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Abstract

Multimodal large language models (MLLMs) are plagued by
exorbitant inference costs attributable to the profusion of vi-
sual tokens within the vision encoder. The redundant visual
tokens engenders a substantial computational load and key-
value (KV) cache footprint bottleneck. Existing approaches
focus on token-wise optimization, leveraging diverse intri-
cate token pruning techniques to eliminate non-crucial vi-
sual tokens. Nevertheless, these methods often unavoidably
undermine the integrity of the KV cache, resulting in fail-
ures in long-text generation tasks. To this end, we conduct
an in-depth investigation towards the attention mechanism of
the model from a new perspective, and discern that atten-
tion within more than half of all decode layers are seman-
tic similar. Upon this finding, we contend that the attention
in certain layers can be streamlined by inheriting the atten-
tion from their preceding layers. Consequently, we propose
Lazy Attention, an efficient attention mechanism that en-
ables cross-layer sharing of similar attention patterns. It in-
geniously reduces layer-wise redundant computation in at-
tention. In Lazy Attention, we develop a novel layer-shared
cache, Q Cache, tailored for MLLMs, which facilitates the
reuse of queries across adjacent layers. In particular, Q Cache
is lightweight and fully compatible with existing inference
frameworks, including Flash Attention and KV cache. Ad-
ditionally, our method is highly flexible as it is orthogonal
to existing token-wise techniques and can be deployed in-
dependently or combined with token pruning approaches.
Empirical evaluations on multiple benchmarks demonstrate
that our method can reduce KV cache usage by over 35%
and achieve 1.5× throughput improvement, while sacrificing
only approximately 1% of performance on various MLLMs.
Compared with SOTA token-wise methods, our technique
achieves superior accuracy preservation.

Introduction
Multimodal Large Language Models (MLLMs) (Liu et al.
2024a,b) have exhibited remarkable capabilities in various
multimodal tasks, such as visual question answering (Lu
et al. 2022), visual reasoning (Fu et al. 2024) and visual
grounding (Dai et al. 2025; Zhuang et al. 2025). Nonethe-
less, due to the inherent nature of their paradigms, some
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Figure 1: A brief comparison on K Cache in varied decode
layers of a MLLM. We introduce a new technique Q Cache,
which significantly reduces the K Cache memory footprint.
Compared to other methods, it is more flexible, plug-and-
play, and compatible with Flash Attention.

modalities, e.g., images and videos (Lin et al. 2023; Zhang,
Li, and Bing 2023), generate a substantial number of visual
tokens through vision encoders (Radford et al. 2021). These
numerous tokens significantly affect the inference speed of
Transformer-based (Vaswani et al. 2017) MLLMs, as the
computational complexity of attention scales quadratically
with the length of token sequence. Moreover, visual contexts
usually introduce excessive key-value (KV) cache (Pope
et al. 2023), significantly limiting generative efficiency due
to memory bottlenecks.

Against this backdrop, a plethora of acceleration opti-
mization methods based on token pruning have emerged in
the realm of MLLMs (Chen et al. 2024; Lin et al. 2024;
Zhuang et al. 2024; Xing et al. 2024; Zhang et al. 2024),
which primarily focus on reducing visual redundancy in a
token-wise manner. Most of them rely on the magnitude of
the values corresponding to each visual token in the attention
maps to determine whether to retain or discard that token.
However, this attention-based strategy requires real-time ac-
cess to the attention matrix, rendering it incompatible with
Flash Attention (Dao 2023). Moreover, these methods (Chen
et al. 2024; Lin et al. 2024; Zhuang et al. 2024; Xing et al.
2024; Zhang et al. 2024) propose to discard visual tokens
during the prefill phase, which simultaneously compromises
the integrity of the KV cache (Pope et al. 2023), making the
optimized models struggle to maintain stable performance
in multi-turn dialogue scenarios (Liu et al. 2025). In this re-
gard, we question whether the attention in all these layers
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Figure 2: Jensen-Shannon (JS) divergence of the attention
scores between each layer and its adjacent layer below it.
The gray dashed boxes highlight the regions with values
close to 0, where the attention score distributions in the two
layers are nearly identical, suggesting that the adjacent de-
code layers share highly similar attention patterns.

are truly necessary? Can we approach optimization from a
layer-wise perspective to streamline the bulky attention at a
cross-layer granularity?

