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Abstract. Pre-trained Vision Transformers (ViTs) have shown strong
performance across diverse tasks, creating increasing demand for efficient
fine-tuning and compression for downstream deployment. Existing Vector
Quantization (VQ) methods achieve high compression ratios, yet strug-
gle to balance fine-tuning efficiency and downstream performance. In this
work, we propose Vector Quantization Tuning (VQT), a novel framework
for efficient fine-tuning and compression of pre-trained ViTs. We iden-
tify Coupled Vector Quantization Noise (CVQN) as a key factor limiting
performance. It arises from the interaction between Low-Rank Adapta-
tion (LoRA) and the Straight-Through Estimator (STE), which degrades
optimization effectiveness under vector quantization. To address this,
VQT employs a VQ-aware fine-tuning process that stochastically replaces
vector-quantized weights with continuous counterparts to reduce CVQN,
while progressively aligning the model toward fully vector-quantized rep-
resentations to ensure consistency between fine-tuning and deployment.
Furthermore, VQT enables efficient storage for multi-task deployment
by storing only lightweight task-specific parameters in the cloud, with
less than 1 bit per parameter needed to reconstruct compressed models.
Extensive experiments show the advantages of VQT over state-of-the-
art baselines in performance and efficiency at high compression ratios.
For example, at 1-bit compression, VQT surpasses the advanced baseline
by 9.5% on the VTAB-1K benchmark while fine-tuning only 0.8% of the
parameters. The code is available: https://github. com/leenas233/VQT.

Keywords: Vector quantization - Parameter-efficient fine-tuning - Net-
work compression

1 Introduction

Vision Transformers (ViTs) pre-trained on large-scale datasets exhibit strong
generalization capability across a wide range of downstream tasks. Empirically,
increasing model parameters can consistently improve representational power
and performance, making large ViTs particularly effective. To efficiently fine-tune
such models to task-specific scenarios, Parameter-Efficient Fine-Tuning (PEFT)
methods [16,17,[20,/27] have become a practical and widely adopted solution.
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Fig. 1: (a) Quantized PEFT (Q-PEFT) achieves efficient fine-tuning but limited com-
pression. (b) Advanced Vector Quantization (VQ) attains high compression at the cost
of fine-tuning and multi-task storage efficiency. (¢) Our VQT delivers both high com-
pression and efficient fine-tuning with lightweight multi-task storage.

Despite the fine-tuning efficiency of PEFT, fine-tuned models still retain the
original size, limiting their deployment on resource-limited edge devices.

Building on PEFT, Quantized Parameter-Efficient Fine-Tuning (Q-PEFT)
methods [2}8,22,|40] combine quantization with task-specific fine-tuning. They
enable both model quantization (i.e., compression) and efficient fine-tuning, al-
lowing task-specific compressed models to be obtained efficiently within a uni-
fied training procedure (i.e., single-stage process), without requiring a separate
post-training compression procedure after fine-tuning a pre-trained model on a
downstream task. Nevertheless, as shown in Fig. a)7 these methods focus on
Scalar Quantization (SQ), which struggles to maintain performance at extremely
low bit-widths (e.g., below 2 bits), i.e., high compression ratios.

Unlike SQ, Vector Quantization (VQ) can achieve extremely high compres-
sion ratios. Early VQ methods [33| typically cluster continuous weight sub-
vectors to the nearest codeword in a codebook and then fine-tune the codebook
using task-specific loss. However, updating only the codebook limits task-specific
fine-tuning, as sub-vectors sharing a codeword are constrained to identical up-
date directions [26]. Codeword reassignment can unleash fine-tuning potential.
Advanced VQ methods |5-7,26] achieve this via soft assignments or splitting sign
bits, but, as shown in Fig. b), they rely on a large number of independently
learnable parameters or on knowledge distillation that can only be applied in a
post-training procedure, lacking efficiency in fine-tuning and multi-task storage.
Designing VQ methods that support efficient fine-tuning and compression within
a unified training procedure for downstream tasks remains challenging.

In this work, we propose Vector Quantization Tuning (VQT), a novel frame-
work for efficient fine-tuning and compression of pre-trained ViTs, as shown
in Fig. [I|c). We first analyze the compatibility between Low-Rank Adaptation
(LoRA) and VQ, where both LoRA parameters and codebooks are fine-tuned us-
ing task loss, followed by codeword reassignment via nearest-neighbor selection
for each LoRA-updated sub-vector. Since this codeword reassignment process
is discrete and non-differentiable, the Straight-Through Estimator (STE) |1] is
commonly used to approximate gradients |10|18]. However, we observe that the
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interdependence among LoRA parameters amplifies the gradient approximation
error introduced by STE, producing an accumulated disturbance termed Cou-
pled Vector Quantization Noise (CVQN). CVQN perturbs LoRA updates and
leads to incorrect codeword reassignments, degrading downstream performance.
To address this issue, we design a VQ-aware fine-tuning process which jointly
fine-tunes LoRA parameters and codebooks. Instead of directly optimizing un-
der fully vector-quantized representations, VQT uses a stochastic sub-vector
replacement strategy that partially restores continuous representations during
fine-tuning, mitigating CVQN to enable stable LoRA updates and codeword
reassignments. Meanwhile, VQT progressively aligns the intermediate represen-
tations with their fully vector-quantized counterparts, preventing optimization
mismatch between fine-tuning and deployment. Furthermore, VQT stores only
lightweight task-specific parameters rather than full compressed models for each
downstream task, substantially reducing multi-task storage overhead.

