comparison to existing token reduction
methods. Our FiCoCo series achieves state-of-the-art re-
sults with five popular MLLMs across benchmarks.

processing images and videos imposes quadratically scaling
computational and memory demands. This, in turn, renders
prefilling a critical bottleneck for MLLM response genera-
tion. As an empirical instance, the prefilling time for Qwen2-
VL (Wang et al. 2024) in high-resolution visual question an-
swering significantly outweighs its decoding time, constitut-
ing up to a remarkable 80% of the total latency. In this pa-
per, we introduce ‘filter-correlate-compress”, a framework
that systematically and progressively optimizes the length of
multimodal context during prefilling. This enables MLLMs
to minimize response latency while concurrently striving for
the preservation of generation quality.

Concurrently, we propose FiCoCo-V, a training-free
method that represents the framework’s implementation
within the vision encoder, primarily addressing data redun-
dancy. Natural vision signals, such as images and videos, in-
herently possess a higher degree of information redundancy
compared to human-generated languages (He et al. 2022;
Feichtenhofer et al. 2022). However, in the constructed mul-
timodal context, the number of visual tokens substantially



exceeds that of textual tokens. Our framework thus initi-
ates with a redundancy-based token discard, which re-
duces context length by measuring and filtering out re-
dundant visual tokens at each layer. Specifically, unlike a
potentially biased, single redundancy metric (Chen et al.
2024a; Zhang et al. 2024), FiCoCo-V integrates vision-
aware and semantic-aware redundancy to accurately discard
those more redundant tokens.

One common oversight is that tokens considered redun-
dant may contain noise or still hold information beneficial
to the task (Liang et al. 2022). Developing effective mech-
anisms to flexibly recover such information facilitates per-
formance maintenance of the MLLM. However, preserved
tokens must carefully select which information to receive
from discarded ones, preventing excessive dilution of their
core information. We highlight that inter-token correlation
provides a principled metric to guide where and how infor-
mation should be recycled. Moving forward, our framework
designs a correlation-based information recycling mech-
anism that allows each redundant token to correlate a vari-
able number of preserved tokens to adaptively retain its in-
formation, while the FiCoCo-V method models such corre-
lation with direct attention. Subsequently, a self-preserving
compression operation ensures the prominence of the pre-
served tokens while allowing them to receive more informa-
tion from highly correlated redundant tokens.

While FiCoCo-V strikes an appealing balance between ef-
ficiency and performance, executing token discard and in-
formation recycling in a task-agnostic manner can be short-
sighted, as it fundamentally constrains the performance ceil-
ing of the acceleration method. Consequently, we further
propose FiCoCo-L, which performs token reduction directly
within the LLM decoder. By leveraging task-aware textual
priors, FiCoCo-L more precisely pinpoints redundant tokens
and recovers crucial information, thereby minimizing loss
during the compression process. In Figure 1, when applied
to LLaVA-1.5-7B (Liu et al. 2024a), both methods consis-
tently outperform existing token reduction baselines across
different FLOPs. In the most extreme case, our method can
obtain a maximum improvement of 5.7x in FLOPs while
retaining 92.8% performance. When applied to the more
powerful LLaVA-NeXT-7B (Liu et al. 2024b), our methods
even show stronger superiority, achieving a 14.7 x improve-
ment in FLOPs while retaining at most 93.6 % performance.
We also evaluate our methods on video understanding tasks,
where our methods retain at most 92.8% performance of
vanilla Video-LLaVA (Lin et al. 2024a) with a 11.4x im-
provement in FLOPs. As a conclusion, our success in to-
ken budget reduction and model acceleration can generalize
across various MLLM architectures, sizes, and tasks.