To address above questions, we begin by conducting
an in-depth investigation of existing attention mechanisms
within MLLMs. As shown in Figure 2, we examine the
Jensen-Shannon (JS) divergence between the attention of
different decode layers across various inputs, and find that
the attention patterns between adjacent layers are highly
similar. This phenomenon indicates that a significant por-
tion of the attention layers are essentially redundant and the
ratio of these redundant layers exceeds 50%! Inspired by the
shared experts concept in Mixture of Experts (MOE) (Jiang
et al. 2024), we aim to group the redundant attention lay-
ers into sparse shared attention blocks, where the redundant
cost can be reused. By allocating shared attention to decode
layers with similar attention patterns, we reduce attention
computations and the storage for KV cache.

Based on the above insights, we propose a novel layer-
wise inference acceleration framework in this paper. Specif-
ically, we decompose the decoding process into multiple
Lazy Block (LB), where adjacent layers exhibit highly sim-
ilar attention patterns. These layers are equipped with Lazy
Attention (LA) to inherit computation results from previ-
ous layers, thereby reducing redundancy in the current at-
tention calculations. Furthermore, we introduce Q Cache, a
novel dynamic caching mechanism that enables the reuse of
queries in LA. Due to the distribution gap between text and
visual modalities, we propose two distinct granularity modes
for LA: Global Lazy Attention (GLA) and Visual Lazy At-
tention (VLA) that are applied to all tokens and visual to-
kens, respectively. Based on LA and Q cache, layers within
a LB share a portion of the K cache, effectively reducing
the KV cache memory budget. Additionally, our layer-wise
approach is orthogonal to existing token-wise methods, al-
lowing for seamless integration of both techniques in sce-
narios with extreme resource constraints. Extensive experi-
ments demonstrate that our method significantly reduces the
model’s FLOPs, parameters, KV cache memory footprint
and latency, enhancing the throughput with minimal perfor-
mance degradation. In summary, our main contributions can

be outlined as follows:

• We perform an in-depth investigation of attention mech-
anisms in MLLMs, uncovering that the attention patterns
between adjacent layers are highly similar and attention
in over 50% layers is invalid. Based on this insight, we
present a novel layer-wise acceleration framework to re-
move the potential redundancy, which is orthogonal to
the existing token-wise optimization scheme.

• We propose Lazy Attention, a novel and efficient atten-
tion mechanism that encourages the model to share the
attention across adjacent layers.

• We introduce Q Cache a novel dynamic cache that al-
lows queries to be reused in Lazy Attention. It is a low-
overhead caching mechanism that is fully compatible
with both KV cache and Flash Attention.

• We validate the effectiveness of our method over existing
methods and quantify the impact of specific components
across a wide range of multimodal datasets. It can simul-
taneously reduces KV cache memory, FLOPs and latency
of MLLMs, while achieves a 1.5× increase in throughput
with negligible impact on accuracy.

Related Work
Projector-based Token Compression. Due to the cumber-
some nature of visual tokens, several prior methods have
endeavored to compress visual information by devising a
variety of intricate projectors situated between the vision
encoder and LLM component(Liu et al. 2024a,b,c; Lin
et al. 2023). Cross-attention based method such as Resam-
pler (Alayrac et al. 2022), Q-former (Li et al. 2023a) and
Video-LLaMA (Zhang, Li, and Bing 2023) introduce a few
learnable tokens to represent visual content. Convolutions
combined method Honeybee (Cha et al. 2024) leverage
traditional convolutional operations to aggregate visual
features. Naive downsample method DeCo (Yao et al.
2024) uses 2D adaptive average pooling to merge visual
patch. Tokenpacker (Li et al. 2024) and M3 (Cai et al.
2024) utilize downsampling to capture multi-granularity
feature maps. These existing methods predominantly
focus on token-wise redundancy and frequently introduce
additional parameters that necessitate fine-tuning. In
contrast, our method specifically targets layer-wise redun-
dancy without the introduction of any additional parameters.