We evaluate VQT on various pre-trained ViTs, including ViT-B [11], ViT-
L |11], and SAM-H [24], across diverse downstream tasks. Extensive experiments
show that VQT consistently outperforms state-of-the-art methods at high com-
pression ratios while fine-tuning and storing only lightweight task-specific pa-
rameters for multiple downstream tasks.

The contributions of this work are summarized as follows:

1) We analyze the compatibility between LoRA and VQ and identify CVQN,
which perturbs LoRA updates and causes incorrect codeword reassignments.

2) We propose VQT, a novel framework for efficient fine-tuning and com-
pression of pre-trained ViTs, which employs stochastic sub-vector replacement
to mitigate CVQN and progressive alignment to prevent optimization mismatch.

3) We design an efficient storage strategy for multi-task deployment based
on VQT, storing only a lightweight set of necessary parameters instead of full
compressed models for each downstream task.

4) Extensive experiments across diverse downstream tasks and pre-trained
ViTs show the effectiveness of VQT in efficient fine-tuning and compression.

2 Related Works

Pre-trained vision transformers. ViTs [11] pre-trained on large-scale datasets
have become powerful foundation models for visual representation learning. Rep-
resentative models such as ViT [11], SAM [24], CLIP [36], and DINOv?2 [35] show
strong generalization across downstream tasks, where fine-tuning often achieves
state-of-the-art performance |4,/20,27,43] without training task-specific models
from scratch. However, their large parameter sizes make fine-tuning and deploy-
ment costly, motivating efficient fine-tuning and compression methods.

Parameter-efficient fine-tuning. PEFT methods [3}(17}/20,27,30,{44] adapt
large-scale pre-trained models to downstream tasks by updating only a small
subset of parameters. Among them, LoRA [17] fine-tunes lightweight low-rank
matrices and merges them into pre-trained weights to reduce training cost. How-
ever, standard PEFT methods do not reduce the model size at deployment, lim-
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iting their application on resource-constrained edge devices. Recent Quantized
PEFT (Q-PEFT) methods [2}8]/22,37,40] combine PEFT with quantization tech-
niques [9{14,28]. These approaches typically quantize pre-trained weights while
fine-tuning lightweight parameters, such as LoRA parameters or quantization
scaling factors, in a unified training procedure. Nevertheless, these methods pri-
marily rely on Scalar Quantization (SQ) and consequently suffer from significant
performance degradation at extremely low bit-widths (e.g., 2 bits or below).
Vector quantization. VQ compresses models by clustering weight sub-vectors
into codebook codewords and storing their assignments. PQF [33| reorders weight
dimensions to reduce clustering errors and fine-tuning the codebook with respect
to the target loss, but it keeps codeword assignments fixed. VQ4DiT [6] and ViM-
VQ [7] leverage soft assignments over candidate codewords to improve codeword
reassignment, but they rely on post-training procedures following the knowledge
distillation paradigm and introduce many learnable parameters. SSVQ |26] splits
and fine-tunes the sign bits independently from the codebook, allowing sub-
vectors to update in different directions during fine-tuning, which essentially
achieves codeword reassignment through sign changes, but its large number of
independent learnable parameters still limits fine-tuning efficiency. In this work,
we focus on using VQ to achieve efficient fine-tuning and compression.

3 Preliminaries and Motivation

3.1 Preliminaries

Low-rank adaptation. LoRA [17] is a representative PEFT method with many
variants [29}30,/42]. The basic LoRA is widely used and defined as:

W =Wy + a- BA, (1)

where B € RM*" and A € R"™ ¥ are trainable LoRA parameters with r <
min(M, N), Wy € RM*N is the frozen pre-trained weight, W € RM*¥ is the
fine-tuned weight, and « is a scalar. The weight update at epoch (¢ + 1) is:
Wipn =Wo+a-(Bi—n-a-Gw,A) (A —n-a- Bl Gw,)
= W, —na®(B;Bl Gw, + Gw, AT A; — naGw, AT Bl Gw,),  (2)

AW,

where 7 is the learning rate, Gy, is the gradient w.r.t. Wy, and AW, denotes
the weight update at ¢t-th epoch during fine-tuning.

Codebook and assignments in vector quantization. Let W € RM*N (e-
note a continuous uncompressed weight matrix of a ViT linear layer, partitioned
into 2N sub-vectors w; € R' 9, forming W = {wl}:iTJlV . VQ constructs a code-
book C = {c}£ | by clustering these sub-vectors (e.g., K-Means [15]) into K
centroids (i.e., codewords). Each sub-vector is assigned to its nearest codeword,
producing the assignment set 4 and the vector-quantized sub-vectors W:

. gy MN .« o MN
A={a; | a; = argmin|lw; —ck|"}, 5, W=A{d; |0 =ca, };, 0. (3)
k
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Fig.2: (a) VQ consistently achieves lower MSE than SQ, especially at very low
bitwidths, where SQ (group=128/256) applies finer-grained partitioning along input di-
mensions |14] than channel-wise SQ. (b) Evaluated on ViT-B [11] with VTAB-1K [41],
reporting average accuracy at 2 bits. "Train (%)" denotes the ratio of trainable param-
eters. Our method surpasses VQ baselines with lightweight fine-tuned parameters.

When deployed on edge devices, the compressed model consists of codebook
C and the assignments A. Let b,, and b. denote the bit-widths of the original
weights and codewords, respectively. The compression ratio (C'R) and the aver-
age bit-width per weight value (Bit) are given as follows:

MNb, by  logy K = Kdb,

CR = . Bit= 2w _ . 4
MY log, K + Kdb,” ' CR d MN 4

At inference, W is reconstructed by indexing C with A.

