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Abstract

Deploying transformer-based neural networks on resource-constrained edge devices
presents a significant challenge. This is commonly addressed using techniques like low-
rank approximation and mixed-precision quantization. In this work, we introduce Mixed
Low-Rank and Quantization (MLoRQ), a novel method that integrates both techniques.
MLoRQ employs a two-stage optimization process to determine optimal bit-width and
rank assignments for each layer, adhering to predefined memory constraints. This pro-
cess includes: (i) an intra-layer optimization that identifies potentially optimal compres-
sion solutions out of all low-rank and quantization combinations; (ii) an inter-layer opti-
mization that assigns bit-width precision and rank to each layer while ensuring the mem-
ory constraint is met. An optional final step applies a sequential optimization process
using a modified adaptive rounding technique to mitigate compression-induced errors
in joint low-rank approximation and quantization. The method is compatible and can
be seamlessly integrated with most existing quantization algorithms. MLoRQ shows
state-of-the-art results with up to 15% performance improvement, evaluated on Vision
Transformers for image classification, object detection, and instance segmentation tasks.
The code for this work is available at https://github.com/ofirgo/MLoRQ.

1 Introduction

Transformer-based deep neural networks (DNN) [6, 11, 33, 41, 47, 49] have shown state-of-
the-art performance in various domains and tasks, including computer vision [4, 11, 33, 47],
weather prediction [41], and natural language processing [6]. However, transformer-based
DNNs s typically experience considerable challenges in terms of computational complexity,
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power consumption, and latency. This makes their deployment on edge devices with lim-
ited memory and computational power a challenging task. The literature presents various
approaches to tackling this challenge, including quantization [13, 15, 36], low-rank approx-
imation [19, 20, 21, 43], and pruning [8, 59], among others.

Quantization emerged as a useful technique to reduce model complexity by convert-
ing the weight and activation tensors into low-bit-width representations. Specifically, Post-
Training Quantization (PTQ), which aims to do so with minor complexity and only a small
calibration dataset, demonstrated advantages in compressing vision transformers using single-
bit-width quantization [12, 29, 53, 61]. Other studies in convolution neural network (CNN) [10,
17, 25, 26, 39, 48] as well as transformers [34, 42, 56], demonstrate significant advantages
by employing mixed precision quantization, where each layer can be assigned with a dif-
ferent bit-width, out of a set of candidates. Another promising technique for compressing
transformers is low-rank approximation, which can exploit the prevalence of fully connected
operations in transformer-based DNNs. Early approaches [5] used singular value decompo-
sition (SVD) to obtain low-rank alternatives for the original weights. Recent advances use
weighted-SVD, guided by the activation covariance matrix [51] or Fisher approximation [19]
of the Hessian, to improve performance.

In this work, we propose a compression framework, targeted mainly for transformer-
based models, named MLoRQ, which applies joint Mixed Low-Rank and Quantization Op-
timization. To the best of our knowledge, this is the first attempt at joint low-rank and mixed
precision quantization optimization, under a PTQ setup. We present a combined represen-
tation of these two techniques for a fully-connected layer. Based on this representation, we
introduce the mixed rank and precision problem, aiming to determine the smallest possible
decrease in performance while adhering to memory constraints. This presents a significant
challenge, as the search space is considerably larger than when considering mixed precision
or low-rank individually.

‘We address this challenge by proposing a two-stage algorithm. First, an intra-layer search
identifies a Pareto frontier of compression candidates, balancing compression and accuracy
while significantly reducing the search space. To further guide the optimization toward bet-
ter solutions, we leverage Hessian knowledge, using the Label-Free Hessian approach [15].
Then, an inter-layer optimization assigns bit-width and rank to each layer, selecting only
from the filtered set of candidates. MLoRQ can be seamlessly integrated with most exist-
ing quantization schemes, enhancing them by incorporating both quantization and low-rank
compression options. Specifically, here we utilize the activation quantization enhancement
from [29, 61] with MLoRQ. To further mitigate compression-induced error, we suggest an
optional step of a modified adaptive rounding procedure [36] that considers both quantization
and low-rank to refine the weight quantization rounding.

