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Large-scale pre-trained Vision-Language Models (VLMs) have demonstrated remarkable performance across
various visual and multimodal tasks. However, deploying these models on downstream application platforms
remains challenging due to computational demands and domain gaps. Quantization offers a promising solution
by significantly reducing these costs, making VLMs more feasible for deployment in such environments. There
are two prevailing paradigms: Quantization-Aware Training (QAT), which preserves model performance but
incurs substantial training costs; and Post-Training Quantization (PTQ), which offers greater efficiency but
introduces multimodal gaps and leads to performance degradation on downstream tasks. To reduce computa-
tional costs and bridge domain gaps, we propose the “Prompt for Quantization” (P4Q) by integrating PTQ
with Parameter-Efficient Fine-Tuning (PEFT) techniques. P4Q compresses model parameters and activations
via PTQ, introducing learnable prompts and low-bit adapters to enhance performance on downstream tasks.
The learnable prompts embed downstream knowledge to mitigate domain gaps, while the low-bit adapters
realign the distributions of image and text features, thereby mitigating multimodal gaps. We also introduce a
distillation loss based on cosine similarity predictions to distill the quantized model using a full-precision
teacher model. Extensive experiments on thirteen datasets demonstrate that P4Q significantly enhances
the performance of low-bit CLIP while reducing deployment costs. For instance, an 8-bit P4Q compressed
CLIP-ViT/B-32 achieves 66.94% Top-1 accuracy on ImageNet, surpassing the prompt fine-tuned full-precision
counterpart by 2.24% while reducing model size by 4 X.
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1 Introduction

Recent research in large-scale pre-trained Vision-Language Models (VLMs), such as Contrastive
Language-Image Pre-Training (CLIP) [41], have achieved exceptional performance in both computer
vision and natural language processing [53, 44], showcasing their ability to learn open-world
concepts [23, 4]. However, deploying CLIP on downstream applications remains challenging due to
limited computational resources and substantial domain gaps. For example, the CLIP-ViT/B-32 [41]
contains 152M parameters and demands 53.188G FLOPs for inference under the same accounting
as Table 2. Moreover, downstream applications such as transportation and medicine require the
offline deployment of expert models [52, 57], which demands both high task accuracy and efficient
deployment, complicating the challenge. Therefore, our goal is to achieve model compression while
enabling the efficient integration of downstream task knowledge to ensure robust performance in
resource-constrained and domain-shifted settings.

Quantization offers a promising solution by significantly reducing computational costs, making
VLMs more feasible for deployment in resource-constrained environments. There are two prevailing
paradigms: Quantization-Aware Training (QAT), which preserves model performance by simulating
quantization effects during training, but incurs substantial computational overhead and requires
access to large-scale training data [12, 34]. This makes QAT impractical for VLMs, which are typically
pre-trained on massive, often inaccessible datasets [33, 27, 56]. On the other hand, Post-Training
Quantization (PTQ) provides a more efficient alternative by avoiding full retraining and directly
applying quantization to a pre-trained model [46, 24, 12]. However, PTQ introduces quantization-
induced noise and fails to adapt to domain-specific features, leading to multimodal misalignment
and severe accuracy degradation. For instance, a 4-bit CLIP-ViT/B-32 [41] using OMSE [9] achieves
only 46.05% Top-1 accuracy on CIFAR100 [26], resulting in a 19.29% performance drop compared
to the real-valued counterpart. While Parameter-Efficient Fine-Tuning (PEFT) methods [21, 55]
adapt CLIP to downstream tasks with limited data and less memory usage, they retain the original
model size, leaving deployment bottlenecks unresolved. Therefore, the integration of PTQ with
PEFT emerges as a compelling approach to enable efficient and effective deployment of VLMs in
downstream applications, particularly under resource-constrained and domain-shifted conditions.

In exploring the design of effective PEFT strategies, we observe that the performance degradation
of the quantized CLIP stems from the degraded alignment of cross-modal features. As shown in Fig. 1
(a), full-precision CLIP exhibits strong diagonal similarity between matched image-text pairs. After
employing a PTQ baseline [9], the image features are partially mismatched with the descriptive text
features. For example, the image of the rocket erroneously matches the description “a cup of coffee
on a saucer”, exhibited in Fig. 1 (b). Since there is no backpropagation in the quantization process
of PTQ, it is similar to an open-loop system, i.e., there is no effective cross-mode supervision on it.
Moreover, PTQ quantizes the image encoder and the text encoder separately, which can cause the
cross-modal gap to be further amplified due to the structural differences between CLIP encoders.

To bridge this gap, we propose "Prompt for Quantization" (P4Q), a CLIP compression framework
that combines PEFT with quantization for accuracy-preserving edge deployment. As illustrated in
Fig.2, our framework introduces a learnable prompt and a novel Q-Adapter, which jointly operate
in the embedding space to realign quantized image and text representations. Inspired by the
effectiveness of prompt tuning in reorganizing textual representations for downstream tasks [56,
14], P4Q designs learnable prompts for the quantized CLIP, embedding downstream knowledge to
mitigate domain gaps. To mitigate the degraded cross-modal similarity, a low-bit adapter named
QAdapter is added after the image encoder that aligns visual features with textual counterparts.
Critically, the Q-Adapter serves a dual role: it implicitly learns a distribution alignment function
that compensates for quantization-induced errors, while simultaneously adapting features to the
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Fig. 1. Cosine similarity predictions between text and image features. The horizontal axis contains 8 images,
their descriptive text is vertically given in order. Each value corresponds to the similarity between the related
image features and text features. The brighter the grid, the stronger the similarity between the image and
the text on the current horizontal and vertical coordinates. (a) Image features and text features are encoded
by full-precision CLIP. (b) Image features and text features are encoded by PTQ quantized CLIP. (c) Image
features and text features are encoded by P4Q quantized CLIP.

downstream task objective. Both the prompt and the QAdapter are optimized in quantization-
awareness using a contrastive loss. Moreover, P4Q incorporates a knowledge distillation scheme to
transfer alignment knowledge from full-precision CLIP based on similarity predictions, enhancing
the low-bit model’s generalization. Together, these components allow P4Q to effectively bridge the
deployment-critical gap between PTQ efficiency and multimodal alignment robustness, providing
a principled and lightweight solution for fine-tuning low-bit CLIP without modifying the frozen
quantized backbone. As shown in Fig. 1(c), P4Q successfully realigns low-bit image and text features,
improving similarity accuracy.