In this work, we update both the continuous W (with LoRA) and the code-
book C by minimizing the task loss, and then reassign codewords by selecting the
nearest codeword to each LoRA-updated continuous sub-vector of W according
to Eq. [3] This guides codeword reassignment toward the task-specific objective.

3.2 Motivation

Efficient fine-tuning and model compression facilitate the use of pre-trained ViTs
on resource-limited devices across diverse downstream scenarios. Q-PEFT meth-
ods |2/22,|40] perform fine-tuning and quantization of pre-trained models in a
unified training procedure, i.e., single-stage process without a separate post-
training procedure. By fine-tuning only lightweight learnable parameters, these
methods incur low overhead (e.g., GPU memory usage) and enable efficient
storage for multiple tasks: only task-specific lightweight parameters need to be
stored in the cloud and be loaded to reconstruct the quantized model for dif-
ferent downstream tasks. However, these methods typically rely on SQ, which
incurs large errors at very low bit-widths (e.g., 2 bits or below), as shown in
Fig.[2a] limiting compression ratios. In contrast, VQ yields much lower errors in
extreme low bit-widths, which is more suitable for high-compression scenarios.
To enable effective downstream fine-tuning, VQ must balance the fine-tuning
efficiency and the capacity of weight sub-vector updates, corresponding to fine-
tuning overhead and downstream performance. As shown in Fig[2h] existing VQ
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Fig. 3: (a) LoRA updates for a sub-vector are affected by STE-induced errors (Es7g)
from all its coupled sub-vectors. (b) LoRA updates amplify STE-induced errors, pro-
ducing Coupled Vector Quantization Noise (Ecvon), which distorts the update direc-
tions and magnitudes. Left: Contour plots of the joint probability distribution of up-
date direction distortions, with numbers indicating cumulative probability of enclosed
regions, where Gii""™™ := Gw + Esre. Right: Probability density of update mag-
nitude distortions under negligible STE-induced errors (||Esrel2/||Gwl2 < 0.001).
Observations are from the 1st and 4th blocks of ViT-B fine-tuned on VTAB-1K [41].

methods struggle to achieve this balance. Early VQ methods, such as PQF [33],
use fixed assignments and only fine-tune codebooks, which is parameter-efficient
but restricts sub-vector flexibility, limiting performance. Advanced VQ meth-
ods |6}[7,26], such as VQ4DIT [6] or SSVQ [26], employ soft assignments or split
sign bits to support codeword reassignment, increasing the flexibility of weight
sub-vector updates. However, these designs inevitably introduce a large num-
ber of independently learnable parameters and complex fine-tuning strategies,
substantially increasing overhead and reducing efficiency. In addition, these ad-
vanced VQ methods are less efficient for multi-task deployment, as they require
storing a full task-specific compressed model for each downstream task in the
cloud, resulting in higher storage overhead compared to the lightweight param-
eters used in Q-PEFT methods. Integrating PEFT techniques into VQ offers
a more balanced solution, preserving fine-tuning efficiency and capacity while
enabling lighter storage for multi-task deployment via task-specific parameters.

4 Coupled Vector Quantization Noise

To achieve efficient fine-tuning and compression in a unified training procedure,
we incorporate LoRA into VQ by jointly fine-tuning the codebooks and LoRA pa-
rameters. During fine-tuning, the LoRA-updated weights W are vector-quantized
into W via Eq. [3| to enable task-specific codeword reassignments.

Since VQ is inherently non-differentiable and blocks gradient propagation
to the LoRA parameters, we adopt the Straight-Through Estimator (STE) [1]
to approximate gradients for the LoRA-updated continuous weights W. STE
is a highly efficient and widely adopted solution for handling non-differentiable
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Fig. 4: Overview of VQT. It performs VQ-aware fine-tuning with stochastic sub-vector
replacement to mitigate the CVQN and progressive alignment to prevent optimization
mismatch between fine-tuning and deployment.

quantization in prior works and introduces no additional computa-

tional overhead. The approximate gradient of LoRA-updated continuous weights

W via STE is estimated as: Gjp*"* := Gy;,, where Gy, is the true gradients of

vector-quantized weights W. The STE-induced error Egrpg between the approx-
approx

imate gradient Gy, and the true gradient Gy of W can be formalized using
a Taylor expansion of the loss £ around W followed by differentiation:

Lw ~ Ly + Gy (W —W)+0.5- (W —W)THy, (W — W),
GEPPT* = G~ Gw —Hy, (W — W), (5)
e — |
Esre

where H 3, is the hessian of loss £ with respect to W. Since Gy is approximated
as GipP"7", substituting it into Eq. [2] injects noise in LoRA updates:

W1 = Wi + AWy + Nevon,

(6)
Nevon =na? (BB Estp + Este Al Ay — naEsrp Al BY Estr),

where Noygn are defined as the Coupled Vector Quantization Noise (CVQN).
Asillustrated in Fig. @ CVQN for each sub-vector arises from Fgrg propagated
from other sub-vectors in the same row or column (coupled sub-vectors). There-
fore, the impact of STE-induced error Egrg on sub-vector updates is amplified.
As shown in Fig. even when Egrp of each sub-vector is small, for example
when the cosine similarity between Gi5""™* and Gy exceeds 0.9, LoRA amplifies
this error, producing Ncygn that distorts update directions, making them de-
viate more severely than the original directional difference between Gip*"* and
Gw. This perturbs LoRA updates, causes incorrect codeword reassignments,

and ultimately degrades the performance of the compressed model.