Visual Token Pruning. Under the train-free paradigm, vi-
sual token pruning in multimodal models can be categorized
into two routes: Before LLM (Shang et al. 2024; Arif et al.
2024; Liu et al. 2024d) and In LLM (Chen et al. 2024;
Lin et al. 2024; Zhang et al. 2024; Zhuang et al. 2024).
These methods pick tokens through the attention mechanism
within transformer (Vaswani et al. 2017; Dosovitskiy et al.
2020) and then prune or merge the non-critical tokens (Xing
et al. 2024; Tu et al. 2024; Shi et al. 2023; Bolya et al. 2022).
For the former route, LLaVA-Prumerge (Shang et al. 2024)
and HiRED (Arif et al. 2024) adaptively prune visual tokens
in vision encoder (Dosovitskiy et al. 2020; Radford et al.
2021), but ignoring the modal interactions between text and
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Figure 3: The diagram of the entire framework. Left: The optimized LLM component within a MLLM. It consists of several
standard decode layers and multiple custom lazy blocks. Each lazy block contains one regular decode layer along with several
lazy attention layers. Right: The internal structure of a lazy block. The distinctive characteristic of the lazy attention layer lies
in its replacement of the naive attention with lazy attention (Global Lazy Attention or Visual Lazy Attention), which directly
utilizes the queries and keys from the first decode layer within the block. To avoid the full computation typically associated
with naive attention, the lazy attention focuses on eliminating redundant computations. This design helps to optimize memory
cost while managing computational complexity effectively.

images. The latter category (In LLM) aims to evict visual to-
kens in decode layers of LLM component. FastV (Chen et al.
2024) and VTW (Lin et al. 2024) prune visual tokens once
at shallow and deep layers, respectively. SparseVLM (Zhang
et al. 2024), ST3 (Zhuang et al. 2024) and PyramidDrop
(Xing et al. 2024) progressively discards visual tokens as
the layers deepen. Furthermore, VL-Cache (Tu et al. 2024)
find that dynamic pruning ratio at each layer is more rea-
sonable. These methods often lack direct compatibility with
flash-attention (Dao et al. 2022; Dao 2023) due to their de-
pendence on attention maps. Similar to projector-based ap-
proaches, their insights into redundancy in attention compu-
tations are primarily confined to a token-wise perspective.

Method
Preliminary
Review on Attention. The inference of MLLMs is primarily
divided into two phases: the prefilling phase and the decod-
ing phase. Precisely, the self-attention computation at l-th
decode layer in prefilling can be formulated by:

Ql = XlWl
Q; Kl = XlWl

K; Vl = XlWl
V,

Al = Softmax
(
Ql(Kl)T +M√

D

)
; Ol = AlVl,

(1)

where Xl refers to the input of the l-th layer, including text
and visual tokens; Wl

Q, Wl
K and Wl

V are linear projector
for query, key and value; Al denotes a lower triangular at-
tention matrix and Ol means the output of this layer. In this
phase, Kl and Vl will be stored in the KV cache.

In the decoding phase, the previous keys and values will
be loaded from KV cache for self-attention calculations:

Ql = xlWl
Q;Kl = [Kl,xlWl

K];Vl = [V l,xlWl
V],

Al = Softmax
(
Ql(Kl)T√

D

)
; Ol = AlVl,

(2)

where xl denotes the generated text token as the input to-
ken; Kl, V l are KV cache for l-th layer; [·, ·] represents con-
catenation operation. For clarity, the following illustration
describes single-head self-attention. In the subsequent im-
plementation, we average results across all attention heads.
Overview. Figure 3 illustrates the overview of our method.
We first aggregate decode layers with high attention similar-
ity into a single lazy block upon the attention distributions
between adjacent layers. Each lazy block consists of a con-
ventional decode layer and several lazy attention layers. Un-
like naive attention, lazy attention avoids redundant attention
computations by utilizing shared Q and K cache. The right
shows two modes of lazy attention, while in implementation,
the model will be optimized by only one mode.