Our contributions are summarized as follows:

(1) We introduce “Prompt for Quantization” (P4Q), a CLIP compression framework compatible
with PEFT and PTQ that enables accuracy-preserving edge deployment on the downstream
application domain.

(2) P4Q adopts a lightweight architecture in which a low-bit Q-Adapter serves dual purposes:
compensating for quantization-induced distribution shifts and enabling task-specific adapta-
tion. Together with learnable prompts and similarity-preserving distillation, the framework
restores cross-modal alignment within the quantized embedding space.

(3) Extensive experiments across thirteen datasets demonstrate that P4Q consistently outper-
forms the evaluated PTQ and quantized linear-probe baselines, significantly improving low-bit
CLIP accuracy while reducing deployment costs.

2 Related Work
2.1 Quantization

Quantization aims to reduce the memory and computational costs of deep neural networks by
converting weights and activations to low-bit representations. Two main categories are widely
adopted: Quantization-Aware Training (QAT) and Post-Training Quantization (PTQ). QAT methods
require fine-tuning, making them resource-intensive. For example, [51] proposed a binarized
convolutional network using projection functions and a novel backpropagation rule, while [30]
improved quantized vision transformers through information rectification and distillation. Though
effective, these methods are often impractical for large-scale pre-trained models due to high

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 1, No. 1, Article . Publication date: June 2026.



4 Sun et al.

computational demands. PTQ methods offer a training-free alternative. Approaches such as MinMax,
EMA [22], Percentile [28], and OMSE [9] compress model weights with minimal tuning. FQ-ViT [32]
further proposed a 4-bit transformer quantization using log-int softmax and bit-shift operators
to simplify inference. Additionally, data-free PTQ methods generate synthetic data to support
quantization without requiring access to real images [7]. Despite their efficiency, standard PTQ
approaches often lead to noticeable performance drops in multi-modal and vision-language tasks.

2.2 PTQin Large Language and Multimodal Models

Recent advances in large vision-language models (LVLMs) leverage both massive image-text
datasets [33, 8] and the transfer learning capabilities of foundation language models [6, 42] to
achieve exceptional cross-modal understanding. While text-focused quantization techniques like
GPTQ [16], AWQ [31], and QLoRA [12] demonstrate effective weight compression through dynamic
activation analysis, these methods exhibit two key limitations. First, optimizations primarily target
textual representations, neglecting visual feature preservation. In addition, they fail to address
the critical cross-modal alignment degradation in low-bit regimes. Emerging multimodal quanti-
zation approaches like Q-VLM [47] attempt structured post-training quantization through layer
dependency modeling and entropy-guided partitioning. However, these methods still prioritize
intra-modal accuracy over inter-modal coordination, leading to suboptimal joint embedding quality.
Our work bridges this gap by synergizing Parameter-Efficient Fine-Tuning (PEFT) with precision-
aware quantization objectives, enabling better preservation of vision-language alignment while
maintaining computational efficiency.

2.3 Prompt Learning

Prompt learning originates from the NLP. The high-level idea of prompting is to apply a function
to modify the input text so that the language model gets additional information about the task.
Concretely, given a pre-trained language model, the task is often formulated as a “fill-in-the-blank”
cloze test, such as asking the model to predict the masked token in “No reason to watch. It was
[MASK]” as either “positive” or “negative” for sentiment classification. The key lies in how to
design the underlined part. However, the design of a prompting function is challenging and requires
heuristics. Thus, continuous prompt learning methods [54, 29] were developed, which seek to
address this problem by applying trainable prompts in a continuous space. A drawback of such
methods compared to searching discrete tokens is the lack of a clear way to visualize what “words”
are learned for the vectors. Recent works [56, 49] adopt prompt learning to Vision-Language Models
(VLMs), such as CoOp [56]. CLIP [41] is a kind of VLM, which is trained under a large number
of images and their text descriptions. It adopts a two-stream architecture, consisting of an image
encoder and a text encoder that encodes image and text inputs separately and produces individual
vision and language representations embedded in a joint space using a contrastive loss. CoOp adopts
prompt tuning to CLIP while freezing the encoders. Besides, prompt learning has been applied to
many downstream tasks of VLMs such as object detection [14, 17], semantic segmentation [50], and
so on. Inspired by the success of prompt learning in other tasks, this paper attempts to calibrate
the distribution of the activations in low-bit CLIP by prompt learning. The experiment proves that
it can improve the performance of low-bit CLIP effectively and efficiently.

3 Methodology

In this section, we first revisit PTQ and CLIP in Sec. 3.1. Then, we describe our "Prompt for
Quantization" (P4Q) method in Sec. 3.2. The overview of our framework is given in Fig. 2. In Sec. 3.3,
the optimization process is shown.

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 1, No. 1, Article . Publication date: June 2026.



P4Q: Learning to Prompt for Quantization in Low-Bit CLIP 5

[CLS]

dog
(18
& Prompt bird Teacher Model )

Patch Embedding x

|
!
|
|
!
pt}
|
!
|
|

query q eyk value v

[ Jy

Matri
Multiplication

Allenllon
scure A

Add & Norm . Cross-Entropy (pe.ps)
(Laist)

Add & Norm

v

Add & Norm N\ Matrix
Multiplication

Add & Norm Matrix
Multiplication

/

Maximize (¥, ;) e
(Lc)

¢ Trainable parameters (a) (b)

Fig. 2. Overview of P4Q. The blue parts represent the visual stream, and the green parts represent the textual
stream. The learnable parameters are marked by the icon of fire. QFC denotes the quantized fully connected
layer. Figure (a) shows the structure of quantized CLIP. Figure (b) shows the knowledge distillation module.
fo and gy represent the full-precision image and text encoders respectively. fg and gy represent the low-bit
image and text encoders respectively.