2 Related Work

Multimodal Large Language Models (MLLMs). To ac-
quire visual comprehension and reasoning capabilities,
MLLMs (Dai et al. 2023; Bai et al. 2023b; Liu et al. 2023;
Chen et al. 2024b) first use a pre-trained vision encoder (e.g.,
from CLIP (Radford et al. 2021)) to extract visual features,
which are then projected into the input embedding space of
a pre-trained Large Language Model (LLM) (Touvron et al.
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2023; OpenAl 2023; Bai et al. 2023a) decoder. The LLM
then processes these visual embeddings alongside user in-
structions to understand the images and craft suitable re-
sponses. A key trend in the development of MLLMs is to
leverage longer multimodal contexts to capture finer-grained
visual details, thereby enabling a more profound compre-
hension of the visual content. For example, LLaVA-1.5 (Liu
et al. 2024a) improves the vision encoder for higher res-
olutions, while LLaVA-NeXT (Liu et al. 2024b) quadru-
ples input resolution with flexible aspect ratios to enhance
fine-grained understanding. And Video-LLaVA (Zhang, Li,
and Bing 2023) employs extended context windows and dy-
namic frame aggregation to accommodate longer input se-
quences for video-text tasks. However, increased context
length introduces significant inference latency and storage
overheads, which become major deployment bottlenecks.
Token Reduction for MLLMs. Token reduction ap-
proaches can be broadly unified as token compression,
which aims to eliminate redundancy and condense visual in-
formation into a more compact representation while mini-
mizing information loss (Rao et al. 2021; Liang et al. 2022;
Bolya et al. 2023; Liu et al. 2025d,c,b,a). Our proposed
methods adaptively adjust the number of tokens each dis-
carded token is compressed into. This functions as an au-
tomatic, per-token switching mechanism between the two
techniques, designed to maximize benefits.

Token reduction for MLLMs has gradually shifted from
training-based methods (Cha et al. 2024; Li et al. 2024) to
training-free approaches (Chen et al. 2024a; Zhang et al.
2024), as the latter enables direct application to off-the-shelf
models without costly retraining overheads. For instance,
FastV (Chen et al. 2024a) prunes unnecessary visual tokens
based on the ranking of attention scores derived from the
self-attention mechanism in the LLM. SparseVLM (Zhang
et al. 2024) adaptively prunes visual tokens in the LLM
based on their attention scores with text tokens. PDrop (Xing
et al. 2025) drops visual tokens according to the attention
between all the visual tokens and the last token of the in-
struction. In this study, our FiCoCo shows that more precise
identification of redundant tokens and controlled recovery
of discarded information can achieve superior performance
while maintaining high efficiency.

3 Methodology of FiCoCo-V
3.1 Preliminaries: Revisiting MLLMs

Prefilling. Given the textual instruction, a MLLM gener-
ates responses according to the input image, where the crit-
ical prefilling phase involves two key steps: (1) Input tok-
enization, where the visual encoder extracts the visual fea-
tures and projects them into a shared latent space with dis-
crete textual tokens. (2) Causal self-attention computation,
wherein the LLM decoder performs causal self-attention
over this entire concatenated sequence to establish contex-
tual dependencies, providing intermediate key-value pairs
for efficient autoregressive decoding. This phase establishes
the decoding context for subsequent token generation, di-
rectly impacting inference latency and throughput.

Self-Attention. The self-attention mechanism (Vaswani
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Figure 2: Overview of FiCoCo-V and FiCoCo-L. Due to the two methods being applied to different modules (vision encoder
and LLM decoder), they have different implementations for summarized redundancy and correlation matrix in the filter and
correlate stages. Simultaneously, the compression modules of FiCoCo-V and FiCoCo-L are identical, both employing self-

preserving compression based on the correlation matrix.

et al. 2017) stands as both the most essential and the most
resource-intensive operation in transformer-based visual en-
coder and LLM decoder. Given the input 1D sequence
X of length N, the self-attention layer produces a self-
attention map A € RY*¥ o globally model the depen-
dence relationships between tokens, formulated as A =

Attention (Q, K) = Softmax (QKT / \/5) , where | de-

notes the transpose of the matrix, the query and key matrices
Q, K € RV*P are obtained by projecting X with learnable
parameter matrices.