Lazy Attention
To aggregate the adjacent decode layers with high attention
similarity into a lazy block, we first need to empirically an-
alyze the attention distributions across all layers. However,
extracting the full attention matrix for analysis is expensive.
Thus, we utilize the last row al of the attention matrix Al to
compute the layer-wise similarity of attention, as the last to-
ken can capture the attention scores with all previous tokens
(Chen et al. 2024; Oren et al. 2024). Specifically, we ex-
amine the similarity of layer-wise attention across N input
samples. The attention similarity between any two distinct
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Figure 4: A comprehensive visualization of the Q, K, V and caches in each layer of the lazy block in the prefilling and decoding
stage under two modes. Tokens bounded by dashed lines indicate that they are not computed by the current layer or are not
retained in the KV cache of this layer. The red dashed box highlights the main differences between GLA and VLA.

layers lm and ln can be quantified by the Jensen-Shannon
(JS) divergence (Menendez et al. 1997):

S(lm, ln) =
1

N

N∑
i

JS(almi ,alni ),

JS(almi ,alni ) =
1

2

[
KL(almi ||m) + KL(aln

i ||m)

]
,

(3)

where m = (almi + alni )/2 is the mean distribution, and
KL(·||·) denotes the Kullback-Leibler (KL) divergence. We
adopt the Jensen-Shannon divergence for its symmetry and
boundedness properties, which ensure a more stable and re-
liable pattern determination.

Empirical analysis indicates that the adjacent decode lay-
ers in MLLMs exhibit high attention similarity as shown in
Figure 2. This intriguing phenomenon inspires us to explore
new approaches in model optimization from a layer-wise
perspective. We intuitively believe that these adjacent de-
code layers can share all or part of attention pattern.

After obtaining the attention similarity between layers,
we aggregate adjacent layers with high similarity into “Lazy
Block” B ∈ {lc, lc+1, ..., lc+n}, as the following formula:

S(li, li+1) < ϵ ∀li ∈ B, (4)

where 0 < ϵ ≤ 1 is a hyper-parameter. Here we set a thresh-
old to limit the size of blocks B, ensuring that attention is
shared only among every small ranges of adjacent layers.
This approach prevents the accumulating errors introduced
by the diminishing attention similarity between distant lay-
ers. We conduct experiments on several MLLMs and find
that the proportion of lazy attention layers in their LLM de-
coder layers exceeds 50%. The attention mechanism within
the lazy attention layers is termed as “Lazy Attention”. We
categorize it into two distinct modes Global Lazy Attention
(GLA) and Visual Lazy Attention (VLA): GLA shares all
attention pattern while VLA shares visual pattern.

We tailor a sharing strategy for lazy attention within each
block: except for the first decode layer lc, subsequent lazy
attention share its attention patterns. Given the attention ma-

trix is computed by Q and K, we directly implement shar-
ing strategy on them. The benefit is its seamless compatibil-
ity with existing inference frameworks, including KV cache
and flash attention. We then define the Q Cache Q = Qlc , a
dynamic shared cache that updates as the block changes.

Q Cache
In this section, we discuss the usage of Q Cache in GLA and
VLA modes, and its integration with KV Cache. Following
formula outlines the complete pipeline of Q Cache within
lazy attention for li-th layer in a block (i ∈ [c+1, c+n]. We
decompose this process into prefilling and decoding stages
as the query is a single text token and does not include visual
tokens during the decoding phase):
GLA (Prefilling):

Qli = Q; Kli = Klc ; Vli = XliWli
V (5)

GLA (Decoding):

Qli = Q; Kli = Klc ; Vli = [V li ,xliWli
V] (6)

Under the GLA mode, all layers within the block share the
Q cache Q and K cache Klc corresponding to all tokens,
while value V will be computed as normal at each layer.
GLA completely eliminates the computation of the query
and key mappings, as well as the storage of all K caches in
lazy attention layers within a block.
VLA (Prefilling):

Qli =

[
Xli

[T ]W
li
Q,Q[V ]

]
; Kli =

[
Xli

[T ]W
li
K,Klc

[V ]

]
Vli = XliWli

V,

(7)

VLA (Decoding):

