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Abstract

In this work, we propose an extreme compression tech-
nique for Large Multimodal Models (LMMs). While previ-
ous studies have explored quantization as an efficient post-
training compression method for Large Language Models
(LLMs), low-bit compression for multimodal models re-
mains under-explored. The redundant nature of inputs in
multimodal models results in a highly sparse attention ma-
trix. We theoretically and experimentally demonstrate that
the attention matrix’s sparsity bounds the compression er-
ror of the Query and Key weight matrices. Based on this, we
introduce CASP, a model compression technique for LMMs.
Our approach performs a data-aware low-rank decompo-
sition on the Query and Key weight matrix, followed by
quantization across all layers based on an optimal bit al-
location process. CASP is compatible with any quantiza-
tion technique and enhances state-of-the-art 2-bit quantiza-
tion methods (AQLM and QuIP#) by an average of 21% on
image- and video-language benchmarks. The code is avail-
able here1.

1. Introduction

Large multimodal Models (LMMs) have garnered signifi-
cant attention in recent years due to their impressive per-
formance in image- and video-language comprehension.
Despite their substantial applications, LMMs are compu-
tationally expensive, which limits their broader use. For
instance, 70B models like LLaVa-Onevision [20] require
140GB of GPU memory to operate at 16-bit precision.
Moreover, the inference of LMMs requires significant elec-
tricity consumption, which raises concerns about environ-
mentally friendly AI [40]. To address this problem, com-
pression techniques such as knowledge distillation [12, 14],
quantization [7, 8, 22], and low-rank factorization [41, 47]
have been proposed.

Recent studies predominantly focus on compressing
large language models (LLMs), while the LMMs compres-

1https://github.com/vbdi/casp

Figure 1. CASP considers the specific properties of LMMs and
offers significant improvement over state-of-the-art model quanti-
zation methods. PPL: perplexity.

sion remains less explored. Although LLM compression
techniques can be applied to LMMs, there are fundamental
differences between the two. Popular LMMs convert visual
modalities into hundreds to thousands of tokens, which are
then concatenated with text tokens and fed to an underlying
LLM. Unlike textual data, multimodal inputs are typically
highly redundant. This redundancy is reflected in the at-
tention layers, which can effectively be considered during
LMMs compression.

Fig. 2 illustrates the attention maps of LLaVa-Next-
Video-7B compared to Llama2-7B for the same layer (i.e.,
layer 15). Despite LLaVa-Next-Video-7B utilizing Llama2-
7B as its underlying LLM, the attention of the two mod-
els differs significantly. This observation raises two under-
explored questions: 1) How do the activations and atten-
tions of LMMs differ from those of LLMs? 2) What insights
should be considered to optimize LMMs compression?

In LMMs, visual tokens typically receive much less at-
tention compared to text tokens. For example, in LLaVa-1.5
[24], vision tokens approximately receive ten times less at-
tention compared with text tokens. This disparity is even
more pronounced in LLaVa-Next-Video with greater num-
ber of visual tokens. The cumulative attention on text tokens
leads to a sparse attention map (Fig. 2). We hypothesize

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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that the sparse attention maps can be recovered by smaller
attention weights, allowing for low-bit compression. This
phenomenon is well-documented in the compressed sens-
ing literature [1, 5], which shows that through optimization,
a signal’s sparsity can be leveraged to reconstruct it from far
fewer samples than those required by the Nyquist–Shannon
sampling theorem. While our problem differs from those
addressed in compressed sensing, it is closely related.

In addition, although existing post-training model com-
pression methods nearly match the original model’s perfor-
mance with up to 3-bit precision, lower bits (e.g., 2 bits)
result in a significant accuracy drop. This effect remains an
open problem for both LLMs and LMMs. AQLM [7] and
QuIP# [38] are state-of-the-art techniques for 2-bit LLM
quantization, but they both rely on time-consuming fine-
tuning to restore the performance of compressed models.
For instance, quantizing a 70B model with AQLM can take
10-14 days. In this paper, we tackle this issue with a fine-
tuning-free, post-training model compression approach for
LMMs in the low-bit precision scenario. To the best of our
knowledge, this is the first study to explore 2-bit LMM com-
pression.