5 Vector Quantization Tuning

To address the limitations of CVQN, we propose VQT for efficient fine-tuning
and high-ratio compression via VQ. We first apply the K-Means to the pre-
trained linear-layer weights to initialize the codebook Cy and assignments Ag. As
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shown in Fig. [d VQT then performs VQ-aware fine-tuning for each downstream
task 7 by jointly updating codebooks and LoRA parameters with codeword
reassignment, producing a task-specific codebook C(™) and assignments A(7).

5.1 Stochastic Sub-vector Replacement

As analyzed above, CVQN arises from STE-induced errors propagated among
coupled sub-vectors. Therefore, mitigating CVQN requires restricting the accu-
mulation and propagation of these errors across coupled sub-vectors.

A crucial insight is that STE-induced errors occur only when a sub-vector
is vector-quantized. If a sub-vector remains continuous during fine-tuning, its
gradients propagate exactly, thereby avoiding STE-induced errors entirely. Based
on this observation, we propose a stochastic sub-vector replacement strategy that
selectively breaks the coupling causing CVQN. Specifically, during fine-tuning,
each weight sub-vector is stochastically represented as either a vector-quantized
sub-vector or its continuous counterpart:

S — | I — |
Continuous-anchored VQ-anchored

where w; is the LoRA-updated continuous sub-vector, w; is the vector-quantized
sub-vector, w; denotes a sub-vector of the intermediate W; used during forward
and backward passes in fine-tuning, sg(-) denotes the stop-gradient operator, z; ~
Bernoulli(p) indicates whether the i-th sub-vector uses the continuous-anchored
or vector-quantized-anchored mode, and p is the replacement probability.

The continuous-anchored and VQ-anchored modes play complementary roles.
In the continuous-anchored mode, the sub-vector w; receives the true gradient of
w; to optimize LoRA. A large proportion of sub-vectors in this mode reduces the
STE-induced errors from coupled sub-vectors, mitigating the impact of CVQN.
Meanwhile, the term w; —sg(w;) propagates an approximate gradient to the cor-
responding codeword. Although this gradient still contains STE-induced errors,
it only updates the codebook and does not affect LoRA. In the VQ-anchored
mode, the w; receives the true gradient of w; to optimize the codebook. Moreover,
its vector-quantized state also allows sub-vectors in the continuous-anchored
mode to sense vector quantization effects, enabling VQ-aware fine-tuning.

5.2 Progressive Alignment

Although stochastic sub-vector replacement mitigates CVQN, the optimization
objective is minimizing L3, where W is composed of the sub-vectors w; in Eq.
According to the descent lemma [34], minimizing L still leaves a gap relative
to the ultimate goal of minimizing L, :

ﬁw—ﬁw SGw(W—W)+O.5-L||W—W”2, (8)

where L > 0 is the smoothness constant and G;, denotes the gradient of w. By
converting the sub-vectors w; to the fully vector-quantized ones w; during fine-
tuning, the optimization process of minimizing £; can be aligned with the goal
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of minimizing L. To realize this, we propose a progressive alignment strategy
by annealing the replacement probability p toward zero with a cosine schedule:

pt =po - 0.5+ (14 cos(nt/T)), 9)

where pg is the initial replacement probability, ¢ is the current epoch, and T is
the total number of epochs. This progressive alignment mitigates CVQN and
enables sufficient and correct codeword reassignment early in fine-tuning, while
stabilizing later stages as sub-vectors transition to the fully vector-quantized
ones, thereby aligning the optimization objective with minimizing L, .

5.3 Efficient Multi-Task Storage

VQT also enables efficient storage for multiple downstream tasks. Since codeword
reassignments in VQ-aware fine-tuning use minimum Euclidean distance, task-
specific assignments for each task 7 can be generated after fine-tuning as:

MN
AD = {a{” | a{” = argkmin”wg L (10)

where wET) € W) is a LoRA-updated sub-vector for task 7. Unlike existing
advanced VQ methods [626] that store a full compressed model (i.e., A" and
C(T)) per task, VQT stores only lightweight task-specific LoRA parameters and
codebooks in the cloud. Their storage is often smaller than the equivalent storage
of a fully compressed 1-bit model. The effective bit-width and compression ratio

of these task-specific parameters (TP) relative to the uncompressed model are:
CRTp = Mwa/((M+N)wa +dec), Bittp = bw/CRTP, (11)

where r is LoRA rank. For edge deployment, the task-specific compressed model
can be reconstructed rapidly from the stored LoRA parameters and codebooks
using Eq. [I0] eliminating the need to store multiple full compressed models.