Qli = xliWli
Q; Kli =

[
Kli

[T ],K
lc
[V ],x

liWli
K

]
Vli =

[
V li ,xliWli

V

]
,

(8)

where Xli
[T ] means all text tokens in the input sequence of

layer li. Here we simplify the actual positions of text and
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visuals tokens by representing them through concatenation.
Q[V ] is visual part in Q cache; K[T ], K[V ] represent the text
and visual cache in K cache. Different from GLA, VLA is a
more fine-grained mode that retains the mapping operations
of text tokens in query and key while sharing the visual parts
of the Q cache and K cache. The rationale behind this design
is that the number of visual tokens is often much larger than
that of text tokens in MLLMs. Therefore, sharing attention
only for visual tokens can yield significant cost savings. We
implement both GLA and VLA and present a comprehensive
analysis on their effectiveness.

Efficiency Analysis
KV Cache. Our method is compatible with KV cache
(Pope et al. 2023) and can save a significant KV cache
memory. Given layers lc+1 ∼ lc+n load Kli from Klc ,
these layers do not need to store the complete KV cache.
This rule is valid regardless of whether GLA or VLA is
used. Let’s define the entire LLM component includes N
decoder layers and n lazy attention layers. For GLA, the
overall savings rate of the KV cache is n

2N ; as for VLA,
the savings rate is |V |

|V |+|T | ·
n
2N since the number of visual

tokens is significantly greater than that of text (|V | ≫ |T |),
text cache retained in VLA can be considered negligible
and n

2N ≈ |V |
|V |+|T | · n

2N . Here, we neglect the memory
overhead of the Q cache as its proportion is only 1

2N . Figure
4 illustrates the KV cache flow in inference for a more
intuitive understanding.
FLOPs and Latency. Both GLA and VLA can re-
duce FLOPs and latency, as some linear computations
in the attention mechanism are omitted. If the FLOPs
of a linear projector in the attention mechanism ac-
counts for β% of the total FLOPS of the model, then
GLA and VLA can save approximately 2n · β% and

|V |
|V |+|T | · 2n · β% of the computational cost, respectively.
Due to |V | ≫ |T |, these two quantities are approximately
equal, i.e., 2n · β% ≈ |V |

|V |+|T | · 2n · β%.

Experiments
Main Results
Comparison on other methods. In Table 1, we present a
comparison of our method with existing MLLM acceler-
ation optimization methods across distinct sizes and ver-
sions of the LLaVA. Our method VLA, maintains rela-
tively stable performance across almost all datasets com-
pared to the vanilla model and outperforms existing token-
wise methods in most datasets. Notably, on fine-grained
understanding datasets (GQA, TextVQA, COCO, NoCaps,
Flickr30K), most token-wise methods experience signifi-
cant performance degradation, especially in image caption-
ing tasks (COCO, NoCaps, Flickr30K). This result indicates
that existing token pruning methods may be unreasonable
to use FLOPs and token budgets as efficiency metrics in
the prefilling phase, which compromises the integrity of the
KV cache and leads to failures in long text generation tasks,

Figure 5: The benefits of GLA and VLA over the Vanilla
LLaVA-NEXT-7B model in parameters, KV cache, max
batchsize and throughput in decoding phase.

e.g., image captioning. In contrast, our layer-wise method is
token-preserving. It reduces inter-layer attention redundancy
by introducing the Q cache, allowing the KV cache to be
reused across similar layers. This approach cleverly avoids
the issue of context loss. Another intriguing phenomenon is
that GLA method consistently lags behind VLA across al-
most all evaluations. Intuitively, we believe this is because
the distribution gap between visual attention and text atten-
tion. We provide a detailed analysis of the underlying rea-
sons for this result in Section Analysis. In summary, our
VLA can significantly reduce the KV cache footprint of the
model with minimal performance degradation. Unless oth-
erwise stated, the following experimental sections are con-
ducted in VLA.
Compatibility. A major advantage of our method lies in its
focus on layer-wise attention redundancy, making it com-
patible with existing token-wise optimizing approaches (two
methods can be combined effectively). Table 2 presents the
results on the combination of VLA and FastV (Chen et al.
2024). Upon the VLA, FastV only brings a 1%-2% loss in
varied performance metrics, which is consistent with obser-
vations from token pruning on LLaVA in Table 1. This in-
dicates that our technique is orthogonal to the token-wise
optimizing route. The model optimized by Q cache and lazy
attention can serve as a foundation, replacing the original
MLLM, and support pruning or quantization techniques.
Efficiency Evaluation. As shown in Table 3, we measure
the model’s FLOPs and latency in the prefilling phase, as
well as the KV cache footprint under batchsize=1. Except
the parameters metric of VLA, other metrics demonstrate
significant improvements compared to the Vanilla model.
Figure 5 demonstrates the benefits of GLA and VLA over
LLaVA-NEXT-7B on a single 80GB A100 GPU. With an in-
put length of 2048, the maximum batch size increases from
21 to 32, due to the reduction in KV cache memory. Over-
all, GLA and VLA save 35% KV cache memory, while
achieving 1.6× and 1.5× throughput, respectively.