3.1 Preliminaries

Post Training Quantization (PTQ). We quantize tensors with bit-width b using uniform scaling;
weight tensors use a signed integer grid and activation tensors an unsigned grid [22, 9]:

(—Zb'l, 2b-1 _ 1) signed (weights),
(0, 20 — 1) unsigned (activations).

(qminy qma.x) = (1)
Uniform quantization is well supported on most hardware platforms. Given a tensor x and bit-width
b, we first clip x into a calibration interval [ly, ux] and then map it to an integer grid [gmin, Gmax],
where gumin = 0 and gmay = 2° — 1 for unsigned quantization. The scale and zero-point are computed
as

Sy = Ukl by = { o I_X} ()
X gmax — gmin ’ Px dmin sx |
The quantized tensor is then obtained by
Qx| b) = clip ( + ZPx, Gmin, Qmax) . (3
X
The corresponding dequantized value is
x =5 (Q(x|b) —zpx) . 4)

For the OMSE baseline [9], the clipping interval is selected on calibration data by minimizing
the reconstruction error between the original tensor and its dequantized counterpart:

(o uy) = argmin [|x —X(h, ux, b)II3 - ®)

x>Ux
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Fig. 3. Histogram of image features and text features of the same class (‘wolf’) on CIFAR100, where the
horizontal axis denotes the value of each element of the feature vectors, and the vertical axis denotes
the number of elements. Mean and Ste Dev denote the mean and standard deviation of the distribution,
respectively.

After obtaining (I, u}), the corresponding sy and zpy are computed by the equations above. This
separates the uniform quantizer definition from the calibration rule and follows the minimum-MSE
principle of OMSE. CLIP [41]. CLIP consists of an image encoder f(-) and a text encoder gy (-).
Specifically, the image x € R¥*"*C and the text teR” are fed into fy(-) and gy (-) respectively to
obtain the image feature z€ R and the text feature w € RP, where t is the input word token. In
CLIP, t is obtained via one of the hand-crafted prompts which have a template like “a photo of a
[CLS]?, where [CLS] is the class name of the testing image. Thus, the probability of predicting the
testing image x as the class y; can be computed as:

elzwi) /T

p(yilx) = —¢
k=1

s 6
elzwi)/T ©)
where 7 is a temperature parameter learned by CLIP, (-, -) denotes the Cosine similarity, wy is the
feature derived from t; of the k-th class, and K is the total number of downstream dataset classes.

3.2 Prompt for Quantization

CLIP is challenging to quantify by QAT due to its significant training burden and non-public pre-
training dataset. Furthermore, naive PTQ causes significant quantization error and performance
deterioration of CLIP from full-precision to low-bit. As shown in Fig. 3 (a) and (b), the distribution
of image features is disturbed by PTQ. Fig. 3 (d) and (e) indicate the distortion of text features is
even more serious. To alleviate the quantization error, we must calibrate the output features of the
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low-bit model. Since prompt tuning is effective and efficient, we suggest Prompt for Quantization
(P40Q) to calibrate the output features of the low-bit CLIP quantized by PTQ. The P4Q details are
introduced following.

Following CLIP, we choose ViT-B/32 [13] and a text transformer as the image encoder and text
encoder with the fixed weights. As shown in Fig. 2 (a), the image encoder and text encoder contain
L; and L, blocks respectively. The self-attention module in each block is conducted quantization
following PTQ in sec. 3.1. It should be noted that there is no weights training in PTQ, i.e., the
pre-trained full-precision weights of the encoders are directly quantized to low-bit weights. To
relieve the distribution bias caused by quantization, we replace the hand-crafted prompt templates
with a set of continual trainable vectors named learnable prompt P in the quantized textual stream.
Specifically, P are concatenated with the embedding of a class name, formulating the text description
tx (P) of the k-th class as:

te(P) = [pli[pl2- .. [PIm[CLS]%, 7

where each [p]n, e€RP, me{1,..., M}, is a learnable token of P, and Pe RP*M is shared among all
classes. [CLS] is the text embedding of the k-th class name, which can also appear at the start and
middle of the prompt. The text description is quantized before inputting the self-attention module.

Then the unsigned quantized text encoder produces a text feature Wy, which is formulated as:

Wi = diﬂ[@] + 2pw, 0,27 — 1), ()
A\
where g, represents the quantized text encoder. s, and zpy, are determined by full-precision wy,
the calculation of which can be refer to sec. 3.1. CLIP employs a two-stream structure, requiring
the output feature of the image encoder to align with the output feature of the text encoder. Since
the weights of the image encoder are fixed, the feature of the same image remains constant. It is
difficult to change the distribution of image feature even if prompt is learnable.

Therefore, learnable parameters are in need in the image stream to jointly calibrate the image
feature and the text feature. As shown in Fig. 2 (a), we attach a low-bit module, namely QAdapter,
in the image stream. The QAdapter can project the low-bit image feature Z to the appropriate
distribution based on the text feature wy. The feature Z is formulated as:

fox)

Sz

2 =Q(fp(x)[b) = clip(| 1+2p,,0,2° - 1), ©)
where fg represents the image encoder containing the quantization module. s, and zp, are deter-
mined by full-precision z.