6 Experiments

6.1 Experimental Settings

Datasets, metrics, and pre-trained ViTs. We evaluate VQT on several
representative pre-trained ViTs, including ViT-Base (ViT-B) and ViT-Large
(ViT-L) from |11], and SAM-Huge (SAM-H) from |24], using their official pre-
trained weights. Experiments covers multiple vision benchmarks, including image
classification and semantic segmentation. For image classification, following the
widely adopted VTAB-1K protocol [20,27], we evaluate ViT-B and ViT-L on the
VTAB-1K benchmark [41], which consists of 19 downstream datasets grouped
into Natural, Specialized, and Structured categories. Top-1 accuracy is reported
as the evaluation metric. For semantic segmentation, following prior works [4143],
we evaluate SAM-H on four representative downstream scenarios: camouflaged
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Table 1: Comparison on ViT-B over the VTAB-1K benchmark. "Bit" denotes the
target bit-width according to Eq.[d] "Param" denotes the number of trainable param-
eters. "Average All" represents the average accuracy of all 19 downstream tasks. The
best results are highlighted in bold. The gray background represents ours.
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Full fine-tuning | FP | 74.3 89.2 72.8 99.3 91.2 89.2 57.7 81.9|87.1 96.0 87.0 74.1 86.1|68.1 61.5 52.9 81.4 80.7 54.5 31.2 36.7 58.4|72.9 85.80
Linear probing | FP |[64.4 85.0 63.2 97.0 86.3 36.6 51.0 69.1|78.5 87.5 68.5 74.0 77.1|34.3 30.6 33.2 55.4 12.5 20.0 9.6 19.2 26.9|53.0 0.04
VPT FP|78.8 90.8 65.8 98.0 88.3 78.1 49.6 78.5|81.8 96.1 83.4 68.4 82.4|68.5 60.0 46.5 72.8 73.6 47.9 32.9 37.8 55.0/69.4 0.60

LoRA FP|74.9 89.2 72.1 99.2 91.4 88.7 57.3 81.8|88.6 96.4 87.7 75.2 87.0|78.3 61.4 53.1 79.3 84.7 54.6 31.1 40.4 60.4|73.9 0.59
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QAT

Efficient! 2 |65.6 89.6 69.8 98.2 88.8 87.8 49.0 78.4(81.6 95.5 85.7 73.5 84.1|75.2 60.8 50.5 80.6 81.5 53.5 30.8 38.7 59.0|71.4 0.66

PQF 2 |66.5 90.1 71.1 99.1 90.1 83.2 51.8 78.8|84.5 95.0 84.4 74.3 84.6|75.2 64.0 47.4 79.7 77.8 51.5 27.9 38.0 57.7|71.1 0.05

SSVQ 2 |67.4 89.9 72.0 98.9 90.4 86.7 52.0 79.6|84.5 95.8 84.7 74.9 85.0|76.8 63.8 48.7 81.7 79.2 52.5 28.7 38.3 58.7|71.9 85.03

VQT (Ours) 2 |70.1 89.9 71.3 99.1 89.8 88.6 53.7 80.4|86.2 95.6 86.9 74.7 85.9|73.2 60.8 50.8 81.6 82.6 52.9 31.9 39.1 59.1|72.6 0.64
1
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SSVQ 1.25/26.5 66.0 53.2 76.9 47.6 81.2 14.5 52.3|79.6 92.4 73.1 74.2 79.8|70.0 60.5 41.6 65.0 76.2 44.7 27.1 31.5 52.1|58.0 84.95
VQT (Ours) 56.3 87.4 64.6 95.6 81.8 88.8 40.1 73.5|83.5 95.3 82.8 73.9 83.8|68.5 59.5 49.9 79.7 83.1 49.5 32.3 38.7 57.6/69.0 0.60

PEQA 1] 89 259 232 38.6 125 19.6 5.2 19.1|72.9 80.6 41.7 58.0 63.3|45.3 57.3 34.0 41.5 68.6 7.6 9.0 28.0 36.4|35.7 0.66
AT |2]

=
o
3

Effici 1 ]16.7 49.2 27.5 50.7 23.8 67.6 10.4 35.1|74.2 84.1 53.2 65.1 69.2|44.4 57.6 33.3 58.9 70.6 11.8 16.6 34.9 41.0|44.8 0.66
PQF 1 245 63.5 50.2 74.5 41.2 75.7 13.9 49.1|75.6 91.7 69.8 74.0 77.8|65.5 61.6 37.9 64.7 76.4 41.3 21.6 32.3 50.2|55.6 0.10
VQT (Ours) 1 |52.3 85.1 60.6 93.5 78.2 86.8 35.3 70.3|82.0 94.5 80.5 73.8 82.7|66.8 59.2 49.2 77.8 84.9 50.0 33.7 38.0 57.5|67.5 0.69

object detection (COD) [13}[25], shadow detection (SD) [39], leaf disease seg-
mentation (LDS) [43], and polyp segmentation (PS) [19 We report mean
Intersection over Union (IoU), mean Dice coefficient (Dice), weighted F-measure
(F), S-measure (S, ), mean E-measure (Ey), and balanced error rate (BER).
More details of datasets are provided in the supplementary material.

Implementation details. For image classification, we use the AdamW opti-
mizer with cross-entropy loss, a batch size of 32, and fine-tune the models
for 100 epochs. For semantic segmentation, we use the Adam optimizer |23
with structure loss, defined as a combination of weighted IoU loss and binary
cross-entropy loss, unless otherwise specified. The batch size is set to 2, and the
models are fine-tuned for 20 epochs. In all experiments, we adopt a cosine an-
nealing learning rate schedule . We primarily evaluate three high compression
configurations: (d = 4, K = 256), (d = 4, K = 64), and (d = 8, K = 256), which
correspond approximately to 2-bit, 1.5-bit, and 1-bit settings, respectively, ac-
cording to Eq.[d In all settings, both the codebooks and the pre-trained weights
are in 32-bit precision. We set the LoRA rank r to 4 and the initial replacement
probability pg to 0.8 by default. More details are in the supplementary material.
Comparison methods. We compare our method with three categories of base-
lines: full-precision (FP) methods, i.e., uncompressed models, Q-PEFT meth-
ods, and VQ methods. 1) FP methods include Full fine-tuning and representa-
tive PEFT methods (Linear probing, Decoder-only, VPT , and LoRA ),
where Linear probing or Decoder-only denotes fine-tuning only the classification
head or segmentation decoder, respectively. For full fine-tuning, we use a smaller
learning rate for the backbone than for the classification head or segmentation
decoder, which makes the results more stable. FP methods serve as performance




Table 2: Comparison with baselines of
post-training procedure on the VTAB-1K
using ViT-B. "+baseline": applying the
method to the fine-tuned model (first row).
: enhanced with task loss.