We evaluated MLoRQ on ImageNet [44] and COCO [30] datasets, showing consistent
improvements over existing PTQ methods, especially at high compression rates. For in-
stance, MLoRQ improves ViT-B accuracy by up to 15% when reducing the model to under
12.5% of its original size. We also apply MLoRQ to BERT [6] on the GLUE benchmark [50],
demonstrating applicability to other domains. Finally, we conducted an ablation study to an-
alyze the contributions of each component in the proposed method.

Our contributions are summarized as follows:

1. We introduce MLoRQ: a Mixed Low-Rank and Quantization approach enabling a no-
table reduction in the size and computational complexity of transformer-based DNNs.

2. We propose a modified adaptive rounding technique for combined compression that
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includes both quantization and low-rank approximation.

3. We present results for computer vision, including ImageNet classification and COCO
object detection, where MLoRQ achieves state-of-the-art performance, demonstrating
a notable improvement in accuracy over previous methods.

The appendix section of the paper is included in the online Supplementary Material.

2 Related Works

2.1 Post-training Quantization for Transformers

Neural network post-training quantization (PTQ) emerged as one of the most popular ap-
proaches for reducing model memory usage and computational complexity. Many works
from the last several years explored the approach of applying a short fine-tuning procedure
to learn an adaptive rounding policy to improve PTQ performance, mainly for CNNs [15, 28,
36, 52]. While performing well on convolutional neural network (CNN) models, these meth-
ods do not achieve comparable performance on transformer architectures due to their unique
structure and different bottlenecks. Consequently, recent works have attempted to design
dedicated PTQ methods for transformers [7, 12, 16, 32, 34, 53, 60]. The main focus of these
works was addressing the difficulties of quantizing the feature maps of Transformers, which
tend to present massive outliers, making quantization a challenging task [2, 55]. An impor-
tant work in this direction, RepQ-ViT [29], introduced a scale-reparameterized quantizer for
post-LayerNorm and implemented a Logy/2 quantizer to handle post-softmax activations
quantization that mitigates outlier effects, leading to improved quantization robustness in
Transformers. ERQ [61] extended this work and introduced a two-step PTQ approach to
mitigate both the activation and the weight quantization error. Another approach, explored
in several works, looks for a mixed-precision quantization solution that optimizes the trade-
off between model compression and accuracy [10, 42, 56]. These methods selectively assign
lower bit widths to layers less sensitive to quantization.

2.2 Low-rank Approximation for Model Compression

Another method for reducing neural networks’ memory and computational footprint is low-
rank approximation, which decomposes the model’s weight matrices into lower-rank repre-
sentations. Recently, this approach has attracted significant attention for transformer archi-
tectures due to their heavy reliance on large matrix multiplications [43, 57, 58]. FWSVD [19]
and TFWSVD [20] investigated various weighting strategies to enhance SVD decomposition
for ow-rank compression of Transformer-based language models. RankDyna [21] introduced
an iterative approach that dynamically assigns ranks based on the importance of the param-
eters, eliminating the need for a well-trained task-specific model. Other works explored the
benefits of low-rank primarily for large language model compression (LLLM) and introduced
different enhancements for these specific architectures [21, 22, 51]. Previous studies also
combined the idea of low-rank and quantization uder the setup of QAT [1, 23, 35].
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Intra-Layer Search Inter-Layer MLoRQ Solution
Compute Local Loss: Ay (2) Solve using Integer-Linear Programming:
and Local Constraint: M, (4) _
8 = argmax ) ¥, (W[)
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Figure 1: The MLoRQ framework for Mixed Low-Rank and Quantization. (i) Intra-layer
search (5.1) for the Pareto frontier optimal candidates set over the local loss and constraint.
(ii) Inter-layer search ( 5.2) to globally assign rank and bit-width to each layer. (iii) Apply
complementary quantization algorithms with/without low-rank-aware adaptive rounding.