Specifically, we propose CASP, a model Compression
method for LMMs based on Attention SParsity. Motivated
by our empirical observations, we theoretically show that
the compression error of the attention weights (Wq and Wk

in Eq. 1) is bounded by the sparsity of the attention maps.
This implies that with sparser maps, greater compression of
the attention weights can be achieved with negligible per-
formance drop. Consequently, we introduce a joint quan-
tization and low-rank decomposition technique that com-
presses the attention weights to 6% of their original size,
equivalent to 1 bit. Initially, we perform low-rank decom-
position on the attention weight matrices. Following this,
we propose an optimal bit allocation strategy for each layer
in the model to assign more bits to critical layers so that an
average target bit rate can be achieved. Our method is or-
thogonal to any quantization technique. CASP significantly
enhances the performance of state-of-the-art 2-bit quanti-
zation methods, including AQLM and QuIP#, by an aver-
age of 35% and 7% on different image- and video-language
benchmarks. Additionally, we demonstrate that CASP can
be applied to LLMs, improving AQLM and QuIP# by an
average of 11% and 2.7% on language-only benchmarks.

Contributions. Our major contributions are as follows:
1. Providing both theoretical and experimental insights

showing the compression error of the attention weight
matrices is bounded by the attention maps sparsity.

2. Proposing CASP, a novel low-bit LMM compression
method based on attention sparsity.

3. CASP is a finetuning-free approach, that is compatible
with any quantization method and also applicable to both
LMMs and LLMs.

4. Validating CASP’s performance across a wide range
of image-language, video-language, and language-only
benchmarks using 5 different LMMs and LLMs, achiev-
ing state-of-the-art results.

2. Related Works
LLM compression methods fall into two main categories:
training-aware and post-training. Training-aware methods,
like quantization aware training (QAT) [32, 43], integrate
quantization with network training, making models more
suitable for quantization. However, due to the high time
and computational costs of training modern LLMs, these
methods are less favored. Post-training compression meth-
ods are more practical as they compress pre-trained models
in one-shot without additional training [6, 8, 21, 27, 38, 41].

In post-training LLM compression, the main methods
are quantization [2, 6, 8, 38], pruning [8, 27], knowledge
distillation [13, 16], and low-rank decomposition [17, 21,
41, 47]. Post-training quantization (PTQ) is particularly no-
table for its efficiency, as it quantizes network parameters
after training, requiring less computation than quantization
aware training (QAT) while still achieving competitive per-
formance [6, 38].

Early works on PTQ existed before the rise of
LLMs [11, 31]. Initial PTQ methods for LLMs used
round-to-nearest projections, adjustable for different mem-
ory/accuracy needs [4, 34, 45]. GPTQ [8] introduced a
data-aware approach, minimizing l2 errors on a calibration
dataset for each network layer using a large-scale solver.
Recent methods like QuIP [2] and QuIP# [38] use a two-
step PTQ process involving weight smoothing and subse-
quently mapping weights onto a lattice codebook. AQLM
[6], similar to QuIP, uses a data-driven codebook but with
additive weight encoding and omitting the smoothing step.
PTQ has not yet been applied to LMMs, which will be ad-
dressed by our proposed solution.

Another post-training model compression method is
low-rank decomposition, such as singular value decomposi-
tion (SVD), which approximates matrices with lower-rank
matrices to compress the model [17, 21, 41, 47]. Despite
its potential, SVD for LLM compression is relatively un-
explored. ASVD [47] was one of the first approaches but
suffered from performance degradation at high compression
ratios. SVD-LLM [41] improved model accuracy at high
compression by using a data whitening strategy to account
for the impact of each singular value on the compression
loss. MoDeGPT [21] uses a different strategy by group-
ing matrices into larger modules and applying 3 types of
module-dependent matrix approximations. Despite these
initial efforts, it appears that such methods have not been
considered for LMMs.

The literature has mainly focused on applying single
post-training compression methods to pre-trained LLMs.
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Figure 2. Left column: Comparison of LLaVa-Next-Video-7B and Llama2-7B attention maps (S in Eq. 1) at Layer 15 . Despite LLaVa-
Next-Video using Llama2 as its base LLM, there is a notable difference in their maps, with LLaVa showing high sparsity. Middle column:
Attention maps when Wq and Wk (i.e., attention weights) are 94% compressed (equivalent to 1 bit). Right column: Compression errors
(E in Eq. 3). The sparsity in LLaVa’s map results in smaller errors when compressing Wq and Wk.

However, pruning, quantization, and low-rank decomposi-
tion can be combined. LQ-LoRA [15] is a recent work that
combines these strategies by performing matrix decompo-
sition to create a high precision low-rank component and a
memory-efficient quantized component. No prior work has
applied PTQ, low-rank decomposition, or their combination
to LMMs, which is the focus of our proposed approach.

3. Method

In this section, we first describe the attention mechanism,
its sparsity, and low-rank features, which motivate us to
perform low-rank decomposition on the attention weights.
Following that, we prove the theorem that the compression
error is bounded by the attention map sparsity. Next, we ex-
plain the low-bit quantization process as the second phase
of our method, followed by a proof showing that our bit
allocation is optimal.