3.2 Redundancy-based Token Discard

Filter: What token should be discarded? When evaluat-
ing the redundancy of tokens within the vision encoder, we
draw inspiration from the two natural principles of humans
when quickly and comprehensively summarizing the con-
tent of a given image. Firstly, to accelerate the recognition,
we tend to ignore those similar pixels as they commonly pro-
vide the same information. Similarly, within a self-attention
layer, if a visual token requires substantial information from
other visual tokens, it indicates that its own information
is not unique, and the token can be replaced by other vi-
sual tokens. Formally, given the self-attention weight matrix
AY € RY*N where N is the number of the visual tokens,
we can define the vision-aware redundancy of the i-th to-
ken by averaging its received attention, i.e., % Zjvzl Al ;.
We emphasize that this design is significantly different from
previous methods (Chen et al. 2024a), as they regard atten-
tion between visual tokens as a measure of importance.
Secondly, if provided with the overall concept of the im-
age, we rapidly identify the area of interest based on the
global semantic clue and ignore other regions. As typical vi-
sion encoders (Dosovitskiy et al. 2021; Radford et al. 2021)
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employ a [CLS] token to capture the global image repre-
sentation, its attention weights a®™® can quantify the global
semantic content of patch tokens, which can be useful for
multimodal understanding. And we can define the semantic-
aware redundancy by applying a negation operation. We
regard this general solution as the default due to its effi-
ciency, and provide an alternative solution for a limited num-
ber of MLLMs without a [CLS] token (e.g., SigLIP (Zhai
et al. 2023)). Specifically, we average the keys of all visual
tokens as an alternative of the [CLS] token, and regard its
cosine similarity with visual tokens as a substitute for atten-
tion. Therefore, we calculate the overall redundancy score
for each visual token as

N
1
sV :ANZA;JJ — (1= N)af*s, (1)
j=1

where ) is a scalar hyperparameter that balances the factors.
Since the visual tokens with higher redundancy scores are
expected to be discarded, we filter out these tokens through
a topK operation on the ranked scores, where the amount is
related to the degree of reduction.

A concern is that tokens discarded in a layer might con-
centrate in a specific image area, potentially leading to
spatial-centralized information loss. Therefore, we develop
a local penalty strategy that encourages a more uniform
spatial distribution of discarded tokens. Specifically, we rep-
resent the redundancy scoring vector s back to a 2D grid and
partition it into non-overlapping windows of size W, using
padding for previously discarded tokens to maintain the 2D
information. Finally, we multiply the highest score within
each window by a scaling coefficient, enhancing positive
scores and diminishing negative ones. This effectively sup-
presses the global prominence of other large scores within
the windows, reducing their likelihood of being discarded.
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Figure 3: Layer-wise distribution of Pairwise Token Cor-
relation Gap. We observe that the difference between the
top-1 and top-2 correlation scores for each discarded token
displays a high variance, highlighting the inadequacy of a

fixed number of correlated preserved tokens.

As observed in the ablation study, this technique signifi-
cantly enhances FiCoCo-V.

3.3 Correlation-based Information Recycling

Correlate: Where should discarded information be re-
cycled? We conduct a matrix that evaluates the correlation
between each discarded token and all the preserved visual
tokens. Formally, given N S discarded tokens, the matrix can

be defined as C € RN *(N=N)_For FiCoCo-V in the vi-
sion encoder, attention weights inherently represent both the
inter-token relationships and the flow of information, mak-
ing them a measure of direct correlation. Therefore, the cor-
relation matrix can be conducted as G, = A7 ..

To select the preserved tokens that receive information
from each discarded token, a topK operation can be ap-
plied on each row of the correlation matrix C. Here, K is
the number of the selected preserved tokens, where K = 0
is equivalent to token pruning and K > 0 is token merg-
ing (e.g., K = 1 for ToMe (Bolya et al. 2023)). To find an
appropriate K, we measure the Pairwise Token Correlation
Gap—the difference between the top-1 and top-2 correla-
tion scores—for each discarded token. Our FiCoCo-V ex-
periment computes this gap by discarding 8 tokens per layer
across a 24-layer ViT. In Figure 3, we observe that the dis-
tribution of correlation gaps varies significantly. A few lay-
ers show a concentration of large gaps, indicating that dis-
carded tokens can easily identify their single most correlated
preserved token. In contrast, some layers have gaps concen-
trated near zero, suggesting each discarded token has multi-
ple candidate preserved tokens with similarly high correla-
tion values. And more layers display distributions with high
variance, highlighting the inadequacy of a fixed K value.