3 Background

We provide a short background on low-rank approximation and quantization methods uti-
lized throughout this work. Due to space limitations, a detailed overview of related works is
given in Appendix 2.
Low Rank Approximation: Low-rank approximation [45] and tensor decomposition [14,
38] are powerful techniques for reducing neural network size and computational cost. In this
study, we focus on compressing transformer-based neural networks, which primarily consist
of fully-connected layers and 1 x 1 convolutions. This structure makes matrix low-rank
approximation via singular value decomposition (SVD) a suitable choice for our approach.
Specifically, letdy,d, € Nand W € R%*dx represent a matrix for which we aim to reduce
to rank r € N/{0}; its SVD and low-rank approximation form is given by W = UEVT ~

~ T
w=u"z (V<’ )) , where U, V are unitary matrices, and X is a rectangular diagonal

matrix containing the non-negative singular values of W. The matrices U "), v, and £
are reduced-rank versions of U, V and X, respectively.

It has been demonstrated [19, 51] that this approach does not necessarily yield opti-
mal neural network accuracy. To address this, various methods have introduced additional
weighted elements into the SVD. In the remainder of this section, we discuss weighted
decomposition with a weighting factor T, where, for a given rank r, we aim to minimize

T (W —A<’>B<f>) H , where A" ¢

the weighted low rank approximation objective: (n)nn( )
A BUr

R%*" and B"") € R™% are the low-rank representation of the decomposed matrices of W.
A solution to the weighted low-rank approximation objective using SVD is proposed in [19,
45]. Initially, SVD is performed on TW, yielding U, X,V = svd (TW), where svd (M) rep-
resents the singular value decomposition of matrix M. The resulting low-rank factorization

T
is then provided by A") = T-'UE") and B") = (V(’))
Quantization: Quantization is central to neural network compression, with methods includ-

ing log-quantization, power-of-two, uniform, symmetric, and more [13]. Let W be a weight
tensor to be quantized, with bit-width b, scaling parameter s, and zero point z. The quantized
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a pre-trained neural network, :
A ~ ~ == o] I —— Low Rank
S = (Wl,...,WL), where W[ €Wé, 10 ‘, Quantization
. . " -~ Low Rank & Quantization

denotes the compressed weight assign- R e S = u 5
ment, Aw is the vector representing the Compression Ratio
difference between the float and com- (a)

pressed weights. Given the constraint of
Wwys for the weights memory size, we
give the following problem formulation: augnzaton

Rank

min. (w+Aw(S)),

s.t. :-WeightsMemory (S) < yyys. (1)

Combined Quantization & Low Rank is better

4 6 8 10 12 14 16
Compression Ratio

(b)
Figure 2: Problem statement and analysis of different rank and compression rates: (a) Pre-
senting the MSE of a single fully-connected layer under different relative compression ratios;
and (b) Shows the best representation for a given rank and compression ratio.

weight is given by Q(W,¢,b) £ s (clip (H/—‘ +2,0,2° — 1) z> , where ¢ = (s,z) de-

note the quantization parameters. Scaling parameters s and zero point z can be chosen using
methods like mean square error (MSE) [37], min-max [27], and Hessian-MSE [15]. Recent
studies introduced an additional optimization step to minimize rounding errors in weights
quantization, specifically by choosing whether to round up or down. The majority of meth-
ods employ the soft-quantizer proposed by Nagel et al. [36], detailed in Appendix B.2.

4 Unified Low-Rank and Quantization Representation

We present a joint low-rank and quantization representation. Specifically, let x, € R4, Y €
R% be the input and output vectors of the £ fully-connected layer such that y, = W ;x; + by,
where W, € R *df ,br e R are the weight matrix and bias vector of the ¢ layer. Let W, =
A/B; be a decomposition of the layer’s weights. Given a rank r, € R, £ [1,min (df,dz )]
and bit-widths bA,bf € B, for the decomposed matrices Ay and By, respectively, where B
is the set of bit-width options. We represent the compressed fully-connected operation as !
¥, =W X;+ by, where Wy € W, is the compressed weight. Here, W, = W[Q U W[LQ is the set

of compressed options of the ¢/ layer where W,Q £ {Q (Wg7 ow, (bw,) 7bwé> | bw, € B }

and WZLQ £ {X;w (b’}) EE’) (b?) | b?,bf eB,r e R(} are the sets of compressed weights

by quantization only and joint quantization and low-rank, respectively. The compressed

1%, is the perturbed input of the £/ layer as a result of the compression of preceding layers.
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matrices Kér) (b‘?) =0 <Aér>,¢1§r{) (b?) ,b‘?) and Eir) (bf) =0 <B§r),¢é? (b?) ,b?) are

quantized low-rank decomposition matrices, (I)X),(bé;) and b‘z,bf are the quantization pa-

rameters (scale and zero-point) and bit-width of the reduced rank matrices A2r> and Bér),
respectively. In cases of a non-fully-connected operation (e.g., 3 x 3 convolution) W, = WZQ .