Sanity Check
Random Layers Fail in Performance. We conduct a va-
lidity test on our method by constructing lazy blocks via
attention similarity. Specifically, we construct lazy blocks
by grouping adjacent decode layers with random selection.
For a fair comparison, we keep the number of lazy blocks
and lazy layers consistent across both methods. Utilizing the
attention similarity metric to construct lazy blocks, signifi-
cantly outperformed the random selection method on both
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Methods GQA↑ VQA↑ TextVQA↑ VizWiz↑ AI2D↑ SQA↑ MMMU↑ MMB↑ POPE↑ COCO↑ Nocaps↑ Flickr30K↑
LLaVA-v1.5-7B 61.94 76.64 46.10 54.38 55.25 69.51 35.30 64.09 85.13 110.43 105.53 74.89
FastV (ECCV24) 60.32 75.86 45.52 54.47 55.24 68.72 35.00 63.81 84.97 110.48 105.31 74.67
VTW (AAAI25) 55.14 66.28 16.08 51.00 55.30 69.30 36.10 63.92 85.10 67.22 95.78 40.69
HiRED (AAAI25) 59.42 75.54 45.60 53.55 52.85 68.12 36.10 63.57 84.99 102.27 100.10 72.86
PruMerge+ (ICCV25) 57.39 72.77 39.55 54.50 54.18 69.36 36.30 61.43 84.09 102.96 99.69 70.17
SparseVLM (ICML25) 57.24 73.21 42.65 54.39 54.92 69.01 35.10 64.00 84.88 103.69 98.88 69.89
GLA (Ours) 61.96 76.06 42.21 53.43 52.89 66.46 30.30 60.62 84.02 105.75 100.35 70.74
VLA (Ours) 61.93 76.38 45.70 54.58 54.98 69.43 36.80 64.88 85.13 110.51 105.60 74.36

LLaVA-v1.5-13B 63.28 78.19 48.69 56.61 59.26 72.78 34.90 68.81 85.66 115.55 109.31 79.56
FastV (ECCV24) 62.62 77.66 48.32 56.47 58.84 72.88 33.90 68.30 85.26 115.51 108.83 79.48
VTW (AAAI25) 60.61 75.34 34.25 55.11 59.22 72.68 34.80 68.41 85.71 101.97 96.31 65.80
HiRED (AAAI25) 59.69 76.63 47.92 55.10 55.73 72.34 34.90 67.18 85.58 107.80 104.46 78.00
PruMerge+ (ICCV25) 58.16 73.89 41.57 55.81 57.93 73.07 34.80 65.21 85.32 105.11 101.05 71.13
SparseVLM (ICML25) 58.69 74.92 45.32 56.46 57.16 72.77 34.90 67.53 85.48 109.52 103.97 75.33
GLA (Ours) 62.98 77.77 44.14 55.90 56.42 70.06 31.70 65.15 84.53 110.84 103.67 76.10
VLA (Ours) 63.31 78.03 47.83 57.42 59.19 72.55 34.90 68.61 85.73 115.44 108.53 79.54