According to the above analysis, we devise a token-
adaptive K. Specifically, for the i-th discarded token, we
compute the e-th quantiles of the ¢-th row in the correlation
matrix to determine a token-wise threshold 7;. Then this
threshold is re-applied to the row to identify the target tokens
correlated to the ¢-th discarded token. In other word, for the
j-th preserved token, if C; ; > 7, then this preserved token
can be viewed as a correlated token for the i-th discarded to-
ken. And the number of correlated tokens for each discarded
token is dynamic and adaptive. Therefore, we actually con-
struct “dense” information pathways, where the correla-
tion matrix facilitates the tracking of the information prop-
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agation from each discarded token to the candidate tokens.
In contrast, a “convergent” correlation prompts all discarded
tokens to merge into an additional token (Liang et al. 2022).
Compared to that strategy, our “dense” correlations spread
discarded information more widely among the remaining to-
kens and empirically demonstrate better performance.
Compress: How to effectively recycle information? Af-
ter the correlate stage, each preserved token has a variable
number of discarded tokens for updating itself. A straight-
forward update strategy involves averaging each preserved
token with all discarded tokens that correlated to it (Bolya
et al. 2023). However, as the number of discarded tokens in-
creases, this strategy results in the preserved token having
less information about itself after updates. And excessive
integration of information from discarded tokens into pre-
served tokens leads to performance degradation through pro-
gressive dilution of their original semantic content. There-
fore, our compression strategy must ensure the dominance
of the preserved tokens. Moreover, naive averaging results
in the amount of information received by a preserved token
being independent of its correlation to the discarded tokens.
According to the above discussion, we update the pre-
served tokens with a self-preserving compression. For-
mally, we define the discarded tokens as a source set S, and
the preserved visual tokens as a target set T. Therefore, given
the correlation matrix C, we formulate the compression as

X;r + Z OLT;leS

=
XTe —— "0 wherel; ={i€S|Ci,; >
j 1+ > a; , where I; = {i | Cij > 7i},
iE]Ij
C,;; .
QG5 = ﬁ,where J; = {j eT | Ci,j > Ti},
j€l;

2
where the weight «;; quantifies the proportion of informa-
tion from the ¢-th discarded token that is allocated to the j-th
correlated token. The strategy guarantees each preserved to-
ken preserves at least 50% of its original information. More-
over, the preserved token can receive more information from
a discarded token with a strong correlation.

4 Task-Aware Improvements for FiCoCo-L

Despite its promising performance, FiCoCo-V identifies and
removes visual tokens based solely on the visual content.
Applied within the vision encoder, such a task-agnostic
method fails to preserve the essential visual information
based on task context. Therefore, we provide a task-aware
solution FiCoCo-L applied in the LLM decoder, leveraging
textual priors to reduce visual token redundancy and recycle
task-related visual information. Specifically, FiCoCo-L up-
dates the redundancy calculation in the filter stage, and the
correlation calculation in the correlate stage.

Task-aware redundancy calculation. In the LLM decoder,
since textual tokens directly encode task instructions, the at-
tention weights that visual tokens received from textual to-
kens indicate their task relevance. Therefore, we can cal-
culate a task-aware redundancy as - - S0 AL
where M denotes the number of textual tokens. As a result,



