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ABSTRACT

Quantizing the large language model (LLM) in vision-language
models (VLMs) is an effective approach to reducing memory size.
However, quantizing only the LLM shifts the memory bottleneck to
the vision encoder, particularly in lightweight models. This paper
proposes ECM, an end-to-end quantization framework for VLMs
that compresses both the vision encoder and the LLM. We first study
the impact of quantization granularity on model compressibility and
accuracy, and find that finer granularity improves compression at
the cost of performance, motivating the need for adaptive strategies.
ECM incorporates Adaptive Granularity Quantization and Weight
Scaling to balance compression and accuracy. We further apply
lossless compression to the quantized weights to maximize storage
efficiency. Experiments show that ECM achieves 1.34x and 1.25x
compression ratios for the vision encoder and LLM, respectively,
reducing the memory usage by 80.3% of FP16 VLM, and 51.3% of
LLM-quantized VLM on average.

Index Terms— Vision Language Models, Quantization, Data
Compression

1. INTRODUCTION

Large Vision-Language Models (VLMs) have achieved significant
advancements in recent years, driven by the remarkable capabilities
of large language models (LLMs) in multimodal reasoning and con-
textual understanding [1, 2, 3]. Despite their impressive capabilities,
the practical deployment of VLMs on resource-limited devices is
challenging due to the substantial model parameter size of both the
vision and language models in VLMs.

VLMs integrate a vision encoder, which transforms images into
visual tokens, with an LLM that jointly processes visual and textual
inputs to generate language outputs. While model compression has
proven effective in reducing LLM size, particularly through quan-
tization [4, 5, 6], most prior efforts have focused exclusively on
the LLM, as it typically dominates memory usage. However, when
the LLM is quantized to low bit-widths, the FP16 vision encoder
emerges as a significant memory bottleneck, especially in smaller
VLMs (<3B). As shown in Fig. 1, the vision encoder accounts
for 35% of the memory in VILA1.5-3B [7] and 77% in LLaVA-
OneVision-0.5B [8], even after LLM quantization. It underscores
the critical role of the vision encoder in overall memory consump-
tion. In this work, we compress both the vision encoder and the
LLM to enable greater memory savings for VLMs.

Lossless compression presents a promising approach to further
reduce the memory size of quantized models [9, 10]. Compressibil-
ity, defined as the degree to which data can be reduced in size with-
out information loss, directly impacts memory savings. Higher com-
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Fig. 1. Model sizes. Quantization on LLM can reduce the model
size, but the vision encoder still takes a large memory size.

pressibility enables a greater reduction in model size. While quan-
tized VLMs retain compressibility, the extent varies across different
quantization methods, such as AWQ [4], GPTQ [11], MBQ [5], and
SmoothQuant [6].

However, a naive application of quantization via compression
often leads to compromised model performance despite reduced
memory usage. Consequently, it results in a trade-off between
compression ratio and accuracy. How to effectively mitigate the
trade-off and find the connection between quantization design and
compressibility remains underexplored. We conduct a comprehen-
sive study across a range of quantization strategies. Our analysis
reveals one key finding: quantization granularity strongly af-
fects both compressibility and performance and larger granularity
improves compression but tends to hurt accuracy.

Built upon our analysis, we propose ECM, an end-to-end com-
pression framework of VLMs that targets both the LLM and the vi-
sion encoder. ECM integrates quantization via lossless compression
to improve memory efficiency and enable lightweight deployment.
To address the trade-off between accuracy and compressibility in
quantized models, ECM introduces Adaptive Granularity Quan-
tization (AGQ), which automatically selects the optimal quantiza-
tion granularity for each weight. For the vision encoder, we fur-
ther improve compressibility by applying a scaling-based normal-
ization and removing the zero-point offset, reducing redundancy in
the quantized weights. Experiments on multiple VLMs demonstrate
that ECM achieves strong compressibility, with an average of 1.34x
and 1.25x compression ratios for the vision encoder and LLM, while
preserving accuracy. ECM reduces the memory usage by 80.3% of
FP16 VLM, and 51.3% of LLM-quantized VLM on average, vali-
dating its effectiveness for efficient model deployment.