LLaVA-NEXT-7B 64.24 79.89 64.86 60.66 65.25 70.15 35.40 67.10 86.40 99.87 88.37 68.47
FastV (ECCV24) 63.87 79.63 63.79 60.19 65.02 69.11 35.10 66.31 85.98 98.54 86.48 67.18
VTW (AAAI25) 55.84 68.45 18.88 55.07 65.21 69.91 35.20 66.92 86.21 82.50 43.76 57.81
HiRED (AAAI25) 61.82 78.51 63.65 59.71 62.77 68.74 35.40 66.96 86.01 93.79 84.28 65.41
PruMerge+ (ICCV25) 60.45 76.73 57.65 60.35 63.80 69.00 35.50 64.62 85.87 94.11 83.72 64.29
SparseVLM (ICML25) 59.86 76.50 60.00 60.40 65.21 69.78 35.10 66.44 85.53 94.71 82.80 63.22
GLA (Ours) 63.55 79.27 60.11 58.79 62.23 66.40 32.30 64.56 85.00 94.48 81.99 63.81
VLA (Ours) 64.12 79.65 63.66 60.24 64.37 69.55 35.80 67.02 86.30 99.17 86.36 67.42

LLaVA-NEXT-13B 65.43 80.93 67.12 63.56 70.27 73.57 36.10 69.33 86.10 101.93 88.18 66.70
FastV (ECCV24) 64.79 80.72 66.00 63.25 69.95 72.98 35.90 68.47 85.90 101.29 87.86 66.13
VTW (AAAI25) 61.47 77.01 43.27 58.50 70.12 72.47 35.30 68.94 86.01 86.86 43.26 56.52
HiRED (AAAI25) 60.72 78.22 65.96 62.76 67.08 72.16 35.90 68.04 85.83 96.09 85.27 64.41
PruMerge+ (ICCV25) 59.66 75.58 59.30 62.66 68.70 73.41 35.80 65.80 85.55 93.72 81.52 59.93
SparseVLM (ICML25) 60.01 76.99 63.72 63.40 68.09 73.23 36.00 68.51 85.77 97.61 84.87 62.18
GLA (Ours) 64.61 79.30 62.49 62.56 67.24 71.11 34.80 65.80 85.03 96.83 83.25 63.20
VLA (Ours) 65.33 80.85 65.26 63.51 69.17 72.36 36.10 69.01 86.10 101.91 87.77 66.29

Table 1: Comparison of existing token-wise optimizing method on MLLMs on various datasets. SQA means the ScienceQA-
IMG (Lu et al. 2022) subset. MMB denotes the english subset of MMBench (Liu et al. 2023). VQA, TextVQA, VizWiz are
validation subset of VQAv2 (Goyal et al. 2017), TexTVQA (Singh et al. 2019), VizWiz (Bigham et al. 2010). COCO and Nocaps
represent validation split in the datastes COCO2017 caption (Chen et al. 2015) and Nocaps (Agrawal et al. 2019). Flickr30K
is the test split in its original dataset (Plummer et al. 2015). GQA (Hudson and Manning 2019), AI2D (Kembhavi et al. 2016),
MMMU (Yue et al. 2024) and POPE (Li et al. 2023b) are full dataset. The best results are in bold.

Method TextVQA↑ AI2D↑ SQA↑ MMMU↑ MMB↑ COCO↑
VLA 45.70 54.98 69.43 36.80 64.88 110.51
with FastV 44.13 53.72 69.56 35.60 65.17 109.83

Table 2: Examination on combination of our method and
token-wise pruning method FastV with LLaVA-v1.5-7B.

Method FLOPs (T) Latency (ms) Params (B) KV Cache (GB)
Vanilla 30.88 142.60 6.76 1.01
GLA 18.17 ↓ 40.9% 66.79 ↓ 53.2% 5.98 ↓ 11.5% 0.35 ↓ 65.0%
VLA 18.49 ↓ 40.1% 67.21 ↓ 52.9% 6.76 0.36 ↓ 64.0%

Table 3: Efficency test on LLaVA-NEXT-7B combined with
FastV in prefilling phase.

LLaVA-v1.5-7B/13B in 6 datasets. As shown in Figure 6,
the experiment demonstrates that the high similarity of at-
tention is the primary factor contributing to the model’s per-
formance retention by the VLA.

Figure 6: Comparison of random selection and attention
similarity metric on partial datasets.