Method Source  TFLOPs| SQA VQAT POPE GQA MMB VQAv2 Avg Avg(%)
TFLOPs=8.5
LLaVA-1.5-7B  NeurIPS23 8.5 69.5 58.2 86.4 62.5 66.1 79.1 70.3 100
TFLOPS=3.3(¢61‘2%)
ToMe ICLR23 33 65.2 52.1 72.4 54.3 60.5 68.0 62.1 88.3
FastV ECCV24 33 67.3 52.5 64.8 52.7 61.2 67.1 60.9 86.6
SparseVLM ICML25 33 69.1 56.1 83.6 57.6 62.5 75.6 67.4 95.9
PDrop CVPR25 33 68.8 56.1 82.3 57.1 63.2 75.1 67.1 95.4
PruMerge ICCV25 33 67.9 54.3 71.3 54.3 59.6 70.6 63.0 89.6
FiCoCo-V Ours 33 67.8 55.7 82.5 58.5 62.3 74.4 66.9 95.2
FiCoCo-L Ours 33 69.6 56.6 84.6 61.1 64.6 76.8 68.9 98.0
TFLOPs=2.4 171.8%)
ToMe ICLR23 2.5 59.6 49.1 62.% 52.4 533 63.0 56.7 80.7
FastV ECCV24 2.5 60. 50.6 59.6 49.6 56.1 61.8 56.3 80.1
SparseVLM ICML25 2.5 67.1 54.9 80.5 56.0 60.0 73.8 65.4 93.0
PDrop CVPR25 2.5 68.3 55.1 82.3 56.0 61.1 72.9 65.9 93.8
PruMerge ICCV25 2.5 67.1 54.3 67.2 533 58.1 68.8 61.5 87.5
FiCoCo-V Ours 24 68.3 55.6 82.2 57.6 61.1 73.1 66.3 94.3
FiCoCo-L Ours 24 69.4 56.3 84.4 60.6 61.9 73.4 67.7 96.3
TFLOPs=1.5 182.4%)
ToMe ICLR23 1.6 50.0 45.3 52.% 48.6 43.7 57.1 49.5 70.4
FastV ECCV24 1.6 51.1 47.8 48.0 46.1 48.0 61.8 50.5 71.8
SparseVLM ICML25 1.5 62.2 51.8 75.1 52.4 56.2 68.2 61.0 86.8
PDrop CVPR25 1.6 68.6 45.9 55.9 41.9 333 69.2 52.5 74.6
PruMerge ICCV25 1.5 68.1 54.0 65.3 51.9 553 67.4 60.3 85.8
FiCoCo-V Ours 1.5 68.4 55.5 79.8 54.9 60.2 721 65.2 92.7
FiCoCo-L Ours 1.5 69.5 55.7 82.1 53.2 61.5 69.7 65.3 92.8
TFLOPs=24.9
LLaVA-1.5-13B NeurIPS23  24.9 714 61.3 86.2 63.4 68.0 80.0 71.7 100
TFLOPS=]5.4(1’47'6%)
FastV ECCV24 15.4 57.0 56.0 79.3 57.7 57.9 - 61.6 85.9
SparseVLM ICML25 154 69.9 49.9 81.1 57.9 65.8 - 64.9 90.5
FiCoCo-V Ours 15.4 72.1 57.2 82.3 59.2 63.1 76.8 68.5 95.5
FiCoCo-L Ours 15.4 72.4 58.3 83.1 60.1 65.2 77.6 69.5 96.9

Table 1: Comparison results on LLaVA-1.5-7B/13B. We evaluate FiCoCo variants under various computational budgets,
compared to baselines. Only shared datasets across both model sizes are included here.

the overall redundancy for FiCoCo-L is summarized as

1 N 1 N+M
Si=B 2 AL -(1-85 D Al O
j=1 k=N+1

where the scalar hyperparameter 3 balances the factors.

Empirically, we observe that the “local penalty” strategy
slightly degrades the performance of FiCoCo-L. We believe
the reason is that this strategy weakens the task prior when
encouraging spatial-uniform preservation of visual informa-
tion. Consequently, we remove the strategy in FiCoCo-L.
Task-aware correlation calculation. We explore an addi-
tional form of indirect semantic correlation for FiCoCo-
L, which leverages textual tokens as a bridge. Specifically,
when measuring the association between the ¢-th token and
the j-th token, we sum the products of the attention weights
from the ¢-th token to all textual tokens and from all textual
tokens to the j-th token. If the peak attention weights of the
i-th token and the j-th token are concentrated on the same
textual tokens, then the computed correlation between them
is higher. In summary, we have

N+M
Cl. =~A! 4 (11— )i E Al AL @)
,J ,J v M i,k k.j»
k=N-+1

where v is the scalar hyperparameter for factor balance.
Note that for clarity, our formula calculations are designed to
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target individual elements within vectors or matrices. How-
ever, these operations can be efficiently tensorized in the
practical implementation to facilitate batched inference. And
the implementation can be plug and play with less than 10
lines of additional code.