2. BACKGROUND AND RELATED WORK

Large Vision-Language Models (VLMs) typically consist of a vision
encoder (e.g., CLIP or ViT) and a backbone LLM (e.g., LLaMA or
GPT). As illustrated in Fig. 2, the input images are first processed
by the vision encoder and then projected into a latent space compat-
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Per Group —q

—.
:> —_—
EeaEREsE:
_

Lossless
Compression

Vision
Encoder

Compressed Quantized Models

FP16 Weights|— W

1
max —min !
scales = —F=1 max min : :Per Chagne
l min J T,
zeros =
scales T T T 1
1 1
2 ! " Per Tensor
W — zeros 1 1
ow) = lWJ I ' Compressibility

Fig. 3. Weight Quantization Process.

ible with the LLM’s token embedding space. The projected image
tokens, along with text tokens, are fed into the LLM for multimodal
reasoning. Previous compression works mainly focus on reducing
the LLM size.

Quantization reduces memory size via low-precision formats.
GPTQ [11], Smoothquant and AWQ [4] are widely used LLM quan-
tization methods. QSLAW [12], ClusComp [13] and MBQ [5] are
designed for VLMs considering the multiple modalities. But all of
these methods compress the model with a fixed ratio, and the quan-
tized model can actually be further compressed. Existing methods
can be broadly categorized into three types: per-tensor, per-channel,
and per-group with variable group sizes as shown in Fig.3. Quan-
tized weights Q(W) are computed using per-group scaling factors
scales and zero-points zeros, derived from the max/min within
each group. For per-channel quantization, zeros and scales are
computed for each channel (each row of the tensor), while per-tensor
quantization shares the same across the entire tensor. The compress-
ibility of these methods will be evaluated in Section 3.1.

Some works also apply lossless compression for LLM. Zipnn [14],
NeuZip [15] and Huff-LLM[16] compress FP16 model with limited
Compression Ratio. Deep Compression [10], Double Compres-
sion [9] and Analysis [17] try to compress INT8 quantized LLMs.
But these methods are applied to higher bit precision and do not
consider VLMs. In this paper, we focus on INT4 precision-the low-
est bitwidth that maintains acceptable model performance, which is
more challenging than FP16 and INTS data compression.

3. DESIGN OF ECM

We first study how quantization methods affect compression, finding
that settings and scaling impact compressibility differently in LLMs
and vision encoders. ECM is proposed as a new compression frame-
work designed to enhance the compressibility of quantized LLM and
vision encoder in VLMs, as shown in Fig. 2. The new quantization
method AGQ is designed for better compression ratio and task accu-
racy.

Methods LLMCR ACC | VECR IMG-ACC
FP16 - 69.89 - 68.96
per-tensor 3.39 00.00 2.25 56.62
per-channel 1.23 66.45 1.24 67.92
per-group 1.09 67.53 1.12 69.66
AWQ 1.06 67.67 - 67.98
SmoothQuant 3.52 00.00 - 56.61
MBQ 1.07 68.13 1.25 68.91
Table 1. The compression performance of INT4 quantized

VILA1.5-3B model evaluated on ScienceQA task.
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Fig. 4. VILA1.5-3B model performance and compressibility with
different group sizes. Different sizes for different dimensions.

3.1. Preliminary Study of Model Compressibility

We first quantize VILA1.5-3B with different quantization methods
and compress the quantized model using the zstd [18] compression
algorithm. The results are shown in Table 1. The compression ratio
(CR) is original INT4 size/compressed size and accuracy (ACC) is
evaluated on ScienceQA [19]. Since the quantization of the vision
encoder only affects the image processing, we only report the image
accuracy.