3.1. Attention Weights Compression

The scaled-dot-product (SDP) attention in transformer-
based models [39] operates on queries Q = XWq ∈ RN×d

and keys K = XWk ∈ RN×d, where X represents the
input activations from the previous layer, Wq and Wk are
the model weights, d is the hidden dimension, and N is the
number of tokens. The attention maps are then defined as:

S = Softmax
(
XWqW

⊤
k X⊤

√
d

)
= Softmax(Y ), (1)

where S ∈ RN×N . This operation has three specific criteria
that are crucial in the context of LMM compression. First,
unlike other weight matrices in transformers (such as those
in MLPs, attention-value, and attention-output layers), Wq

and Wk exhibit a highly low-rank structure [47]. Second,
while activation outputs in transformers are generally not
sparse, the attention map S, representing the activation out-
put of the layer, is sparse. Third, the sparsity of S is even
more pronounced in LMMs because vision tokens receive
significantly less attention.

Given the above motivations, we perform a data-aware
low-rank decomposition on Wq and Wk to obtain two low-
rank weight matrices W ′

q = AqBq and W ′
k = AkBk. First,

following [41], we compute the covariance matrix C of
the calibration data and perform Cholesky decomposition
to obtain the lower triangular matrix L. The whitening ma-
trix A is then derived as L−1. By applying A to the cali-
bration data, we transform the data into a whitened space.
Subsequently, we perform low-rank decomposition on the
whitened data to obtain W ′. The approximated attention
map is then calculated as:

S′ = Softmax

(
XW ′

qW
′⊤
k X

⊤
√
d

)
= Softmax(Y ′). (2)
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The error of the low-rank approximation is calculated us-
ing the Forbenius norm of the difference between the origi-
nal and approximated attention maps as follows:

E = ||S′ − S|| = ||Softmax(Y ′)− Softmax(Y )||. (3)

Let S denote the attention map sparsity, calculated as
the proportion of elements in S with values above a small
threshold η, divided by the total number of elements in S.
In the following theorem, we demonstrate that the attention
compression error is bounded by the sparsity of the attention
map. Consequently, the compression error decreases as the
attention map becomes sparser.

3.1.1 Theorem and Proof

Theorem 1. The compression error of the Wq and Wk (Eq.
3) is bounded by the sparsity of the attention map S (Eq. 1).
Proof. The compression error can be written as:

E = ∥Softmax(Y + δY )− Softmax(Y )∥, (4)

where Y, δY ∈ RN×N and ∥·∥ denotes the Frobenius norm.
Since Softmax is applied to each row of Y independently,
we can write the above equation as:

E =

N∑
i=1

∥Softmax(Yi + δYi)− Softmax(Yi)∥, (5)

where Yi ∈ RN×1 and δYi ∈ RN×1 are the ith row of Yi

and δYi, respectively. The difference between the Softmax
of (Yi + δYi) and (Yi) can be approximated using a first-
order Taylor expansion around (Y ):

Softmax(Yi + δYi) ≈ Softmax(Yi) +∇Softmax(Yi) · δYi,
(6)

where ∇Softmax(Yi) ∈ RN×N is the Jacobian matrix of
the Softmax function. Substituting this approximation into
Eq. 5, we get:

E =
∑

∥∇Softmax(Yi) · δYi∥+ ϵi. (7)

where ϵi represents the approximation error introduced by
the first-order Taylor expansion. This simplification shows
that E is approximately equal to the Frobenius norm of the
product between the Jacobian of the Softmax function and
the perturbation δYi. Given the above equation, we can de-
fine a lower bound for E:

E ≤
∑

∥∇Softmax(Yi)∥ · ∥δYi∥+ ϵi. (8)

The Jacobian matrix J = ∇Softmax(Yi) of the Softmax
function is an N ×N matrix where each element Jjm is the
partial derivative of the jth output with respect to the mth
input. The elements of the Jacobian are:

Jjm =
∂Softmax(Yi)j

∂zm
, (9)

Figure 3. Compression error E (Eq. 3) for LLaVa-Next-Video
and LLaVa1.5 decreases when the percentage of visual tokens in-
creases (i.e., more sparse attention map).

which can be expressed as:

Jjm = Softmax(Yi)j
(
δjk − Softmax(Yi)j

)
, (10)

where δjm is the Kronecker delta, which is 1 if j = m
and 0 otherwise. In matrix form, the Jacobian J can be
written as: J = diag(z) − zz⊤, where z = Softmax(Yi)
and diag(z) is a diagonal matrix with the elements of z on
the diagonal. Define the density D of Y as the proportion of
non-zero elements to the total number of elements, in which
case the norm of the Jacobian J can be approximated as:
||J || ≈ (1− 1

ND )2. Therefore, based on Eq. 8, we have:

E ≤(1− 1

ND
)2
∑

∥δYi∥+ ϵi

=⇒ E ≤(1− 1

ND
)2∥δY ∥+ ϵ.