Fig. 4 sketches QAdapter, including two low-bit fully connected layers (QFC) ,
in a bottleneck with a shortcut. The feature v calculated by QAdapter is for-
mulated as:

¥ = ahy(Q(hi(2)|b)) + (1 - @)z (10)

where /; and h;, represent the two QFC layers and « denotes the adaptation
ratio. To simplify the function, we omit the ReLU activation function. We place
QAdapter after the quantized image encoder rather than inside intermedi-
ate transformer blocks. This post-encoder placement directly calibrates the
final visual feature used for image—text similarity while preserving the frozen
PTQ backbone. Inserting adapters into intermediate quantized layers would
change the activation distribution of downstream layers and require additional
calibration.

Quantize

e

Fig. 4. Structure of
QAdapter.
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The similarity prediction between the image x; and the text description of
class y; is finally computed as:
o (0iniy,) /7

pyilxi) = (11)

YK elwuwi/c’

3.3 Optimization Process of P4Q

The key to P4Q is to provide an efficient training paradigm for PTQ. It retains the high efficiency of
PTQ and introduces a learnable prompt and QAdapter to improve the quantization performance.
The purpose of these learnable parameters is to realign the distributions of image and text features.
In this subsection, a joint loss function in supervising prompt and adapter training are detailed
below.

Following the loss function of CLIP, the Cosine similarity of the quantized image feature and
text feature is adopted as the classification loss L. It can directly affect the distribution alignment
of images and text features, which is formulated as:

LRIV

L. =E[-log (12)

To address the distributions of image and text features mismatch that occurred in the quantized
CLIP, the distributions of image and text features of the full-precision model can be used as a
reference. We introduce a knowledge distillation module that uses similarity predictions of the
full-precision teacher as soft targets for the quantized student. Knowledge distillation can help
reduce the difficulty of optimizing the additional parameters in the quantized model and determine
the optimization direction for the cross-modal alignment. The distillation loss is the cross-entropy
with teacher probabilities, equivalently the KL term KL(p; || ps) up to an additive constant:

1 n K
Laist = —— t(k | x;) log ps (k| x;), (13)
- ;: kz:; p gp
where p; (k | x;) is the teacher softmax over K classes computed as in Eq. (6) using full-precision im-
age features z; and text prototypes wy, and p; (k | x;) is the student distribution defined analogously
from (V;, W) as in Eq. (11). The batch size is n, as in Fig. 2 (b).
Different from prior work [58] that needs to match the outputs from every intermediate block,
or further using multi-step progressive structural transition [36], we find that our distillation loss,
while much simpler, can yield competitive results. The overall training losses for our approach are:

L =L+ AL, (14)

where A is a trade-off hyper-parameter. The prompt and QAdapter trained by L, calibrate the text
features and image features effectively. As shown in Fig. 3 (c) and (f), the distributions of P4Q
quantized image and text features are moved to their full-precision counterparts and realigned.

4 Experiments

In this section, we first evaluate the performance of the proposed P4Q method on the image
classification task in Secs. 4.2-4.4. We then examine its generalization abilities in domain gener-
alization in Sec. 4.5, as explored in previous works [56, 55]. Extensive results in image classification
reveal that P4Q surpasses the linear probe fine-tuned low-bit comparisons, forming a lighter model
with full-precision comparable performance. Results in domain generalization experiments demon-
strate that P4Q achieves higher zero-shot accuracy on target datasets than the quantized baselines,
capturing generalizable features that remain effective in unsupervised downstream datasets.
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Table 1. Comparison of the accuracy with PTQ models on CIFAR100 dataset. #Bits (W-A-Attention) denotes
the bit-width of weights, activations, and attention activations (query, key, value, and attention weights). The
best results are bold.

Backbone Method #Bits Top-1 Top-5 FLOPs(G) Size(MB)
Zero Shot CLIP 32-32-32  65.34  89.00 53.188 577.08
+ Prompt 32-32-32  76.51 94.97 53.188 577.08
+ Linear Probe 32-32-32  80.50 - 53.188 577.28
MinMax 8-8-8 64.70  88.85 13.297 146.95
EMA [22] 8-8-8 54.45 83.56 13.297 146.95
Percentile [28] 8-8-8 59.51 85.88 13.297 146.95
‘Baseline [9]  8-8-8 6448 8883  13.297 14695
+ Quantized Linear Probe 8-8-8 79.03 - 13.297 147.45
. +P4Q 8-8-8 79.42 95.49 13.297 147.08
VITB/32 5 seline [9] 4-4-8 46.05 7447 13271 94.76
+ Quantized Linear Probe 4-4-8 66.11 - 13.271 94.78
+P4Q 4-4-8 69.20 91.26 13.271 94.89
Baseline [9] 3-3-8 16.79  38.68 13.266 81.96
+ Quantized Linear Probe 3-3-8 30.53 - 13.266 81.98
+P4Q 3-3-8 47.83 77.66 13.266 82.09
Baseline [9] 2-2-8 5.89 19.48 13.260 68.67
+ Quantized Linear Probe 2-2-8 9.20 - 13.260 68.68
+P4Q 2-2-8 31.09 62.24 13.260 68.80
Zero Shot CLIP 32-32-32  78.28 94.02 167.734 1631.23
+ Prompt 32-32-32  83.65 96.64 180.673 1631.23
+ Linear Probe 32-32-32  89.60 - 170.564 1631.23
Baseline [9] 8-8-8 78.16 94.14 41.933 413.94
+ Quantized Linear Probe 8-8-8 85.44 - 41.933 413.94
+ P4Q 8-8-8 85.41 97.20 41.933 413.94
Baseline [9] 4-4-8 69.49 89.31 41.861 272.84
ViT-L/14  + Quantized Linear Probe 4-4-8 78.14 - 41.861 272.84
+P4Q 4-4-8 80.09 95.42 41.861 272.84
Baseline [9] 3-3-8 49.72 73.74 41.843 237.88
+ Quantized Linear Probe 3-3-8 57.77 - 41.843 237.88
+P4Q 3-3-8 66.74 89.49 41.843 237.88
Baseline [9] 2-2-8 21.71  42.05 41.824 201.87
+ Quantized Linear Probe 2-2-8 19.69 - 41.824 201.87
+P4Q 2-2-8 42.81 72.03 41.824 201.87