Quantized LLM. Different quantization settings exhibit varying
performance in compressibility and accuracy. Per-tensor quantiza-
tion achieves the highest CR (up to 3.39x), but with most weights
quantized to zero, the model loses the ability for QA and we set the
accuracy as 0. Per-group quantization with a group size of 128 de-
livers the best model performance while maintaining the lowest CR.
Per-channel quantization exhibits a moderate performance decrease.
Quantization methods with scaling also modify the compressibil-
ity as the scaling operation changes model weight distribution.
Smoothquant with per tensor quantization and fixed scaling factor
achieves the highest CR, while significantly sacrificing the model
accuracy. Conversely, for MBQ and AWQ, which utilize per-group
quantization with a dynamic scaling factor, the compressed VLMs
have a relatively higher accuracy at the cost of a limited CR. Achiev-
ing high compressibility of INT4 quantized model while maintaining
accuracy remains a significant challenge for LLMs.

Quantized Vision Encoder. Similar to LLM, per-tensor quantiza-
tion of the VE also achieves the best compression with largest accu-
racy loss. In contrast, per-group quantization enhances model perfor-
mance on image input tests, though it results in the lowest compres-
sion ratio. Quantization does not lead to a significant performance
drop; instead, it even improves performance on the per-group quan-
tized model. This suggests that the vision encoder is not particularly
sensitive to quantization, possibly due to the redundancy in vision
tokens. Notably, the VEs typically achieves a higher compression
ratio compared to LLMs without experiencing substantial accuracy
degradation.

Quantization Granularity Analysis. Based on above results, we
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Fig. 5. Adaptive Granularity Quantization. Each weight matrix is
divided into several channel blocks, and within each block per-group
quantization is applied with granularity n;.

observe that quantization granularity have a greater impact on model
compressibility compared to scaling operations. We apply a more
fine-grained settings to VILA1.5-3B as shown in Fig. 4. As the quan-
tization group size increases, the compression ratio rises at the cost
of greater performance loss, which can be attributed to quantization
granularity. It determines the max and min used to calculate scales
and zero-points, which in turn influence the quantized model weights
and overall performance.

This effect stems from their impact on weight distributions, as
prior studies have shown that greater distribution unevenness enables
higher compression ratios [20, 21]. Larger quantization granularity
improves compressibility by increasing distribution unevenness, but
degrades model performance. How to decide these factors is chal-
lenging to balance model compressibility and performance.

3.2. Adaptive Granularity Quantization

All of the previous quantization methods use a fixed granularity for
one weight, limiting the balance between compressibility and accu-
racy. To overcome this limitation, we propose Adaptive Granularity
Quantization (AGQ), a novel method that dynamically tailors the
quantization granularity for each weight based on empirical evalua-
tions.

The basic idea of AGQ is that the quantization granularity of
one weight can be configured at different levels for different chan-
nels based on the channel’s importance. Inspired by the finding [4]
that channel importance correlates with activation distribution, AGQ
protects salient weights, which are critical for maintaining accuracy,
by grouping channels based on their maximum activation values
(maz (] X1)). This strategy ensures high-saliency channels are quan-
tized with high precision, thereby preserving model performance
more effectively than uniform quantization with fixed granularity.
For each model, we evaluate multiple quantization granularities,
ranging from fine granularity (group size smaller than one channel)
to coarse granularity (grouping several channels). When benchmark-
ing model performance, we progressively increase the granularity
levels until the accuracy loss is non-negligible. Based on these
results, we determine the optimal granularity for each weight.

As demonstrated in Fig. 5, the weight is divided into several
channel blocks B1, B2, ... B;. Each block is assigned a quantization
granularity n; , forming B/n; quantization groups for the block.
Firstly, the IV channels are ranked based on activation max(|X|).
The top k percentage of the total channels is assigned with n; and
the rest of the channels are quantized with granularity ny. k ranging
from 1% to 10% are tested to enhance the model performance. The

granularity n progressively increases (e.g., one channel, two chan-
nels, ...) as long as the accuracy loss introduced by quantization
error remains acceptable (acc >= ACC). If the accuracy loss is
not negligible, we stop at the largest granularity that provides the
best compressibility under the given accuracy constraint. With this
adaptive granularity quantization method, AGQ effectively balances
model compressibility and accuracy performance.