(11)

Therefore, the upper bound of compression error E de-
creases as the density D decreases, which corresponds to
an increase in sparsity S. Note that the proof is intended to
be general and applies to any approximated attention map.
Moreover, in the context of low-rank compression, as the
sparsity of attention map increases (i.e., smaller D), we can
have lower ranks and truncate more eigenvalues from Wq

and Wk, while maintaining the same upper bound for E in
Eq. 11

Fig. 3 shows that sparser attention maps (i.e., higher ra-
tio of vision tokens) result in lower error E in both LLaVA-
Next-Video and LLaVA-1.5. This suggest that the empirical
evidence is aligned with the theoretical insight in Eq. 11.

3.2. Quantization with Optimal Bit Allocation

PTQ methods minimize the layer-wise reconstruction
||XW − XŴ ||, where Ŵ is the quantized weight matrix
and X is the activation. State-of-the-art low-bit PTQ meth-
ods [7, 38] use vector quantization and quantize a group of
g weights as a g dimensional vector. In n-bit vector quan-
tization, a vector is quantized to one of 2ng vectors in Rg ,
forming a 2ng × g codebook C [7, 38].
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As we compress the model by low-rank factorization of
Wq and Wk matrices, we can quantize important layers to
higher bits and obtain the same average quantization bits as
uniform quantization. We adopt the Block Influence score
[29] to measure the importance of each layer as:

sl = 1− E
X⊤

in Xout

||Xin||||Xout||
, (12)

where Xin/Xin are input/output activations of layer l.
We then try to maximize the sum of importance scores,
weighted by the number of parameters remaining in each
layer. To mitigate the adverse effects of excessive spar-
sity, we utilize entropic regularization to achieve smooth-
ing. The formulation of this constrained optimization prob-
lem is as follows:

max
b1:bL

L∑
l=1

slblpl + µ

L∑
l=1

H(bl), s.t.
1

P

L∑
l=1

blpl = Bavg,

(13)
where H(bl) = −bl log(bl) is the entropy, µ is the regu-
larization parameter, and L is the number of layers of the
model. bl and pl are the quantization bits and the number
of parameters after low-rank decomposition of lth layer of
the model. Also, P is the total number of parameter of the
original model and Bavg is the target required quantization
bit. The optimal layer bit distribution can be computed as:

bl =
1

pl
PBavg × Softmax(slpl/µ), (14)

3.2.1 Theorem and Proof

Theorem 2. Given the objective function in Eq. 13, the bit
allocation in Eq. 14 is optimal.
Proof. The Lagrangian for the constrained optimization
problem in Eq. 13 can be written as:

L(b, λ) =
L∑

l=1

(
slblpl + µH(bl)

)
+ λ

(
Bavg −

L∑
l=1

blpl
P

)
,

(15)
where λ is the Lagrange multiplier. To find the optimal bl,
we take the partial derivative of the Lagrangian with respect
to bl and set it to zero:

∂L
∂bl

= slpl − µ log(bl)− µ− λ
pl
P

= 0. (16)

Solving for bl:

bl = exp

(
slpl − µ− λpl

P

µ

)
. (17)

After substituting bl into the constraint in Eq. 13:

Bavg =

L∑
l=1

exp

(
slpl − µ− λpl

P

µ

)
pl
P
. (18)

Therefore, having Eq. 17 and 18, we can calculate bl by:

bl =
BavgP

pl
Softmax

(
slpl − µ− λpl

P

µ

)
. (19)

Since we used the same rank for the low-rank decom-
position of Wq and Wk in different layers, pl is constant.
As the Softmax function is invariant to adding constant val-
ues, we can simplify the above equation to bl =

PBavg

pl
×

Softmax(slpl/µ) that is given in Eq. 14.

4. Experiments
In this section, we analyze the performance of the proposed
method compared to baselines across different image-
language, video-language, and language-only models and
benchmarks. The ablation studies consider the effects of
the calibration dataset type, higher bit precision quantiza-
tion, optimal bit allocation, and also the impact of the ratio
of text vs. vision tokens.