Methods ‘ Bit ‘ Natural Specialized Structured ‘ Average All  Param
LoRA |FP| 818 87.0 604 | 739 0.59 M
Post-training procedure

2 79.4 86.0 59.5 72.4 42,52 M
FVQ4DIT 6] 1.5| 73.7 84.0 56.6 68.7 42.48 M
1 57.0 80.6 54.5 60.9 21.33 M
2 79.9 85.9 60.2 72.9 42,52 M
+VQ4DiTt 15| 76.2 84.4 58.7 70.6 4248 M
1 68.3 79.8 58.0 66.4 21.33 M
Unified training procedure
2 80.4 85.9 59.1 72.6 0.64 M
VQT (Ours) [1.5| 76.9 84.5 58.6 70.8 0.60 M
1 70.3 82.7 57.5 67.5 0.69 M
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Table 3: Performance comparisons on the
VTAB-1K benchmark using ViT-L. We re-
port the average accuracy over 19 tasks.
The best results are highlighted in bold.
The gray background represents ours.

Methods | Bit | Natural Specialized Structured | Average All  Param
Full fine-tuning| FP | 78.7 85.2 55.2 702 30330 M
Linear probing | FP | 70.9 69.1 25.8 515 0.05 M
VPT FP | 825 83.9 54.1 70.8 0.49 M
LoRA FP 81.4 86.8 56.7 72.1 157 M
EfficientQAT 2 75.6 84.7 54.9 68.8 2.36 M
SSVQ 2 76.0 84.9 56.2 69.5 302.19 M
VQT (Ours) 2 78.5 85.6 55.1 70.1 1.72M
EfficientQAT 1 474 75.3 46.8 53.0 2.36 M
SSVQ 1.25| 57.5 80.2 50.2 59.2 302.01 M
VQT (Ours) 1 69.9 83.2 55.0 66.4 1.82 M

Table 4: Efficiency comparison with advanced VQ on ViT-B under 2/1.5/1-bit set-
tings. "Param", "Memory", and "Time" denote trainable parameters, training memory
(batchsize = 32), and per-task fine-tuning time on VTAB-1K. Bittp and CRrp denote
the effective bit-width and compression ratio of the task-specific parameters required
for storage for each downstream task, relative to the uncompressed 32-bit model.

\ Param (M) |  Memory (GB) |  Time (min) | Bitrp \ CRrp
Methods
erhods | 2 15 1|2 15 1] 2 15 1] o2 15 12 15 1
VQ4DIiT [6] | 42.52 4248 21.33 | 7.68 6.79 7.67 | 165 169 165 | 202 150 1.04 | 15.8x  21.2x  30.8x
SSVQ [26] 85.03 84.94 84.95 | 7.31 7.31 7.21 | 22.9 234 228 | 1.05 1.03 1.0l | 30.4x  31.06x 31.68x
VQT (Ours) 064  0.60 0.69 | 4.82 440 440 | 14.0 132 131 | 0.24 023 026 | 132.9x  141.0x  123.4x

references without model compression. 2) Q-PEFT methods are based on SQ,
including PEQA [22| and EfficientQAT [2]. All Q-PEFT methods use weight-
only group quantization protocol |14] with a group size of 128, where every 128
input-channel weight elements share one scaling factor. 3) VQ methods include
PQF [33], SSVQ |26], and VQ4DiT [6]. VQ4DiT is evaluated in a post-training
procedure. Since SSVQ requires retaining at least 1 bit for sign information,
we report its 1.25-bit results for a comprehensive comparison. Implementation
details of comparison methods are in the supplementary material.

6.2 Comparisons on Image Classification

Comparisons with baselines in unified training procedure. We report
comparison results on ViT-B over the VTAB-1K benchmark in Table [[] VQT
achieves substantial performance gains while fine-tuning only a small fraction of
parameters. For example, at the 1.5-bit compression, SSVQ fine-tunes a param-
eter scale comparable to full fine-tuning and attains 66.6% average accuracy,
whereas VQT updates only 0.7% of parameters (0.6M/85.80M) and improves
accuracy by 4.2%. Although PQF fine-tunes only the codebooks with a small
number of parameters, it keeps the codeword assignments fixed and performs
5.1% worse than VQT (65.7% wvs. 70.8%). These results highlight the impor-
tance of codeword reassignment for downstream fine-tuning. The advantage of
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Table 5: Semantic segmentation results on SAM-H over four downstream scenarios.
"Bit" denotes the target bit-width setting. "Param" denotes trainable parameters. The
best results are highlighted in bold. The gray background represents ours.