5 Experiments
5.1 Experimental Setups

We evaluate FiCoCo on multiple MLLMs: LLaVA-1.5 (Liu
et al. 2024a), LLaVA-NeXT (Liu et al. 2024b), and Qwen2-
VL (Wang et al. 2024) for image understanding, and Video-
LLaVA (Lin et al. 2024a) for video understanding. FiCoCo
is benchmarked against mainstream token reduction meth-
ods: ToMe (Bolya et al. 2023), FastV (Chen et al. 2024a),
SparseVLM (Zhang et al. 2024), PDrop (Xing et al. 2025),
and PruMerge (Shang et al. 2025).

5.2 Main Comparisons

Results on LLaVA-1.5-7B/13B. Table 1 presents the per-
formance of FiCoCo across benchmarks based on LLaVA-
1.5-7B/13B. The LLaVA-1.5-7B results yield two key find-
ings: (1) Both FiCoCo-V and FiCoCo-L consistently outper-
form existing training-free methods across different com-
putational budgets. Under extreme compression (TFLOPs
= 1.5, 10% visual tokens), both variants achieve >92%
average accuracy, surpassing the second-best SparseVLM



Method MMB SQA VQA" MMMU Avg Avg (%)
TFLOPs=42.7

LLaVA-NeXT-7B 679 702 613 351  58.6  100.0
TFLOPS=5.0(J,88‘3%)

PDrop 63.4 675 544 298 538 91.7
TFLOPS=2.9(J,93‘2%)

SparseVLM 63.1 67.5 463 328 524 894

FiCoCo-V 60.5 68.1 553 341 545 930

FiCoCo-L 63.6 679 53.1 348 549 93.6

Table 2: Comparison with LLaVA-NeXT-7B on cross-image
understanding benchmarks.

Token Method MMB POPE VQA' Avg Avg (%)
Base. ~1300
Qwen2-VL-7B 80.5 86.4 843 83.7 100.00
SparseVLM 79.6  86.5 803 82.1 98.09
600 FiCoCo-V 799 86.5 81.2 825 98.57
FiCoCo-L 80.1 863 814 82.6 98.69
SparseVLM 788 863 790 814 9725
500 FiCoCo-V 79.1 86.6 798 818 97.73
FiCoCo-L 789 86.1 797 81.6 97.49
SparseVLM 79.0 8.8 771 80.6 96.29
400  FiCoCo-V 79.1 86.0 783 81.1 96.89
FiCoCo-L 78.6 859 783 809 96.66

Table 3: Comparison with Qwen2-VL-7B under different
token budgets. FiCoCo is compared against SparseVLM
under 600/500/400 tokens on MMB, POPE, and VQAT.

by approximately 6%, demonstrating the effectiveness of
our information recovery mechanism. (2) FiCoCo-L out-
performs FiCoCo-V when computational budgets are gen-
erous, as it captures task-relevant visual tokens and maxi-
mally focuses on question-related regions. However, under
constrained budgets, both variants achieve similar perfor-
mance (with an average difference of only 0.1%). This con-
vergence arises because, under severe token constraints, the
distinction between preserving visual saliency (FiCoCo-V)
and task-specific relevance (FiCoCo-L) diminishes—both
are compelled to retain only the most essential visual ele-
ments for maintaining core model functionality. Moreover,
under the LLaVA-1.5-13B setting, FiCoCo-V/L achieves su-
perior performance with only ~22% visual tokens (15.4
TFLOPs), outperforming the strongest baseline SparseVLM
by 5.0% and 6.4% in average accuracy.

Results on LLaVA-NeXT-7B. We impose two computa-
tional constraints: TFLOPs are set to 5.0 for PDrop to
match reported results, and 2.9 for SparseVLM and FiC-
0Co. Table 2 shows that, under TFLOPs = 2.9, FiCoCo-
V and FiCoCo-L outperform SparseVLM by 3.6% and
4.2%, respectively. Moreover, despite operating under a
lower TFLOPs budget than PDrop, our methods FiCoCo-
V and FiCoCo-L consistently outperform PDrop by 1.9%
in terms of average accuracy, highlighting their superior ef-
ficiency and robustness in handling dense visual token sce-
narios within resource-constrained settings.