4.1. Experimental Setting

Models. For the experiments on image-language bench-
marks, we use three different LMMs namely LLaVA1.5-
7B2 [24], LLaVA1.5-13B3, and LLaVA-Next-7B4 (i.e.,
LLaVA1.6-7B) [23]. We also use LLaVA-Next-Video-7B5

[50] for the video-language experiments. All the above-
mentioned models use Llama2-7B [37] or 13B as their un-
derlying LLM (depending on the model size) and CLIP [35]
as their vision encoder. LLaVA1.5 and LLaVA-Next encode
the input image to 576 and a dynamic number of visual to-
kens, respectively, while LLaVA-Next-Video uses 144 vi-
sual tokens for each frame in the video.
Metrics and Benchmarks. Our main evaluation met-
ric is perplexity (PPL), which is the metric commonly
used for quantization methods in the literature [8, 22, 38].
PPL is defined as the exponentiation of the average neg-
ative log-likelihood of a sequence of tokens [18]. We
further evaluate CASP on different downstream tasks that
use their specific metrics. Except for the PPL results,
all other results on downstream datasets are obtained us-
ing the LMMs-eval framework6 [49]. In order to mea-
sure PPL, we use LiveBench (LiveB) [42] and LLaVA-
Bench-Wilder (LWilder) [18] as open-ended QA datasets
and LLaVA-Bench-COCO (LCOCO) [18] as an image-
captioning dataset. For downstream task performance anal-
ysis, multi-choice QA benchmarks such as SEED-Bench
[19], MMU [48], ScienceQA (SQA) [26], MME [9], and
MMBench [25] benchmarks are used. For video-language
tasks, VideoDetailCaption [18] and VideoChatGPT (tem-
poral) [28] are used as representative open-ended video

2https://huggingface.co/llava-hf/llava-1.5-7b-hf
3https://huggingface.co/llava-hf/llava-1.5-13b-hf
4https://huggingface.co/llava-hf/llava-v1.6-vicuna-7b-hf
5https://huggingface.co/llava-hf/LLaVA-NeXT-Video-7B-hf
6https://github.com/EvolvingLMMs-Lab/lmms-eval/tree/v0.2.0
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LiveB LWilder LCOCO SEEDB SQA MMMU MMB MME Avg. Rel.
Method Bit (PPL↓) (PPL↓) (PPL↓) (Acc↑) (EM↑) (Acc↑) (Acc↑) (Cognition↑) Improv.

L
L

aV
A

1.
5-

7B

Original 16 5.5 4.2 4.5 65.4 67.9 35.6 62.9 323

GPTQ 2.2 38.1 138.7 7.5 3.0 9.17 23.7 4.6 175
CASPGPTQ 2.2 8.2 10.5 5.6 24.2 43.9 25.7 22.5 231 +125.6%

AQLM 2 14.9 23.3 10.8 41.7 36.7 24.5 25.6 241
CASPAQLM 2 7.9 8.2 5.7 52.2 50.8 27.4 38.9 298 +38.7%

QuIP# 2 9.2 6.7 5.3 61.4 60.3 29.5 52.3 243
CASPQuIP# 2 7.1 6.6 5.3 63.1 61.6 32.1 51.8 263 +5.7%

L
L

aV
A

1.
5-

13
B Original 16 5.1 4.0 4.2 67.7 71.6 36.5 68.1 312

GPTQ 2.2 13.7 36.2 5.5 52.9 24.6 26.5 32.5 247
CASPGPTQ 2.2 8.6 16.0 6.0 59.7 59.7 29.7 51.5 304 +40.0%

AQLM 2 10.2 18.1 7.9 56.4 57.7 28.2 38.3 207
CASPAQLM 2 6.2 7.3 5.6 64.4 67.9 33.1 58.7 261 +32.0%

QuIP# 2 6.0 6.1 4.7 66.7 68.3 33.8 63.4 270
CASPQuIP# 2 6.0 5.4 4.7 66.7 71.2 33.8 62.6 293 +2.7%

L
L

aV
A

-N
ex

t-
7B Original 16 6.0 3.8 4.9 69.9 70.1 36.1 66.9 312

GPTQ 2.2 29.9 211.0 88.7 5.9 9.42 25.1 9.36 151
CASPGPTQ 2.2 10.6 10.5 6.3 37.4 37.5 27.1 10.0 199 +141.3%

AQLM 2 19.3 26.6 9.5 30.3 32.7 24.4 12.2 162
CASPAQLM 2 9.3 7.7 6.4 60.7 53.5 29.5 43.3 219 +78.6%

QuIP# 2 7.7 5.6 5.3 65.6 60.6 31.2 56.7 263
CASPQuIP# 2 7.3 4.8 5.1 66.4 61.1 32.4 55.4 241 +2.3%

Table 1. Comparison results of our proposed CASP and different baselines (including GPTQ, AQLM, and QuIP#) on LLaVA models
across image-language understanding datasets. All the results are in 2-bit precision, except GPTQ (i.e., 2.2-bit). The average relative
improvement of CASP over the baselines is also provided.