Analysis
Why VLA is Better than GLA. To reveal the reason for that
VLA performing better than GLA, we conduct a more gran-
ular analysis of attention in the decode layers. Specifically,
we decompose attention into visual attention and text atten-
tion, visualizing their distributions across layers. As shown
in Figure 7, our findings are as follows:
Finding1: Some text tokens that lack actual significance re-
ceive a majority of the attention scores, and these positions
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Figure 7: Cross-layer visualization of text and visual tokens.
For a clearer presentation, average pooling was applied to
the visual tokens. The adjacent layers with a high attention
similarity are highlighted with dashed bounding boxes.

remain consistent across all layers. It explains the reason
for the low JS Divergence between most adjacent layers in
Figure 2 — the presence of these unusually high attention
tokens dominates the computation results.
Finding2: The attention of meaningful text (instruction to-
kens) shows larger variation across layers. Combined with
Finding1, we infer that JS Divergence can be somewhat mis-
leading, causing certain layers to incorrectly reuse text atten-
tion that have low similarity. We believe this is the underly-
ing principle behind the poor performance of GLA.
Finding3: The attention scores on visual tokens are sig-
nificantly lower than those of text tokens, while exhibiting
higher inter-layer similarity. This can explain why VLA
achieves more stable performance, as VLA merely inherits
visual components from the preceding layers. Since visual
attention has higher inter-layer similarity and constitutes a
smaller proportion of the total attention, applying lazy at-
tention on visual tokens has a less impact on the output.
Attention Similarity in LLMs. We conduct an attention
analysis in the pure text on the LLMs (Chiang et al. 2023;
Grattafiori et al. 2024; Yang et al. 2024; Dong et al. 2024) to
help us understand the reasons behind the aforementioned
phenomenon in MLLMs. From Figure 8 (values are cal-
culated by ln2 − S(lm, ln)), lazy blocks are present across
different LLMs with varied distribution. This suggests that
inter-layer attention redundancy is a widespread occurrence.
Notably, the patterns exhibited in Vicuna are almost identi-
cal to those in LLaVA (see Figure 2), as the first two layers
and the last layer exhibit lower similarity compared to the
other layers, which further solidifies our claim that the lazy
characteristics of a MLLM are inherited from its LLM.
Lazy Instruction Tuning. Based on the above findings,
we boldly hypothesize that we can directly implement our
method on a LLM that has not undergone vision-text fine-
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Figure 8: Attention scores similarity across all layers in
LLMs. A large value means high similarity. It indicates that
adjacent layers have more similar attention patterns.

LLM TextVQA↑ AI2D↑ SQA↑ MMMU↑ MMB↑ COCO↑
Vicuna † 45.70 54.98 69.43 36.80 64.88 110.51
Vicuna ‡ 45.12 54.95 69.06 37.00 65.38 109.03

Table 4: Comparison on weights of LLM component within
LLaVA-v1.5-7B. “†” means applying our method for post-
training on the Vicuna within a pre-trained LLaVA. “‡” de-
notes directly developing our method on Vicuna for LLaVA
instruction tuning.

tuning. During the second stage of fine-tuning the LLaVA
model (instruction tuning phase), we introduce Q cache and
lazy attention on the Vicuna model. As in Table 4, the re-
sults of fine-tuning the original Vicuna weights directly are
comparable to the default method, further validating our ob-
servations regarding LLMs in the previous section. This out-
come inspires us to adopt Q cache and lazy attention meth-
ods during the instruction tuning phase, thereby avoiding the
overhead associated with post-training.

Conclusion
This paper presents a novel cross-layer shared cache and a
memory-friendly attention mechanism. We first dive into at-
tention properties within MLLMs and discover that visual
attention in the majority of decode layers is redundant. Mo-
tivated by this insight, we propose Q cache and lazy at-
tention, which significantly reduces the KV cache memory
footprint without compromising accuracy. Furthermore, we
conduct an in-depth analysis of the attention redundancy
phenomenon in MLLMs, positing that this characteristic of
lethargy is inherited from pre-trained LLMs. We hope this
work can provide inspiration for designing fancy cache and
instruction tuning techniques, sparking greater efforts from
the research community dedicated to enhancing our under-
standing of intriguing phenomena exhibited by MLLMs.
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