4.1 Datasets and Implementation Details

Datasets. Main experiments for the image classification task are carried out on the CIFAR100 [26]
and ImageNet-1k [11] datasets. The CIFAR-100 dataset consists of 60,000 images of size 32 X 32 from
100 classes. Each class contains 500 training images and 100 testing images, and the 100 fine-grained
classes are grouped into 20 superclasses. We use the standard fine-label classification protocol.
The ImageNet-1k dataset contains samples sized 224x224 from 1000 classes. Each class consists
of about 1,300 training and 50 test samples. Following [55], we further utilize ten downstream
datasets to examine the robustness of P4Q. These datasets include one repository for generic object
classification Caltech101 [15], and five repositories for fine-grained classification: OxfordPets [38],
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Table 2. Comparison of the accuracy with PTQ models on the ImageNet dataset. #Bits (W-A-Attention)
denotes the bit-width of weights, activations, and attention activations (query, key, value, and attention
weights).

Backbone Method #Bits Top-1 Top-5 FLOPs(G) Size(MB)
Zero Shot CLIP 32-32-32 6336  88.82 53.188 577.08
+ Prompt 32-32-32  64.70  88.85 55.609 577.08
+ Linear Probe 32-32-32  76.10 - 54.907 577.08
MinMax 8-8-8 63.14 88.78 13.297 146.95
EMA [22] 8-8-8 41.51 71.28 13.297 146.95
Percentile [28] 8-8-8 46.48 73.96 13.297 146.95
‘Baseline [9]  8-8-8 6448 8883  13.297 14695
+ Quantized Linear Probe 8-8-8 66.90 - 13.297 147.45
. +P4Q 8-8-8 66.94 92.50 13.297 147.08
VITB/32 5 seline [9] 4-4-8 56.96 8298  13.271 94.76
+ Quantized Linear Probe 4-4-8 58.80 - 13.271 94.78
+P4Q 4-4-8 61.97 86.22 13.271 94.89
Baseline [9] 3-3-8 45.18 73.85 13.266 81.96
+ Quantized Linear Probe 3-3-8 49.40 - 13.266 81.98
+P4Q 3-3-8 53.62 83.17 13.266 82.09
Baseline [9] 2-2-8 1532 33.73 13.260 68.67
+ Quantized Linear Probe 2-2-8 19.40 - 13.260 68.68
+P4Q 2-2-8 25.19 56.12 13.260 68.80
Zero Shot CLIP 32-32-32  75.54 94.57 167.734 1631.23
+ Prompt 32-32-32  76.90  95.40 180.673 1631.23
+ Linear Probe 32-32-32  79.05 - 170.564 1631.23
Baseline [9] 8-8-8 73.98 93.91 41.933 413.94
+ Quantized Linear Probe 8-8-8 74.67 - 41.933 413.94
+ P4Q 8-8-8 77.69 96.05 41.933 414.22
Baseline [9] 4-4-8 69.95 91.58 41.861 272.84
ViT-L/14  + Quantized Linear Probe 4-4-8 70.23 - 41.861 272.84
+P4Q 4-4-8 75.56 92.85 41.861 273.12
Baseline [9] 3-3-8 66.43  90.59 41.843 237.88
+ Quantized Linear Probe 3-3-8 68.97 - 41.843 237.88
+P4Q 3-3-8 74.23 92.52 41.843 238.16
Baseline [9] 2-2-8 3534 61.53 41.824 201.87
+ Quantized Linear Probe 2-2-8 33.27 - 41.824 201.87
+P4Q 2-2-8 42.05 63.40 41.824 202.15

StanfordCars [25], Flowers102 [37], Food101 [5], and FGVCAircraft [35]. Furthermore, we include
SUN397 for scene recognition [40], UCF101 for action recognition [45], DTD for texture classifica-
tion [10], and EuroSAT for satellite imagery recognition [18]. In domain generalization experiments,
we train a 4-bit P4Q using all data samples from the ImageNet and test the zero-shot performance
on ImageNet-A [19], ImageNet-R [20], ImageNet-V2 [43], ImageNet-Sketch [48].

Baseline and Comparisons. To the best of our knowledge, there is no publicly available source
code on Post-Training Quantization (PTQ) of CLIP at this point, so we implement a PTQ baseline
using OMSE [9]. The baseline employs signed channel-wise quantization for weights and unsigned
layer-wise quantization for activations following Eq. 1. We randomly sample 10 iterations of training
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images as the calibration data to solve Eq. 5 and obtain scales and zero-points via Eqs. 2-4. We
include some conventional PTQ methods as low-bit comparisons, including MinMax, EMA [22]
and Percentile [28]. Building on these PTQ baselines, we further validate the effectiveness of our
P4Q framework, ensuring that performance improvements stem specifically from our proposed
Q-Adapter distribution alignment and prompt-based calibration. We also introduce a supervised
low-bit comparison termed Quantized Linear Probe. Here, the linear classifier parameters are
quantized using MinMax, while all other parameters follow the same OMSE-based PTQ baseline
described above.

Experimental settings. In the experiments, we choose ViT-B/32 [13] and a text transformer
as image and text encoder, both initialized with pre-trained full-precision CLIP weights with
L; = L; = 12. Learnable prompt tokens use M=16, are drawn from N (0,0.02%) at initialization,
and are trained with SGD at learning rate 5x10~* and weight decay 0. QAdapter uses 8-bit QFC
layers, adaptation ratio @=0.2, Kaiming-uniform weight initialization and zero bias initialization,
and AdamW with initial learning rate 1073, The distillation weight is A=1.