I | SD | LDS | PS | cop
Methods Bit Param (M), gy Leaf Kvasir ETIS CAMO COD10K
BERY| Dicet/IoUt/Fy't | Dicet/IoUt/FYt  Dicet/IoUt/FYT | Sat/Egt/FyT Sat/Eyt/Fyt
Full fine-tuning | FP 641.09]0.037| 0.835/0.737/0.812 | 0.915/0.870/0.911  0.722/0.655/0.690 | 0.889/0.930/0.852  0.915/0.953/0.870
Decoder-only | FP 4.06]0.196 | 0.614/0.483/0.566 | 0.814/0.744/0.795  0.441/0. 405 | 0.814/0.856/0.733  0.842/0.888/0.736
LoRA [17] FP 6.71]0.034| 0.839/0.741/0.818 | 0.912/0.861/0.901  0.802/0.732/0.760 | 0.893/0.937/0.866 0.922/0.961/0.883
EfficientQAT [2]] 2 0.88(0.045| 0.828/0.727/0.798 | 0.919/0.869/0.910 0.719/0.651/0.681 | 0.861/0.904/0.816 0.883/0.928/0.814
PQF [33] 2 5.10(0.043 | 0.825/0.723/0.799 | 0.909/0.859/0.899  0.713/0.645/0.671 | 0.866/0.909/0.826  0.896/0.941,/0.839
SSVQ 126] 2 634.45|0.042 | 0.836/0.735/0.817 | 0.907/0.857/0.900  0.777/0.706/0.733 | 0.868/0.914/0.827  0.903/0.946/0.851
vQT (Ours) 2 7.80/0.039|0.838,/0.739/0.817|0.923/0.876/0.916 0.786/0.718,/0.752|0.875/0.916/0.837 0.908/0.950/0.858
EfficientQAT [2]] 1 9.88[0.080| 0.713/0.585/ 0.702/0.598/0.662  0.311/0.245/0.269 | 0.625/0.698/0.440  0.649/0.721/0.399
PQF [33] 1 5.23]0.055 | 0.775/0.662/0.737 | 0.878/0.822/0.870  0.642/0.572/0.600 | 0.784, 0.829/0.887/0.723
SSVQ 20| 125  634.14(0.052| 0.797/0.688/0.770 | 0.882/0.826/0.871 0. 61/0.592 | 0.8 730 0.848/0.902
1

/0. .803,/0.845/0. 752
VQT (Otrs) 7.85/0.047|0.818/0.710,/0.789|0.903,/0.848,/0.897 0.710/0.637,/0.663|0.818,/0.863/0.742 0.853/0.903/0.755

Tmage GT VQT (Ours) SSVQ

Tmage GT VQT (Ours) SSVQ PQF

Fig. 5: Visual comparison of SAM-H under the 1-bit vector quantization setting across
four semantic segmentation scenarios, where SSVQ is at 1.25 bit-widths.

VQT becomes increasingly significant as the compression ratio increases (lower
bit-widths), particularly at the 1-bit setting. Notably, compared to the FP meth-
ods, at the 2-bit compression, VQT incurs only a 1.3% average accuracy drop
relative to LoRA, while achieving a 16x compression (from 32 bits to 2 bits),
making it more suitable for deployment. Moreover, under low bit-widths, VQT
also consistently outperforms SQ-based Q-PEFT methods like PEQA and Effi-
cientQAT. Overall, our VQT achieves a favorable balance between fine-tuning
efficiency, high compression ratios, and downstream performance.
Comparisons with baselines of post-training procedure. Table [2| high-
lights the advantages of our method over post-training VQ baselines. "+VQ4DiT"
is the vanilla design with block-wise calibration. "+VQ4DiT1" is our modified
version augmented with a task loss. Both "+VQ4DiT" and "+VQ4DiT{" per-
form VQ on already fine-tuned models, requiring an additional post-training
compression procedure after fine-tuning. In contrast, our VQT performs VQ-
aware fine-tuning on pre-trained models in a unified training procedure for ef-
ficient fine-tuning and compression, eliminating the need for any extra post-
training procedure and achieving superior performance at low bit-widths, such
as 1-bit, compared with the "+VQ4DiT" baseline. While VQT achieves compa-
rable performance to "+VQ4DiT{" at 2 bits, it is more efficient with no extra
post-training procedure and only a small fraction of fine-tuned parameters.



VQT 13

Table 6: Ablation on each component under three different bit-widths. We report the
average accuracy on VTAB-1K using ViT-B. The deep gray background means the

baseline directly combining LoRA with VQ. The gray background means final design.
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Comparisons on larger ViT. We evaluate VQT on larger-scale ViT-L. As
shown in Table [3| 1-bit VQT outperforms 1.25-bit SSVQ by 7.2% while fine-
tuning only 0.6% of the parameters (1.82M/303.30M), demonstrating its effec-
tiveness at extreme compression. More results are in the supplementary material.
Efficiency comparison with advanced VQ methods. The efficiency com-
parisons in Table [4] are conducted on ViT-B under 2/1.5/1-bit settings. Here,
SSVQ is quantized to 1.25 bits in practice under the nominal 1-bit setting. As
shown in Table[d] VQT exhibits clear advantages over VQ4DiT and SSVQ during
fine-tuning. It fine-tunes only a small fraction of parameters, which reduces both
memory usage and fine-tuning time. For multi-task deployment, VQT stores only
task-specific LoORA parameters and codebooks, resulting in an equivalent storage
cost of less than 1 bit per parameter. In contrast, VQ4DiT stores the full vector-
quantized model, including assignments and codebooks, while SSVQ requires at
least 1-bit sign information. Consequently, their equivalent storage cost is no
less than 1 bit per parameter. These results highlight VQT’s efficiency in both
fine-tuning and multi-task storage. The additional inference-time measurement
of VQ is provided in the supplementary material.