Considering this joint representation, our goal is to determine the rank and precision of
each linear layer in the neural network while given a small representative dataset. This should
result in minimal performance degradation while satisfying specified memory constraints.

Y
Specifically, let D € {x(()’) } Dl be a representative dataset that contains Np samples, f be

a transformer-based neural network with L fully-connected layers that has undergone pre-
training with task loss £. We formalize the problem as depicted in Figure 2.

To motivate Problem 1, we analyze the MSE of a fully-connected layer for different
ranks and compression ratios, from 25% (8-bit) to 6.25% (2-bit). We evaluate three repre-
sentations: quantization, low-rank, and the combined approach. Figure 2 (a) shows that none
of the representations consistently outperforms the others. Figure 2 (b) shows which repre-
sentation excels in different ranks and compression rates, highlighting that the combined
approach performs best at low ranks and high compression. See details in Appendix A.

5 Mixed Low-Rank and Quantization

We derive the Mixed Low-Rank and Quantization (MLoRQ) method to solve the optimiza-
tion problem stated in 1. To address the large candidate space (Table 3 in Appendix C), we
split the search into two stages: (i) Intra-layer filtering using Pareto frontier optimization
to find the set of potentially optimal candidates and reduce the search space. (ii) Inter-layer
search that assigns bit-widths and ranks for a unified compression solution.

After assigning a bit-width and rank to each layer, in the concluding phase, we apply
one of two activation quantization methods RepQ [29] or ERQ [61], to correct quantization
errors. We wish to highlight that MLoRQ can complement nearly any quantization method.
The complete algorithm flow is depicted in Figure 1 and detailed in Algorithm 1 in Ap-
pendix B.

To motivate the MLoRQ approach, we investigate the second-order Taylor approxima-

tion of the task loss [9, 28]: AL = gT Aw + Aw  H,,Aw + O (Aw3) , where AL & L (w) —

L (w+ Aw) is the change in task loss due to compression, Aw is the weights perturbation,

2
g = VL (w) is the gradient of the task loss w.r.t. the weight vector w and H,, = gwfy%) is

the Hessian matrix of the task loss. Under the assumption that g =~ 0 asin [15, 28, 36], we get
the following: AL ~ Aw” H,,Aw. Using the assumption that the layers’ contribution to the
error compression-induced error is independent as in [10, 36], we get Equation 3. This illus-
trates the connection between compression-induced weight perturbations and the task loss,
thus forming the proposed solution to improve accuracy. According to (3), the problem can
be decomposed into distinct components. We begin with the intra-Layer stage, a phase ded-
icated to minimizing compression error within each layer. Subsequently, in the latter stage,
the objective shifts to minimizing the global error, which we refer to as the inter-layer stage.
To obtain the Hessian matrix without labels, we utilize the Label-Free Hessian from [15].
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Figure 3: Analysis of joint low-rank and quantization: Comparison between joint optimiza-
tion to mixed precision only on Deit-B and ViT-L (left). The change in task loss due to
compression is presented in (3) (right). AW, = W, — W, is the weight perturbation in ma-
trix form, Aw, = Vec (AW/) is the vectorization of a matrix AW, and H,,, are the weights
perturbation and Hessian of the ¢/ layer.
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5.1 Intra-Layer Search

First, we perform the intra-layer search to determine a set of candidate solutions for the ¢/
layer. This is achieved by minimizing the inner term in (3), under the added assumption that
Hessian H\,, is a diagonal matrix. This results in the subsequent optimization problem:

min Ay (Wg) Vb?,b?,'% @)
A" B 104,98,

is the local loss, Dy =

~ ~ N\ |12

where Ay (Wg) éHD[@ (W[—Wg)‘ . ,/[ W]i+n-j,i+n~j
the square root of the Hessian matrix’s diagonal component for w, and M| ® M, denotes
the Hadamard product (element-wise multiplication) between matrices M| and M,. We
solve problem (2) using a sequential method, starting with the low-rank decomposition, then
selecting the quantization parameters, and ending with a search that provides us with all the
potentially optimal solutions.