Results on Qwen2-VL. Following SparseVLM’s settings
on Qwen2-VL, we compress about 54.5% of visual tokens.
Since Qwen2-VL lacks a [CLS] token, an equivalent token
averaging scheme is used in FiCoCo-V. As shown in Table 3,
under this ratio, FiCoCo maintains over 98% accuracy and
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Method TGIF MSVD MSRVTT ActivityNet Avg Avg(%)

TFLOPs=29.7
Video-LLaVA 47.1 69.8 56.7 43.1 54.2 100.0
TFLOPS=2.6(¢91'2%)
FastV 23.1 38.0 19.3 306 27.8 52.1
SparseVLM 447 68.2 31.0 426 469 86.5
FiCoCo-V 431 674 47.8 42.8 503 92.8
FiCoCo-L 443  64.5 49.2 40.1 49.5 914

Table 4: Comparison results on video understanding bench-
marks with Video-LLaVA.

Method SQA TextVQA
Stage | £icoCo-v 68.37 55.46
w/o vision-aware redundancy ~ 67.81  52.51
Filter w/o semantic-aware redundancy 64.67  48.74
w/o local penalty 68.12 53.24
fixed K=0 67.82  53.56
fixed K=1 67.43  46.97
Correlate | fixed K=2 67.21 51.36
convergent correlation 67.60 54.38
Compress | average compression 67.92 53.34

Table 5: Ablation results of FiCoCo-V.

surpasses Sparse VLM. Further, compressing each additional
100 tokens yields only a 0.8% drop, highlighting FiCoCo’s
robustness and the effectiveness of the averaging scheme.

Results on Video-LLaVA. For fair evaluation, the number
of video tokens is limited to 136 (about 6.6% of all visual
tokens). As shown in Table 4, both FiCoCo-V and FiCoCo-
L reach over 90% of Video-LLaVA’s performance, while
FiCoCo-V surpasses FastV and SparseVLM by 40.7% and
6.3%, respectively, demonstrating its superiority in video
understanding. The stronger performance of FiCoCo-V over
FiCoCo-L likely stems from higher visual redundancy in
videos, where compression aids attention to salient content.

5.3 Ablation Study

To further validate the effectiveness of our design at each
stage, we conduct extensive ablation studies on the SQA
and TextVQA benchmarks under a fixed computational bud-
get of 1.5 TFLOPs. In Table 5, we ablate all three stages of
FiCoCo-V to analyze their individual contributions.

* Filter. Both vision-aware and semantic-aware redundancy
improve the identification of discarded tokens. Notably,
semantic-aware redundancy has a more significant impact
on the final performance. This indicates that token reduction
within the vision encoder should prioritize the retention of
tokens rich in global semantic information. Additionally, we
observe that by promoting a spatially uniform distribution of
discarded tokens, the local penalty strategy aids in preserv-
ing visual information.

* Correlate. We evaluate fixed K values of O (pruning, i.e.,
no correlation-based recycling), 1 (single-token recycling),
and 2 (multi-token recycling). While the token-adaptive K
strategy performs best, an intriguing result is that K =0 sur-
passes the other two. This likely occurs because small fixed
K values limit information sources for correlated tokens,
causing over-dilution and noise. Thus, pruning yields bet-



Method SQA TextVQA
Stage | FiCoCo-L 69.46 5572
w/o vision-aware redundancy 69.16  55.43
Filter w/o task-aware redundancy  68.22  55.64
w/ local penalty 68.79  55.38
w/o indirect correlation 68.89 54.78
w/o direct correlation 68.45 5545
fixed K=0 68.96 50.33
Correlate | fixed K=1 68.57 50.11
fixed K=2 68.32 50.18
convergent correlation 67.80 54.89
Compress | average compression 68.32 54.66

Table 6: Ablation results of FiCoCo-L.

ter performance. Moreover, our “dense” correlation outper-
forms the “convergent” variant, which compresses discarded
tokens into one; retrieving information while preserving to-
ken integrity proves more effective.