6.3 Comparisons on Semantic Segmentation

We report the comparison results of SAM-H across four downstream scenarios
in Table [5| Both SSVQ and our proposed VQT outperform PQF across differ-
ent scenarios, highlighting the importance of codeword index reassignment for
effective downstream adaptation. Moreover, our VQT consistently demonstrates
superior performance over SSVQ. For instance, under the 1-bit setting, VQT
outperforms SSVQ (1.25-bit) on the CAMO dataset by 0.015 S, 0.018 Ey, and
0.012 Fg’, while fine-tuning only 1.2% of the parameters (7.85/641.09), whereas
SSVQ requires fine-tuning nearly all parameters. We also provide the visual re-
sults of semantic segmentation in Fig. ] which further verify the effectiveness
of our VQT in the qualitative performance. More quantitative and qualitative
comparison results are provided in the supplementary material.

6.4 Ablation Studies and Analysis

In this section, we conduct ablation studies on ViT-B over VTAB-1K to evaluate
each component, analyze the effects of the LoRA rank r and initial replacement
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Fig. 6: Ablation studies on random seeds (a) and hyperparameters (b, c).

probability pg, and assess robustness across different random seeds with average
accuracy as the evaluation metric. We also add some further analysis.
Effectiveness of each component. In Table [6] we set r = 4 and py = 0.5 as
default and report compression performance under three bit-widths. "VQ" de-
notes fine-tuning codebooks only without codeword reassignment, while "LoRA
& STE" applies STE-based gradient estimation for LoRA fine-tuning followed
by codeword reassignment based on the LoRA-updated weights. As shown in
Table [6] introducing LoRA (i.e., "LoRA & STE") consistently improves per-
formance across all three bit-widths, highlighting the importance of codeword
reassignments for effective downstream adaptation. Applying our stochastic sub-
vector replacement strategy enhances performance, suggesting that directly com-
bining LoRA with STE-based VQ fine-tuning is suboptimal. When combined
with progressive alignment, additional gains are observed, confirming that the
optimization under stochastic sub-vector replacement is effectively aligned with
the intended objective. We also verify the effectiveness of the continuous-anchored
and VQ-anchored modes defined in Eq. [7] Notably, VQT yields larger improve-
ments over the baseline in second row of Table[d] at lower bit-widths. This result
is expected according to Eq. [f] and Eq. [6} lower bit-widths enlarge the gap be-
tween W and W, resulting in larger CVQN. By mitigating CVQN, VQT achieves
greater gains under these conditions, further validating its effectiveness. Full re-
sults on all 19 VTAB datasets are provided in the supplementary material.
Robustness analysis. Since VQT employs a stochastic strategy, we evaluate
its robustness by measuring performance under three different random seeds for
each bit-width setting. As shown in Fig. we report the mean and standard
deviation (Std) across seeds for each bit-width. The mean closely match the re-
sults in Table[I] and the standard deviation remains below 0.15, confirming that
our VQT is robust for different random seeds. Full results on all 19 downstream
datasets for each random seed are provided in the supplementary material.
Hyperparameter r and py. We perform ablation studies to evaluate the im-
pact of r and py on performance at 1 bit. In Fig. [6b] we fix pg = 0.8 and vary r,
using the rsLoRA strategy [21] to reduce the influence of v in Eq. |1} Results show
that even moderate increases in r keep the effective bit-width for task-specific
parameters well below 1 bit, and performance saturates when r > 4. We thus
adopt r = 4 in our experiments. In Fig. we fix r = 4 and vary pg. Perfor-
mance drops when pg is small, indicating that CVQN is insufficiently mitigated,
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Table 7: Analysis on extending VQT to DoRA [30] on ViT-B. "VQT+DoRA" repre-
sents directly combining DoRA with VQ and applies STE-based gradient estimation.

Method | Bit | Natural Specialized Structured | Average All
VQ-+DoRA 1 ‘ 52.4 78.3 51.4 57.4

VQT w. DoRA 1 70.8 83.4 57.6 67.9

x1072

T T — T T

60 80 100 0 20 40 60 80 100
Epoch

(a) Empirical trajectory of HW - V~[/'H2 (b) Empirical trajectory of Ly — La|

0 20 40 Epoch

Fig. 7: Empirical trajectory of |[W — W||? (summed over all 12 blocks) and |L4 — L |
on ViT-B during fine-tuning.

leading to suboptimal LoRA updates. We set pg = 0.8 in our experiments. Full
results on all 19 downstream datasets and more results at 2 bits and 1.5 bits are
provided in the supplementary material.

Analysis on other PEFT methods. We evaluate whether VQT generalizes to
weight-merging PEFT methods beyond LoRA. In Table[7], we replace LoRA with
DoRA [30]. VQT outperforms the direct combination, VQ+DoRA, suggesting
that CVQN negatively affects low-rank weight-merging PEFT methods.
Analysis on W and L;. We further analyze the trajectory of || — W||? and
|L4 — L] during fine-tuning. As shown in Fig. [7] using progressive alignment,
W and L are eventually aligned with W and Ly, respectively.

7 Conclusion

Our proposed VQT provides a novel framework for efficient downstream fine-
tuning and compression of pre-trained ViTs based on vector quantization. VQT
mitigates coupled vector quantization noise using stochastic sub-vector replace-
ment to stabilize LoRA updates and prevent incorrect codeword assignments,
and uses progressive alignment to prevent optimization mismatch between fine-
tuning and deployment. Extensive experiments show that VQT achieves strong
downstream performance under high compression, while maintaining high fine-
tuning efficiency and enabling efficient storage on edge devices for multiple tasks.
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