Hessian-aware SVD: We propose a Hessian-aware SVD applied to each layer’s weight
matrix W,. Specifically, we solve problem (2) without quantization for all ranks r € R,
resulting in the Hessian-aware SVD objective: (n)nn( )Ag (Aér)Bp) Vr € Ry. As noted

A" B/
in [45], a closed-form solution to the Hessian—aw[are[SVD objective is generally not avail-

represents

able. Thus, we suggest minimizing an upper bound, which is given by A, (Aér)By)) <

2
HQg (W[ —Aér)Bér)) HF, where [Qy];; = ¥;[Dy]; ;. We start by applying an SVD on Q,W,

to obtain Uy, Xy, V, = svd (Q,W/). Next, we combine the results of the Hessian-weighted
SVD into two matrices. Given that weights are quantized using a scale per output channel,
scaling individual output channels of the matrix does not affect quantization noise because
the scaling is incorporated into the quantization scale parameter. Consequently, we select
low-rank matrices so that the scaling can integrate into the output channel scale parameter
without introducing additional noise, as given by Ay = QZIU ¢ and By= EZVZT.
Quantization Parameters Selection: Given W/, Ay, and By, we aim to find the quantization
parameters ¢ (scale and zero-point) that minimize the quantization error for each matrix. For
W, the quantization parameters are determined for every bit-width using the Hessian-MSE
method proposed in [15], denoted by ¢w,, which completes the construction of the set W,Q
Next, we address the quantization parameters of the decomposed matrices Ay and By to
construct W/L . We aim to minimize while considering both the SVD and Hessian factoriza-
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tion to assess their impact on the task loss. We find quantization parameters ¢4, and ¢, by

minimizing min A, (Wg) VbA BB € B, where W, = 0 (Af,q)A[,bQ) 0 (Bg, ¢B[,b?> is
Ay 9By

the quantized SVD without rank reduction. This means that we determine the quantization

parameters once for all ranks. Given the large number of candidates, we propose solving

the quantization parameters optimization separately for A, and By. For Ay, we solve the

following problem: ¢4, (b) = argngnAg (O(As,0,b)By) . As for By, we reduce the search

complexity using the bound Ay (A[Q (By, ¢,b)) < ||Bg —Q(By,0,b) ||12V This results in the
following minimization problem: ¢, (b) = arg rrgnHBg —Q(By,0,b) Hi . The minimization

in ¢4, (b) and ¢p, (D) is performed on a fixed grid of points using a line search.
Pareto Set Search: In the final step of this phase, we extract only relevant potentially opti-
mal solutions for the #/" layer by identifying the set of Pareto optimal solutions. Specifically,

let Ay (W/) denote the loss (2), and M, (W/) represents the memory footprint of the com-
pressed weight, given by

o (@ vt azbB) woew?

M (m) y ™ 0
& -d¥ - by, Woew?.

“

~/ 7 . .
Let us define that a compression option W, dominates () another option W, if both its
local error and memory footprint are better and at least one of them is strictly better. Then, a
compression option is Pareto optimal if no other compression option dominates it. Formally,

the set of Pareto optimal solutions is denoted by P, = {VT’Z € Wgﬁﬂﬁ’; eEWy: VT’; - VT’Z}

After obtaining Ay and M/ for all ranks and bit-widths, we select a set of candidate solutions
on the Pareto frontier as shown in the Pareto search image in Figure 1, and in Appendix F.