* Compress. Our self-preserving compression outperforms
directly averaging the features, indicating that the calculated
weights can effectively regulate the contribution of informa-
tion sources in the updates of correlated tokens.

In Table 6, we ablate all three stages for FiCoCo-L:

* Filter. Although both vision-aware and task-aware redun-
dancies contribute to redundancy estimation, neither dom-
inates. This may be because the attention mechanism in
LLMs captures stable token dependencies, reducing the
need for redundancy measurement to rely heavily on se-
mantic cues. Moreover, applying the local penalty strategy
in FiCoCo-L slightly degrades performance, likely because
enforcing spatial uniformity of token retention disrupts the
redundancy assessments already established by attention.

* Correlate. It is observed that both correlations enhance
the identification of relevant tokens, improving performance
across datasets. Similar to FiCoCo-V, adopting a token-
adaptive K with “dense” correlations proves optimal.

» Compress. Updating the preserved tokens with a self-
preserving compression still achieves better performance.

5.4 Qualitative Analysis

We visualize the discarded tokens of FiCoCo-V (Figure 4a)
and FiCoCo-L (Figure 4b) under varying compression lev-
els across VQA scenarios. Tokens highly relevant to an-
swers are highlighted with red boxes to assess information
preservation. A token linked to “2” is traced in Figure 4a,
and one linked to “GAMES” in Figure 4b. In both cases,
as compression increases (TFLOPs from 4.2 to 1.5), more
tokens—including key ones—are discarded, reducing crit-
ical information. We trace information recycling from dis-
carded tokens (red arrows) and highlight correlated tokens
(green boxes), where transparency reflects retained informa-
tion. These correlated tokens aggregate essential cues and
support question answering. Notably, discarded information
is distributed across multiple correlated tokens, enhancing
comprehension of salient regions (Figure 4b), qualitatively
validating our method.
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TFLOPs = 8.5

TFLOPs = 4.2

TFLOPs = 1.5

Q: “What event is this from?” FiCoCo-L: ‘millrose games.”

Figure 4: Visualizations of token discard and information
recycling by (a) FiCoCo-V and (b) FiCoCo-L. Red: traced
patch token; Green: recycling destination.

Method LLaVA-NeXT-7B LLaVA-1.5-7B
¢toC TFLOPs Throughput TFLOPs Throughput
Vanilla 427 38 85 399

FiCoCo-V 2.9 (1932%) 7.9 (1107.9%) 1.5 (1 824%) 12.9 (143.5%)
FiCoCo-L 2.9 (1932%) 6.5 (1711%) 1.5 (1 824%) 11.6 (129.1%)

Table 7: Efficiency analysis of FiCoCo. Lower TFLOPs and
higher throughput (img/s) indicate better efficiency.

5.5 Efficiency Analysis

As shown in Table 7, we present the trends of throughput
and TFLOPs changes after applying FiCoCo in the LLaVA-
NeXT and LLaVA-1.5 architectures. Introducing FiCoCo
into LLaVA-NeXT reduces TFLOPs by 93.2%, increasing
throughput by 2.08x (FiCoCo-V) and 1.71x (FiCoCo-L).
In LLaVA, a TFLOPs reduction of 82.4% yields throughput
gains of 1.43x and 1.29x, respectively. These results high-
light FiCoCo’s ability to substantially lower computational
overhead while enhancing throughput.

6 Conclusion

In this paper, we propose a “filter-correlate-compress” ac-
celeration framework to systematically eliminate visual
redundancy in MLLMs through a principled three-stage
pipeline. The filter stage performs dynamic redundancy-
based token discard using variation-aware thresholds, while
the correlate stage identifies semantic relationships between
tokens and the compress stage jointly enables correlation-
based information recycling, thereby significantly reducing
computational complexity while preserving critical multi-
modal information. The effectiveness of our framework is
rigorously demonstrated through specialized variants for vi-
sion encoders (FiCoCo-V) and LLM decoders (FiCoCo-
L), achieving consistent acceleration benefits across diverse
MLLM architectures for both image and video understand-
ing tasks with minimal accuracy degradation.
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