We train P4Q for 50 epochs in the main experiments. For the ImageNet-based prompt-tuning
setting, this follows the 50-epoch ImageNet setting used in CoOp [56]. The train, validation, and
calibration batch size is set to 128. We explore two adaptation methods on full-precision models:
Linear Probe, which adopts a linear classifier on CLIP image features, and Prompt, which employs
learnable prompt on full-precision models as detailed in Sec. 3.2, trained for 50 epochs. We implement
these methods using PyTorch [39] on 4 NVIDIA 3090Ti GPUs with 24 GB memory.

4.2 Results on CIFAR-100

We evaluate P4Q against low-bit PTQ baselines and a quantized linear probe on CIFAR-100. Table 1
summarizes the results for CLIP-ViT-B/32 and CLIP-ViT-L/14. For ViT-B/32, standard PTQ baselines—
including MinMax, EMA [22], Percentile [28], and the OMSE baseline—perform poorly in low-bit
settings; for example, top-1 accuracy reaches only 5.89% in the 2-bit setting. In contrast, P4Q
recovers substantial accuracy, lifting the 2/3/4/8-bit baseline by +25.20%, +31.04%, +23.15%, and
+14.94%, respectively. Compared to the quantized linear probe, P4Q gains +21.89%, +17.3%, +3.09%,
and +0.39% at 2-bit, 3-bit, 4-bit, and 8-bit, respectively. 8-bit P4Q reaches 79.42% top-1 accuracy,
exceeding the full-precision prompt-tuned model by 2.91% and matching full-precision linear
probe performance. For the larger ViT-L/14, P4Q outperforms the PTQ baseline by large margins,
with gains of +21.10, +17.02, +10.60, and +7.25 percentage points at 2-bit, 3-bit, 4-bit, and 8-bit,
respectively. The 2-bit variant attains 42.81% top-1 accuracy, while 3-bit, 4-bit, and 8-bit versions
achieve 66.74%, 80.09%, and 85.41%, respectively. Relative to the quantized linear probe, P4Q is
higher at 2/3/4-bit by +23.12, +8.97, and +1.95 percentage points, respectively, and lower at 8-bit by
0.03 percentage points, i.e., 85.41% versus 85.44%. For instance, 4-bit P4Q compresses the model
size by 6.1%, reduces FLOPs by 4.0, and still delivers 69.20% top-1 accuracy on ViT-B/32, forming
a highly efficient yet accurate variant suitable for edge deployment.

4.3 Results on ImageNet-1k

We further evaluate P4Q on the large-scale ImageNet-1k benchmark. Results are summarized in
Table 2. For ViT-B/32, standard PTQ baselines exhibit a sharp accuracy drop in low-bit settings;
for example, top-1 reaches only 15.32% in the 2-bit setting. P4Q recovers substantial performance,
improving the 2/3/4/8-bit baseline by +9.87, +8.44, +5.01, and +2.46 percentage points, respectively.
Compared to the quantized linear probe, P4Q improves Top-1 by +5.79, +4.22, +3.17, and +0.04
percentage points at 2-bit, 3-bit, 4-bit, and 8-bit, respectively. 8-bit P4Q reaches 66.94% top-1
accuracy, outperforming the full-precision prompt-tuned model by 2.24%. With the larger ViT-L/14
model, P4Q also surpasses the quantized linear probe in Top-1 accuracy across all bit-widths,
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4-Bit Linear Prob vs. 4-Bit P4Q (ViT-B/32)
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Fig. 5. Comprehensive comparisons of 4-bit Linear Probe and P4Q across 13 datasets using the ViT-B/32
backbone demonstrate that P4Q consistently outperforms Linear Probe in all datasets, with an average
improvement of 4.7%.

with margins of +8.78, +5.26, +5.33, and +3.02 percentage points at 2-bit, 3-bit, 4-bit, and 8-bit,
respectively. The 2-bit variant attains 42.05% Top-1 accuracy, while 3-bit, 4-bit, and 8-bit versions
achieve 74.23%, 75.56%, and 77.69%, respectively. These results confirm that P4Q maintains robust
accuracy on large-scale vision tasks while enabling significant model compression and inference
acceleration, demonstrating its scalability and practicality for real-world deployment.

4.4 Results on Diverse Datasets

To further evaluate the robustness and generalizability of P4Q, we benchmark it against 4-bit linear
probe across thirteen diverse image classification datasets. As illustrated in Fig. 5, P4Q consistently
surpasses the performance of standard 4-bit linear probing on all datasets, achieving an average
improvement of +4.7% in Top-1 accuracy. Notably, P4Q delivers substantial gains in several datasets
with challenging characteristics: +11.2% on CIFAR10, +9.2% on Caltech101, and +6.5% on OxfordPets.
Mid-level improvements are observed on datasets such as ImageNet at +5.1%, UCF101 at +5.6%,
and SUN397 at +5.3%, highlighting the ability of P4Q to generalize well to both object- and scene-
centric tasks. Smaller yet consistent improvements are also present in fine-grained datasets such as
FGVCAircraft at +2.9%, Flowers102 at +3.0%, and StanfordCars at +2.3%, as well as domain-specific
datasets such as EuroSAT at +1.1% and DTD at +1.2%. These consistent improvements across
datasets of varying complexity and domain confirm the effectiveness of P4Q in enhancing the
performance of low-bit CLIP. By significantly improving performance while reducing deployment
cost, P4Q proves to be a robust solution for deploying multimodal models in resource-constrained
environments.

4.5 Domain Generalization

In domain generalization experiments, we train a 4-bit P4Q using all data samples from the ImageNet-
1k train and test the zero-shot performance on four out-of-distribution datasets. As shown in
Table 3, P4Q demonstrates consistent improvements over the quantized baselines. For instance,
the 10-epoch and 20-epoch 4-bit P4Q models improve ImageNet-V2 accuracy by 1.47 and 1.62
percentage points over the PTQ baseline of 50.45%, respectively, indicating that P4Q captures
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Table 3. Comparison of generalization performance in the domain generalization setting. P4Q achieves higher
accuracy on downstream target datasets than the PTQ baseline. In contrast, the prompt learning comparison
lowers the baseline by a consistent margin, demonstrating a risk in overfitting base dataset classes. For
the Quantized Linear Probe baseline, only the source-domain ImageNet Top-1 is reported, since the linear
classifier is trained on the source domain and does not zero-shot transfer to disjoint label spaces.