5.2 Inter-Layer Search

After acquiring the compression candidates Py of each layer, We search for a mixed rank and
quantization solution S that assigns an optimal compression setup to each layer, minimizing
the total error in the compressed model. While Hessian-based metrics are common in global
optimization [9, 10, 59], recent studies suggest instead to maximize the model’s signal-to-
quantization noise ratio (SQNR) [24, 39]. Our ablation study in Appendix E.4.2 supports
this approach. We therefore formulate the problem as follows:

S = argmax Z‘I’[ (Wg) s.t.: ZM@ (Wg) < ywums, and W[ ePy VU (5
Wi, Wy ! [

2
M)”fz is the SQNR of the ¢/ layer perturbation, f, is the
lrewo—so(w.)||, '
output of a neural network as a function of the /" weight tensor, while the rest of the model
is in floating point. For the cases where by, and bp, have a large number of candidates for
different ranks, we apply a linear interpolation instead of running a full model inference, to
reduce the computational cost (Appendix D). We translate the problem in (5) into an Integer

Linear Program and use an off-the-shelf [40] algorithm, detailed in the Appendix B.1.

where ¥/ (W@) =
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Table 1: Top-1 accuracy (%) on ImageNet classification. “+ RepQ” and “+ ERQ” refer
to combining MLoRQ with RepQ’s activation parametrization and ERQ’s activation error
reduction techniques, respectively. All referenced results were taken from [61].

Model Model ViT-S ViT-B  DeiT-T DeiT-S DeiT-B  Swin-S Swin-B
Size (%)
Full Prec. 100% 81.39 84.54 7221 79.85 81.8 83.23 85.27
GPTQ [12] 2332 44.63 4225 48.95 61.75 66.71 71.43
PD-Quant [31] 456  21.81 41.87 41.65 53.63 70.07 56.48
RepQ-ViT [29] 15.65 2698  29.34 45.82 58.92 59.83 44.17
ERQ [61] 9.3% 45.68 53.88  44.09 57.63 70.33 75.08 75.78
MLoRQ + RepQ (Ours) (~3-bit) | 17.65 48.16  44.38 52.32 68.41 77.90 77.01
MLoRQ + ERQ (Ours) 42.64  60.16  46.74 58.32 71.61 78.02 78.90
MLoRQ + ERQ + LoRAda (Ours) 46.55 69.56 52.17 64.44 76.12 79.27 79.06
GPTQ [12] 67.59 75.12  58.96 70.85 76.10 80.17 81.08
PD-Quant [31] 32.64 34.86  58.50 64.85 60.06 77.04 75.84
RepQ-ViT [29] 65.05 6848 5743 69.03 75.61 79.45 78.32
ERQ [61] 12.5% 6891 76.63  60.29 72.56 78.23 80.74 82.44
MLoRQ + RepQ (Ours) (~4-bit) | 64.61 7598  59.11 70.44 76.78 80.15 81.96
MLoRQ + ERQ (Ours) 68.11 7843  60.26 72.18 77.99 80.61 82.61
MLoRQ + ERQ + LoRAda (Ours) 69.12 79.13 61.55 72.80 78.61 80.76 82.63

Table 2: Results on COCO dataset. “AP°°*” denotes the box average precision for object
detection, and “AP™*” denotes the mask average precision for instance segmentation. All
referenced results were taken from [62].

Model Mask R-CNN Cascade Mask R-CNN
Method . w. Swin-T w. Swin-S w. Swin-T w. Swin-S
Size (%) APbox  Apmask  apbox  ppmask  pApbox  pApmask  ppbox A pmask
Full-Precision 100% 46.0 41.6 48.5 43.3 50.4 43.7 51.9 45.0
GPTQ [12] 229 25.0 31.7 325 39.8 35.8 44.6 39.6
RepQ-ViT [29] 93% 222 24.1 279 29.9 40.2 35.7 437 38.8
BRECQ [28] (~é—biyt) 14.7 18.2 15.3 19.5 29.9 28.0 323 29.3
ERQ [62] 27.2 28.9 30.6 33.0 45.1 40.0 47.3 42.0
MLoRQ + ERQ + LoRAda (Ours) 33.7 329 36.8 355 46.1 40.8 48.1 2.4

6 Low-Rank Aware Adaptive Rounding

Given the structure of compressed weights, as a result of the combination of low-rank and
quantization, we propose a modified version of Adaptive Rounding [36], referred to as Lo-
RAda, tailored for scenarios involving low-rank and quantization considerations. The proce-
dure encompasses a sequence of optimizations in which, for each layer, we aim to minimize
both the error caused by weight perturbations and the propagation errors throughout the
model. Suppose A € R%*" and B € R™*“ represent the low-rank decomposition of a certain
layer whose original weight is denoted by W € R% %, We define two continuous variables,
Va € RY*" and Vg € R"™%, which are optimized as part of the sequence-mean mecha-

~— 2 ~
Wx—ABxHF + A (Q(Va)+Q(Vs)), where A = Qs (A,Va, 04, ba)

. . b .
nism given by VI;I}‘I)B
and B = Qs (B,Vp, ¢p,bp) are the soft-quantized (B.2) low-rank decomposition matrices.