3.3. Customized Optimization for Vision Encoder

The vision encoder is more robust to compression than the LLM as
the visual token redundancy. Since LLM quantization error causes
most performance loss, we can compress the vision encoder more
aggressively. In ECM, we apply two further steps to it: 1)Disable
the zero-point; 2) Scale its weight. While asymmetric quantization
with zero-point is widely adopted to minimize accuracy loss, our ex-
periments reveal that symmetric quantization maintains the accuracy
performance of vision encoders while enabling higher compressibil-
ity, as shown in Table 4. By utilizing an image calibration dataset,
the activation values of the vision encoder can be obtained. Multi-
plying the weights of the vision encoder by a scaling factor derived
from these activation values can further enhance the model’s com-
pressibility. The scaling factor is set to a value between 0 and 1.0
with a 0.1 step, within 1% accuracy loss.

Model Method | AVG | LLM VE vs. INT4*
ACC CR CR
FP16 52.76 - - -
LLaVA AWQ+C | 49.72 | 1.10 - 2.2%
-Onevision | MBQ+C | 50.12 | 1.10 122 62.8%
-0.5B ECM 49.17 | 1.23 1.32  66.2%
FP16 62.77 - - -
InternVL2 | AWQ+C | 62.11 1.09 - 5.4%
-2B MBQ+C | 6250 | 1.09 1.19 332%
ECM 6137 | 122 133 40.3%
FP16 58.75 - - -
Qwen2 AWQ+C | 57.65 1.07 - 2.3%
-VL-2B MBQ+C | 57.89 | 1.07 121 533%
ECM 5720 | 1.30 134 60.5%
FP16 55.59 - - -
VILAL.5 AWQ+C | 54.87 | 1.06 - 4.0%
-3B MBQ+C | 54.68 | 1.07 125 27.5%
ECM 5419 | 126 137 38.1%

Table 2. Performance evaluation and lossless compression gain on
INT4 quantized models. *Memory Reduction compared with INT4
LLM quantized VLM.

4. EVALUATIONS

4.1. Evaluation Settings

Models. ECM is evaluated on several vision-language models, in-
cluding LLaVA-Onevision [8], InternVL2 [22], Qwen2-VL [23] and
VILA [7] families. We select both small-size and large-size models
from each family to illustrate the performance of ECM.

Datasets. For the scaling operation, we use the COCO [1] cali-
bration dataset containing both images and text. We evaluate the
performance of the quantized model using LMMs-Eval [24] across
multiple vision-language benchmarks. For text recognition and com-
prehension, we use OCRBench [25] and TextVQA [26]. Regard-
ing visual perception, VizWiz [27] and SEED-Bench [28] are used
for evaluation. For visual reasoning, we use ScienceQA [19] and
MMMU [29].

19734



Model LLM CR VECR | ScienceQA*
LlaVA-Onevision-7B 1.29 1.32 84.08/85.40
InternVL2-8B 1.26 1.33 96.20/96.20
Qwen2-VL-7B 1.30 1.34 82.57/85.10
VILA1.5-8B 1.28 1.37 70.67/71.15

Table 3. Performance evaluation of large vision-language models on
ScienceQA(*ECM/FP16). ECM achieves better compressibility for
larger models.

Baselines. We compare ECM with AWQ [4] and MBQ [5], two
state-of-the-art methods for VLM quantization. Both AWQ and
MBQ employ INT4 per-group quantization with a group size of 128
and we apply further compression for them (+C). For the quantized
model compressibility, we present the Compression Ratio (CR),
which is calculated by quantized model size/compressed model size.

4.2. Compression Results

As shown in Table 2, ECM improves the compression ratio of
the quantized Vision Encoder and LLM, thereby lowering VLM
memory usage while maintaining comparable performance. ECM
achieves an average compression ratio of 1.25 for LLM. Compared
with AWQ [4] and MBQ [5], ECM achieves a 1.16x average im-
provement and up to 1.21x in CR. AWQ [4] and MBQ [5] have
similar CR because both of them apply per-group quantization with
a group size of 128. In terms of vision encoder, ECM achieves an
average compression ratio of 1.34, achieving significant memory
savings for VLMs, where the vision encoder constitutes a substan-
tial portion of the total model size. ECM reduces memory usage by
up to 80.9% on FP16 models with minimal accuracy loss, and by
51.3% on LLM-quantized VLMs, where the vision encoder remains
FP16 and the LLM is quantized to INT4.