Method #Bits Source Target Datasets
ImageNet -A -R -V2 -Sketch

Zero Shot CLIP 32-32-32  63.36 31.54 69.36 56.72 41.30
Baseline [9] 4-4-8 56.96 22.64 66.48 50.45 33.04

+ Quantized Linear Probe 4-4-8 58.80 - - - -

+ Prompt 4-4-8 58.50 22.12 65.78 50.12 32.65

+ P4Q (10 epochs) 4-4-8 59.63 22.62 66.56 51.92 34.25

+ P4Q (20 epochs) 4-4-8 61.21 22.65 66.52 52.07 33.40

+ P4Q (50 epochs) 4-4-8 61.97 22.62 66.56 50.65 32.92

generalizable features that remain effective in unsupervised domains. In contrast, prompt learning
shows a consistent decline in performance, such as a drop to 22.12% on ImageNet-A and 50.12% on
ImageNet-V2, indicating a risk of overfitting to the source dataset compared to manual prompts.
The generalization capabilities of low-bit P4Q models can be attributed to two factors. For one,
the PTQ approach for quantizing the CLIP encoders minimizes alterations to the pre-trained
parameters. In contrast, QAT methods risk overfitting the quantized model to downstream datasets.
Additionally, the distillation process of the P4Q model leverages logits from its full-precision
counterpart, derived from the pre-trained model’s performance on the source dataset. This method
ensures the retention of critical prior knowledge from the pre-trained model, contributing to the
preservation of generalization performance on unsupervised target datasets.

Meanwhile, we observe that the training duration can affect the transfer performance of P4Q.
The 50-epoch schedule follows the ImageNet setting used in CoOp and is used as the default for
the main in-domain comparison. However, shorter schedules can be preferable for some transfer
settings. For example, the 20-epoch model achieves the best ImageNet-V2 result, while the 10-epoch
model achieves the best ImageNet-Sketch result in Table 3. This phenomenon aligns with prior
research where supervised adaptation methods on CLIP, such as linear probe [41] and prompt
tuning [56], often lead to improved training set performance at the cost of reduced generalizability.

4.6 Convergence Analysis

In Fig. 6, we present the Top-1 accuracy trends of P4Q across varying quantization configurations
at 2-bit, 3-bit, 4-bit, and 8-bit over training epochs, evaluated on five datasets: CIFAR-100, CIFAR-
10, Caltech101, Food101, ImageNet, and a combined average. Across all bit widths and datasets,
P4Q consistently outperforms the PTQ baseline, demonstrating its robust effectiveness in low-bit
regimes. Notably, P4Q achieves substantial gains even within the first five epochs. The phenomenon
is especially significant in ultra-low-bit settings such as 2-bit, where baseline models suffer from
severe performance degradation. Additionally, we observe stable convergence behavior across all
configurations. As training progresses, the performance gap between different bit settings becomes
more pronounced, reflecting P4Q’s ability to fully exploit the representational capacity of each
bit configuration. The 4-4-8 and 8-8-8 variants nearly match full-precision performance across
datasets, exhibiting strong performance. These results suggest that the P4Q not only enhances the
low-bit model’s performance efficiently but also ensures stable training, making it a compelling
choice for deployment in resource-constrained environments.
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Fig. 6. Top-1 Accuracy over epochs on the 5 datasets. P4Q on zero epoch represent the baseline model of the
corresponding bit type. The yellow dashed lines indicate the Zero Shot CLIP performance on each dataset.

4.7 Ablation Study

In the following experiments, we explore the best-performed structure of P4Q by ablating and
tuning its parts. All tests are performed on CIFAR100 dataset.

4.7.1 Component Analysis. Table 4 ablates prompt tuning and QAdapter on CIFAR-100 under
the 4-4-8 setting. Prompt tuning alone improves Top-1 accuracy from 46.05% to 63.89%, while
the visual QAdapter alone reaches 66.28%. Their combination, namely P4Q, further improves the
result to 69.20%, outperforming the visual QAdapter alone by 2.92 percentage points and matching
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Table 4. Component Analysis of P4Q on CIFAR-100. Bold indicates best quantized performance. FLOPs
measured in billions (G), model size in megabytes (MB).

Method #Bits Top-1(%) FLOPs(G) Size (MB)
Full Precision 32-32-32 65.34 - -
Baseline [9] 4-4-8 46.05 13.271 94.76

+ Prompt 4-4-8 63.89 13.271 94.76

+ QAdapter 4-4-8 66.28 13.271 94.89

+ QAdapter-text 4-4-8 60.50 13.271 94.76

+ QAdapter-text, QAdapter 4-4-8 65.07 13.271 94.89
+P4Q 4-4-8 69.20 13.271 94.89

Table 5. Evaluating the losses of P4Q. Bold indicates best performance.

Method A Epochs #Bits Top-1 (%)

Full Precision - - 32-32-32 65.34

Baseline [9] - - 4-4-8 46.05

+ Laist - 20 4-4-8 64.50

+ L. - 20 4-4-8 66.34
0.5 20 4-4-8 67.80

+ P4Q 1.0 20 4-4-8 68.12
1.5 20 4-4-8 67.76

the ViT-B/32 4-bit P4Q result in Table 1. This improvement introduces only 0.13 MB additional
parameters and keeps the FLOPs unchanged.