7 Experiments

We conducted experiments to demonstrate the advantages of MLoRQ. We first evaluated
MLoRQ on the ImageNet dataset [44] using Vision Transformers (taken from timm [54]),
and on COCO with Mask R-CNN [18] and Cascade Mask R-CNN [3], comparing it to
leading compression methods. We conducted an ablation study to support the choice for
unifying quantization and low-rank. Additional ablation experiments investigating different
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aspects of MLoRQ are provided in Appendix E.4. In addition, results on BERT [6] using the
GLUE benchmark [50] appear in Appendix E.3 due to space limitations.

In our experiments, we applied the same setup unless otherwise specified. To ensure a
fair comparison, we adopted quantization settings from prior work [29, 61], using a uniform
quantizer for weight and activation and a /og2 quantizer for the softmax function. A set
of 1,024 images was used for the optimization process. We report results in terms of the
compressed weights memory size relative to the floating-point model weights memory (%),
where the compressed size accounts for both low-rank and quantization, as defined in (4).
Activations are quantized to uniform 4-bit in all experiments unless stated otherwise.

ImageNet Classification The results for the ViT-based classification task are presented in
Table 1. In this experiment, the model’s weights are compressed using our MLoRQ method.
We incorporate two activation quantization enhancements into MLoRQ: RepQ’s reparame-
terization [29] (MLoRQ + RepQ) and ERQ’s activation error reduction [61] (MLoRQ +
ERQ), highlighting MLoRQ’s standalone effectiveness, independent of dedicated rounding
refinement. Finally, we report results of our complete method, including our low-rank-aware
adaptive rounding (+ LoRAda).

As discussed in this paper, MLoRQ is highly effective for compressing vision transform-
ers due to their architecture, which leverages the advantages of low-rank compression. As
shown in Table 1, MLoRQ achieves state-of-the-art results across architectures, with up to
15% improvement, especially in low-bit settings. Full comparisons with additional methods
and activation mixed-precision results appear in Appendices E.1 and E.2, respectively.

COCO Object Detection We evaluated MLoRQ on the COCO dataset for object-detection
and instance segmentation on the Mask-RCNN [18] and Cascade Mask R-CNN [3] models.
The results are presented in Table 2. MLoRQ shows improvement over state-of-the-art meth-
ods in different settings with over 6 percentage points in “AP bbox” for Mask R-CNN.

Joint Low-Rank and Quantization Ablation We evaluate the contribution of incorporat-
ing low-rank approximation with mixed precision. We compare the results of MLoRQ to the
same algorithmic flow using only mixed precision options at various weight compression
rates. Figure 3 (left) presents this comparison for the DeiT-B model and the larger ViT-L
model, with results for additional models in Appendix E.4.1. The results highlight the im-
pact of integrating low-rank options into the optimization, particularly at high compression
rates, where accuracy improvements are substantial.

8 Conclusions

In this study, we tackle joint low-rank approximation and mixed precision quantization by
introducing MLoRQ, a novel algorithm that assigns rank and bit-width per layer. MLoRQ
comprises two stages: (i) intra-layer candidates reduction via Pareto optimization; (ii) inter-
layer rank and bit-width allocation. The process is followed by an adaptive rounding re-
finement for mixed representations. It integrates easily into existing quantization schemes,
unifying low-rank and quantization strategies. Experiments in vision tasks show notable
improvement over state-of-the-art. This work highlights the potential of combining quanti-
zation and low-rank approximation across tasks, with future directions including: (i) extend-
ing MLoRQ to convolutional neural networks (CNNs), large language models (LLMs), and
vision-language models (VLMs) with high memory demands, and (ii) exploring additional
compression techniques like pruning and one-bit quantization.
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