QA datasets, which are evaluated using PPL, ROUGE-
L (RG-L), and OpenAI’s GPT score with GPT-4o-mini
(i.e., out of 5) [33]. Moreover, we perform experiments
over three multiple-choice QA benchmarks, NextQA [44],
VideoMME (VMME) [10], and ActivityNetQA [46], which
are evaluated in terms of Exact Match (EM) or accuracy.

Baselines. We use 3 recent quantization methods, GPTQ
[8], AQLM [7], and QuIP# [38], as our baselines. GPTQ is
designed for the quantization of 3-bit or higher. For 2-bit,
GPTQ employs a group size of 128, which is equivalent to
2.2-bit. AQLM offers three different schemes of “Number
of Codebooks” × “Codebook Size” for low-bit compres-
sion: 1 × 16, 8 × 8, and 1 × 8. Among these, only 1 × 8
is equivalent to 2-bit quantization, which we utilize in this
paper. QuIP# uses the E8P12 codebook for 2-bit quantiza-
tion. Although both QuIP# and AQLM use time-consuming
fine-tuning, for a fair comparison with our method, we re-
port the results without fine-tuning. In all the experiments in
this paper including the baselines and our method (for both
low-rank factorization and quantization), we use a calibra-
tion dataset consisting of 1024 samples from RedPajama
[3], each with a sequence length of 4096.

Configuration. Wq and Wk are low-rank compressed to
25% of their original size for GPTQ and AQLM (i.e., 75%
of eigenvalues are removed). For QuIP#, this number is
50%. 3-bit quantization is then performed for more impor-
tant layers chosen by the optimal bit allocation procedure in
Section 3.2. For the rest of the layers, 2-bit is used.

4.2. Image-Language Understanding

Tab. 1 presents the numerical results of LLaVA1.5-7B,
LLaVA1.5-13B, and LLaVA-Next-7B LMMs compressed
using different baselines (i.e., GPTQ, AQLM, and QuIP#)
with and without CASP on the image-language bench-
marks. The relative improvement (averaged over all the
benchmarks) of CASP compared to each quantization tech-
nique is highlighted in blue in the last column. Note that
except for GPTQ and CASPGPTQ (i.e., 2.2 bit), all other
models use average 2-bit quantization.

As shown in Tab. 1, compared to CASPQuIP#, the rela-
tive improvements achieved by CASPGPTQ and CASPAQLM
are more significant due to the large performance gap be-
tween these quantization techniques and the original model.
For example, on LLaVA1.5-7B, CASPGPTQ and CASPAQLM
show relative improvements of 125% and 38%, respec-
tively. Although QuIP# has a smaller margin compared to
the original model, CASPQuIP# still achieves a relative im-
provement of 5.7%. It is important to note that the theo-
retical upper bound for relative improvement with QuIP#
is 22.6%, assuming the original model represents the up-
per limit. Therefore, the 5.7% improvement achieved by
CASPQuIP# is still quite significant.

For LLaVA1.5-13B, the performance drop of all the
baselines compared to the original model is smaller, as it
has more redundant parameters compared to LLaVA1.5-
7B. Still, CASPGPTQ and CASPAQLM respectively show a
large relative performance improvement of 40% and 32%
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VideoChatGPT VideoDetailCaption ActivityNet NextQA VMME Avg. Rel.
Method Bit (RG-L↑) (PPL↓) (Score↑) (RG-L↑) (PPL↓) (Score↑) (Score↑ | Acc↑) (EM↑) (Acc↑) Improv.

L
L

aV
A

-N
ex

t-
V

id
eo

-7
B Original 16 0.280 7.1 1.76 0.239 6.9 2.60 2.58 | 46.36 56.61 35.63

GPTQ 2.2 0.196 26.2 0.40 0.206 19.1 0.52 1.00 | 15.02 21.50 12.74
CASPGPTQ 2.2 0.258 10.0 0.68 0.251 9.5 1.15 2.20 | 38.30 25.48 19.41 +69.8%

AQLM 2 0.198 31.7 0.48 0.245 24.3 0.42 1.13 | 22.54 19.83 11.70
CASPAQLM 2 0.241 13.8 0.82 0.238 11.8 0.92 1.73 | 31.30 22.97 20.26 +159.0%

QuIP# 2 0.245 13.3 1.23 0.179 11.2 1.82 2.23 | 40.39 23.15 19.4
CASPQuIP# 2 0.286 9.8 1.67 0.254 9.2 2.47 2.40 | 43.12 24.70 24.2 +21.9%

Table 2. Comparison results of our proposed CASP and different baselines (including GPTQ, AQLM, and QuIP#) on LLaVA-Next-Video-
7B model across video-language understanding datasets. All the results are in 2-bit precision, except GPTQ (i.e., 2.2-bit). The average
relative improvement of CASP over the baselines is also provided.