4.3. Analysis of Efficiency and Accuracy

Performance on Large Models. To explore the ECM efficiency on
large VLMs, we also evaluate the 7B or 8B models on ScienceQA
tasks. As shown in Table 3, ECM achieves an average CR of 1.34
for the vision encoder and an average CR of 1.28 for LLM com-
pared with INT4 quantized model. ECM compresses the model
InternVL2-8B [22] without accuracy loss. Other compressed models
also maintain comparable model performance with the FP16 model.
It’s noticeable that large VLMs have higher compressibility (higher
compression ratio with less performance loss) compared with small
VLMs. ECM is efficient for large VLMs and substantially reduces
memory overhead.

The Effect of ECM Methods. The quantization settings affect
the compressibility and performance of the model. We evaluated
VILA1.5-3B to present the impact of each setting and the results are
shown in Table 4. For the vision encoder, AGQ can improve the CR
by 0.12. Zero-point disabling can increase the CR from 1.24 to 1.32
without impacting the model performance. Scaling the weight can
further improve the CR to 1.37 with negligible accuracy loss. For
LLM, AGQ significantly improves the CR from 1.09 to 1.26. These
results indicate that ECM offers a viable solution for efficient model
compression with minimal performance trade-offs.

Performance Trade-off. As AGQ provides different quantization
options for VLMs, the compression and accuracy performance vary
according to different settings. We show the performance trade-
off in Fig. 6. Existing fixed-granularity methods: per-tensor (pur-
ple square) and per-channel quantization (green rhombus) achieve

Model Components CR  ScienceQA
AGQ Zero-point Scaling

VE X X X 1.12 70.22

v X X 1.24 69.39

v v X 1.32 69.70

v v v 1.37 69.58
LLM X - - 1.09 67.53

v - - 1.26 66.39

Table 4. The effect of ECM Methods. INT4 Quantized VILA1.5-3B
Compression Performance with different settings is evaluated on the
ScienceQA image task.
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Fig. 6. Performance of InternVL2-2B on ScienceQA. ECM achieves
a better trade-off between accuracy and compression ratio .

Model GPU Inference Latency (ms)

FP Compressed ~ Decompress
Speed(GB/s)

VILA-1.5-3B  RTX4090 5.26 5.32 121.32

RTX2080 34.42 29.47 78.41

VILA-1.5-8B  RTX4090 16.12 16.93 177.42

RTX2080 OOM 49.24 81.23

Memory Size (GB)

FP Compressed Saving

VILA-1.5-3B RTX4090 7.2 14 80.6 %

VILA-1.5-8B  RTX4090 17.4 32 81.6%

Table S. Inference Latency and Memory Size for VILA models.

good CR but severe accuracy degradation; per-group methods (or-
ange triangles) preserve accuracy well with limited compression.
ECM achieves a flexible trade-off (the curve) and performs better
than fixed quantization. We select the optimal point (red star) that
delivers better CR while maintaining accuracy.

Speedup and Memory Saving. ECM is designed to compress
VLMs, reducing GPU memory usage for deployment on low-
resource devices while preserving accuracy and inference speed.
The inference latency and decompression speed are evaluated on
two limited-resource GPUs: Nvidia RTX4090 and RTX2080. With
high decompression speed, the compressed models have comparable
inference latency with FP models, while delivering over 5x memory
savings as shown in Table 5.

5. CONCLUSION

We propose that ECM compress the quantized models for both the
vision encoder and LLM of VLMs. We analyze the compressibility
of various quantization methods and discover that quantization gran-
ularity significantly affects both compressibility and performance. A
new quantization method AGQ is designed to achieve optimal com-
pressibility without compromising model performance. The evalua-
tion results demonstrate the effectiveness of ECM.
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