We further implement QAdapter-text by applying the same bottleneck adapter to the final
text feature Wy, producing an adapted text prototype Gix. As shown in Table 4, QAdapter-text
performs post-encoder prototype correction on class text embeddings, which are shared across
inputs. In contrast, the visual QAdapter performs input-conditioned calibration on quantized image
features. Combining QAdapter-text with the visual QAdapter achieves 65.07%, which is higher
than QAdapter-text alone at 60.50%, but still lower than the visual QAdapter alone at 66.28%. This
suggests that the text-side residual does not provide complementary gains once visual calibration
is applied. Therefore, P4Q uses prompt tuning for text-side adaptation and the visual QAdapter for
image-branch calibration.

4.7.2  Hyper-parameters Selection. We select the hyper-parameters prompt
length M and adaptation ratio « using a 4-bit P4Q trained for 20 epochs. =~ wdsf=—immy
Top-1 accuracy under different hyper-parameter pairs {M , a} is presented

in Fig. 7. Results indicate that performance initially improves and then | v
declines as a varies from 0 to 1. This demonstrates the necessity of image . / : g‘;
feature adaptation, with full adaptation at @ = 1 outperforming the vanilla - _ ek
base at @ = 0. Additionally, P4Q with prompt learning exhibits stronger D vaeore

performance than with M = 0, but full prompt learning at M = 32 performs Fie 7. Effect of bromot
worse than all alternatives. Exploring the setups, we identify {M , a} = {16, IeﬁgtE and a daztatkfn
0.2} as the combination that boosts P4Q’s performance the most, achieving _..” (M, a}.
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Table 6. Effect of attention bit-width on ImageNet (CLIP ViT-B/32). 32-32-32 (FP) is full precision under
the linear-probe protocol (cf. Table 2). Rows 4-4-8 / 4-4-4 are PTQ-only sweeps over attention precision and
are not comparable to the adapted 61.97% Top-1 P4Q entry in Table 2. W-A-Attn: weight, activation, and
attention bit-widths.

Bits (W-A-Attn) Top-1 Top-5 A
32-32-32 (FP)  76.1 93.2 -
4-4-8 66.9 92.5 -9.2
4-4-4 57.4 85.1 -18.7

68.12% Top-1 accuracy. Based on the ablative study above, we set hyper-parameters M and « as 16
and 0.2 for the experiments in this paper.

4.7.3  Loss Analysis. We analyze the effectiveness of the proposed L. and Ly;s; in the 4-bit setting,
trained for 20 epochs as listed in Table 5. Relative to the 4-bit PTQ baseline of 46.05%, Ly;s; alone
yields +18.45 percentage points to 64.50%, and L, alone yields +20.29 percentage points to 66.34%.
With both losses and A=1, Top-1 reaches 68.12%, i.e., +1.78 percentage points over L. alone; this
setting gives the best A among {0.5, 1.0, 1.5}.

4.7.4  Effect of Attention Bit-Width. We further analyze the sensitivity of attention precision under
low-bit quantization. Specifically, we vary the attention activation bit-width while keeping weight
and non-attention activation precision fixed. Table 6 reports results on ImageNet using CLIP
ViT-B/32. We observe that reducing attention precision from 8-bit to 4-bit leads to a substantial
accuracy drop of about 9.5 percentage points in absolute Top-1 when comparing the 4-4-8 and
4-4-4 settings, indicating that attention maps are significantly more sensitive to quantization noise
than linear layers. This phenomenon is consistent with prior multimodal PTQ findings, where
attention activations are typically preserved at higher precision to stabilize softmax dynamics and
cross-modal alignment. Based on these observations, we adopt the W4A4Attn8 configuration as a
balanced and commonly accepted setting.

5 Discussions

While our experimental evaluation focuses on image classification, the P4Q framework is designed
with generality in mind. It addresses a fundamental challenge in quantized multimodal models:
the embedding space misalignment introduced when vision and language encoders are quantized
independently. This issue is not unique to classification and is likely to affect any downstream task
relying on cross-modal feature matching.

The proposed quantization-aware prompt tuning and Q-Adapter modules could therefore be
explored beyond classification. Potential extensions include open-vocabulary detection and segmen-
tation, where methods [56, 55] have demonstrated the transferability of prompt-based adaptation. In
such settings, P4Q might maintain alignment between quantized visual features and task-adapted
textual prompts. Similarly, for vision-language reasoning models that feed visual embeddings
into a frozen language model, P4Q could serve as a lightweight calibration interface to mitigate
quantization-induced error propagation, drawing inspiration from recent prompt-based VLM
adaptation works [14].

P4Q can be extended to recent MLLMs by placing QAdapter at the modality-bridging interface
between visual representations and the language model. In projector- or connector-based architec-
tures, the projected visual-token sequence can be adapted as V=V+ QAdapter(LN(V)), where V
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denotes the visual tokens after the vision-language connector. This design keeps the quantized back-
bone frozen and calibrates the visual tokens before they are processed by the language model. For
models such as Qwen2.5-VL [2] and LLaVA-OneVision-1.5 [1], the same interface-level calibration
can be applied after the visual encoder or vision-language connector, because the visual represen-
tations are ultimately mapped into the language-model embedding space. For Qwen3-VL [3], which
introduces DeepStack-style multi-level visual feature injection, one may retain one QAdapter at
the final vision-language bridge or place lightweight adapters at the injected visual-feature levels.
These extensions do not modify the quantized LLM backbone. A systematic empirical study on
these newer architectures is left to future work.

6 Conclusion

This paper proposes a method that integrates parameter-efficient fine-tuning with quantization
named “Prompt for Quantization” (P4Q) to enable efficient and effective deployment of CLIP in
downstream applications. We design a low-bit and lightweight adapter with learnable prompts to
significantly improve the recognition performance of a PTQ model. Besides, we propose a joint
loss function including a contrastive loss and a distillation loss, which can effectively align the
cross-modal distributions of the quantized model to their full-precision counterparts. Overall,
our P4Q quantized low-bit CLIP models obtain superior performance than PTQ baselines, even
achieving comparable results to its full-precision counterparts with negligible added parameters on
13 diverse image classification datasets. In our future work, we will explore the potential of our
method in more diverse VLMs and other applications.
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