C4 WikiText2 Avg. Rel.
Method Bit (PPL↓) (PPL↓) Improv.

L
la

m
a2

-7
B

Original 16 5.12 6.63

GPTQ 2.2 35.01 43.64
CASPGPTQ 2.2 26.04 21.88 +37.7%

AQLM 2 12.57 9.74
CASPAQLM 2 11.32 8.52 +11.2%

QuIP# 2 11.00 8.22
CASPQuIP# 2 10.54 8.10 +2.7%

Table 3. Comparison results of our proposed CASP and different
baselines on Llama2-7B model across C4 and WikiText2 datasets.
All the results are in 2-bit precision, except GPTQ (i.e., 2.2-bit).

over GPTQ and AQLM. CASPQuIP# obtains an improve-
ment of 2.7% while the theoretical upper bound for relative
improvement with QuIP# is only 12.0% here.

LLaVA-Next-7B generally outperforms LLaVA1.5-7b
and LLaVA1.5-13b by increasing the input image resolu-
tion, which provides approximately 3-4X more visual to-
kens compared to the LLaVA1.5 models [23]. As also dis-
cussed in the proposed method section, this potentially sug-
gests higher sparsity and lower compression error. Thus,
compared to the other models, a higher relative improve-
ment of 141% and 78% is achieved by CASPGPTQ and
CASPAQLM on LLaVA-Next-7B. Moreover, CASPQuIP# ob-
tains an average relative improvement of 2.3%, while the
theoretical upper bound with QuIP# is only 16.9%.

4.3. Video-Language Understanding

The comparison results of the baselines and our method
on LLaVA-Next-Video-7B and video-language benchmarks
are presented in Tab. 2. As video-language tasks are gener-
ally more challenging, a larger performance drop after intro-
ducing low-bit compression is expected. On the other hand,
since a higher ratio of visual tokens is generated for videos,
the sparsity of the attention scores increases, which results
in lower attention compression error (see Section 3.1). This
feature can be seen in the results in Tab. 2, especially for
CASPAQLM and CASPQuIP# with a substantial relative im-
provement of 159% and 21%.

Q,K Bit LiveB LWilder LCOCO Avg.
Compression Alloc (PPL↓) (PPL↓) (PPL↓) (PPL↓)

38.08 138.68 7.53 61.43
✓ 27.54 112.91 7.41 49.28

✓ 9.10 10.26 5.63 8.33
✓ ✓ 8.18 10.46 5.57 8.07

Table 4. Effect of different components on CASPGPTQ perfor-
mance on LLaVA1.5-7B.

4.4. Language-Only Tasks

To further validate the generality of the proposed CASP, we
also perform experiments on Llama2-7B7 and two language
datasets including C4 [36] and WikiText2 [30]. Although
the motivation of sparse attention scores behind our method
is more present in LMMs, the phenomenon is also observed
for LLMs, which is illustrated in Fig. 2. As summarized by
the results in Tab. 3, the superiority of CASP with a relative
improvement of 37%, 11%, and 2.7% over GPTQ, AQLM,
and QuIP#, respectively, can be seen.

4.5. Ablations

Components of CASP. Tab. 4 summarizes the effect of the
two main components of CASP including Q,K low-rank
factorization and optimal bit allocation. As shown in the
table, the compressed LLaVA1.5-7B has a very poor per-
formance when none of the above-mentioned components
is applied (i.e., equal to the GPTQ baseline with 2.2 bit).
Bit allocation in isolation is somewhat effective. However,
the main improvements come from compressing attention
weights. Incorporating the low-rank compression of Q,K
followed the quantization of random layers to higher bits
(3rd row, Tab. 4) significantly improves the performance.
Moreover, applying the optimal bit allocation along with
Q,K compression (4th row, Tab. 4) provides even more
improvement. We argue that the proposed bit allocation has
limitations to address in future work including determining
the optimal bits for each weight instead of each layer.
Optimal Bit Allocation. Fig. 4 demonstrates the returned
optimal bit by Eq. 14 for different values for the regular-

7https://huggingface.co/meta-llama/Llama-2-7b-hf
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Figure 4. Optimal bit computation by Eq. 14 for different µ val-
ues. Note that the layer bit (i.e. bl in Eq. 14) only accounts for
the compression obtained from quantization, not the low-rank de-
composition. Therefore, the average layer bit from the above plot
is not the actual average bit of the model (i.e. Bavg in Eq. 14).

Calibration LiveB LWilder LCOCO Avg.
Dataset (PPL↓) (PPL↓) (PPL↓) (PPL↓)

RedPajama 7.86 8.24 5.70 7.26
C4 6.82 8.96 5.70 7.16

LLaVA-Instruct-150K 7.84 13.68 5.72 9.08

Table 5. CASPAQLM performance with different calibration
datasets on LLaVA1.5-7B.

ization parameter µ. This study was done on LLaVA1.5-
7B model. The non-integer optimal bit can be allocated
by changing the group size for GPTQ and by changing the
codebook size and number of codebooks for AQLM and
QuIP#. For simplicity, we convert the optimal bit to inte-
ger values (dashed lines in Fig. 4) and use the integer bit
in our experiments. Generally, we observe that the first lay-
ers and the last layer are allocated higher bits that show the
importance of these layers in the model.
Calibration Dataset. In this study, we analyze the im-
pact of using multi-modal vs. text-only calibration datasets
on the performance of the CASPAQLM with LLaVA1.5-7B.
Specifically, we use LLaVA-Instruct-150K as a multi-modal
dataset [24], and RedPajama [3] and C4 [36] as text-only
datasets (1024 samples from each). The corresponding re-
sults in Tab. 5 indicate that optimizing the quantization
procedure with text-only calibration datasets provides lower
PPL on average. We argue that since the underlying LLM
has initially been pre-trained with a significant amount of
language-only data, it is more aligned with similar types of
calibration data for quantization.
Higher Quantization Bits. The comparison results of
CASP and the baseline quantization techniques with 3-bit
precision are summarized in Tab. 6. It is shown that the
performance drop of the baselines compared to the origi-
nal model is marginal when it comes to 3-bit. Similarly, the

LiveB LWilder LCOCO Avg. Rel.
Method Bit (PPL↓) (PPL↓) (PPL↓) Improv.

L
L

aV
A

1.
5-

7B

Original 16 5.45 4.24 4.51

GPTQ 3 9.07 6.28 5.03
CASPGPTQ 3 6.07 4.85 4.80 +20.1%

AQLM 3 7.64 4.54 4.72
CASPAQLM 3 6.06 4.88 4.86 +3.4%

QuIP# 3 5.68 4.53 4.62
CASPQuIP# 3 5.69 4.51 4.63 +0.01%

Table 6. Experiments with 3-bit compression.

Attention Llama2 LLaVA1.5 LLaVA1.6 LLaVA-Next-Video
Compression (C4) (LWilder) (LWilder) (VideoChatGPT)

Ratio #VT=0 #VT=575 #VT≈2500 #VT=4600

Original 7.28 4.24 3.77 7.09
50% 7.57 (↓ 4%) 4.38 (↓ 3%) 3.88 (↓ 2%) 7.14 (↓ 0.7%)
75% 8.20 (↓ 12%) 4.72 ( ↓ 11%) 4.13 ( ↓ 9%) 7.40 ( ↓ 4%)

Table 7. Experiments on the effect of number of visual tokens in
different models LLM and LMMs in terms of PPL.

relative improvements of CASP is smaller since the theoret-
ical upper bound for relative improvements is only 7% for
QuIP#. Compared to QuIP#, CASP has no improvement as
both have almost reached the original model performance.
Effect of Vision Tokens Ratio. Tab. 7 shows the experi-
mental results for different models with various number of
vision tokens (#VT). In this section, we only apply the first
phase of CASP, that is low-rank decomposition of Wq and
Wk and removing 50% and 75% of the eigenvalues. The
results in the table show that as the number of vision tokens
(sparsity of the attention map) increases, less performance
drop after compression is observed. For example, Llama2
has the highest drop with 0 visual tokens, while LLaVA-
Next-Video with 4.6K visual tokens has the lowest perfor-
mance drop in both 50% and 75% compression ratios.
More Analysis and Results. The computational com-
plexity analysis, the effect of calibration dataset size, further
numerical experiments on more datasets, and qualitative re-
sults are given in the supplementary materials.

5. Conclusion
In this work, we proposed a low-bit model compression
technique for LMMs. Our insights for CASP arise from
empirical observations that the attention maps in LMMs are
highly sparse. We theoretically and experimentally showed
that the Query and Key weight matrices can be compressed
with negligible performance drop in the model. We also
proposed an optimal bit allocation approach to obtain an av-
erage target bit outperformed state-of-the-art low-bit model
compression techniques. Our extensive experimental re-
sults on different LMMs and benchmarks for image- and
vide-language understanding showed the effectiveness and
generality of the proposed method. The insight from this
work has a broader impact on the architecture design of
LMMs resulting in more efficient attention mechanism.
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