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Abstract

The progressive scaling of large language models
(LLMs) has consistently enhanced multimodal un-
derstanding and advanced reasoning capabilities,
but has substantially increased computational and
hardware execution overhead. In this paper, we
present S-Quant, a novel post-method that com-
presses only model weights. We partition each
weight tensor into fixed-size blocks and assign
a single seed to each block. The seed drives a
hardware-friendly Linear Feedback Shift Regis-
ter (LFSR) generator that dynamically produces
multiple basis matrices. Each block is then re-
constructed as a linear combination of these basis
matrices, with block-specific coefficients, which
substantially reduces the amount of stored data,
increases the data-transfer efficiency between
memory and compute units, and consequently
speeds up memory-bound inference for large lan-
guage models. Experimental results on different
LLM models ranging from 7B-70B parameters
show that S-Quant attains state-of-the-art perfor-
mance when weights are compressed to approxi-
mately 3-bit or 4-bit. We also design a dedicated
ASIC accelerator that achieves a 4x speed-up for
memory-bound LLM inference. Code is available
at https://github.com/wmz-max/S-Quant.

1. Introduction

Large language models (LLMs) deliver state-of-the-art re-
sults across a wide range of natural language processing
tasks, and their strong language understanding has been
extended successfully to multimodal problems (Touvron
et al., 2023; Zhang et al., 2022). However, their large com-
putational and memory footprints remain a major barrier
to practical use. For example, GPT-3 (Brown et al., 2020),
with roughly 175 billion parameters, requires on the order of
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350 GB of memory when stored in FP16, which effectively
translates into the need for at least five NVIDIA A100 80GB
GPUs to perform inference. The resulting computation and
inter-GPU communication overheads make real-world de-
ployment costly and technically challenging.

Autoregressive LLM inference is primarily constrained by
memory bandwidth, as the retrieval of weight and activa-
tions dominates execution time. Off-chip DRAM accesses
entail orders-of-magnitude greater latency and energy con-
sumption compared to on-chip multiply—accumulate (MAC)
operations. Consequently, reducing the memory footprint
through model compression represents the most effective
strategy for mitigating inference latency, lowering power
consumption, and reducing deployment costs. Quantiza-
tion (Xiao et al., 2023) represents model weights and activa-
tions using lower-precision formats to decrease storage and
bandwidth demands. Pruning (Ma et al., 2023; Sun et al.,
2023) removes parameters judged to be redundant, reducing
model size and computational cost. However, most post-
training compression methods rely on calibration data and
suffer severe accuracy degradation under extreme compres-
sion. So, we explore one question whether a calibration-free
compression method can be designed that maintains accept-
able accuracy at extreme compression?

We present S-Quant, a weight-only compression method
that achieves extreme compression—approximately 3-bit
effective precision—while maintaining acceptable accuracy.
S-Quant partitions each weight matrix into fixed-size blocks
and approximates each block with a small set of basis ten-
sors that we deterministically generate from a seed. We
reconstruct a block by linearly combining the generated
basis tensors and multiplying each basis by an optimal co-
efficient. As a result, we represent and transmit a block’s
parameters by a single seed and its coefficient vector, which
substantially reduces storage and communication bandwidth
compared with storing raw weights. In contrast to a previous
work SeedLLM (Shafipour et al., 2024), which reconstructs
each block using floating-point matrix multiplications and
incurs significant hardware overhead, S-Quant avoids ex-
pensive matrix operations. As a result, S-Quant achieves
higher accuracy while substantially reducing hardware cost.

S-Quant has two practical challenges. First, weight blocks
exhibit large numerical variability, so we must determine
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Figure 1. S-Quant Framework.

how many basis tensors to generate for each block. Sec-
ond, design parameters such as block size and seed length
trade off against post-compression accuracy and average bits
per weight, so we must find a Pareto balance among these
objectives. To address the first challenge, we define the
explained energy ratio to measure the fraction of a block’s
energy retained by a given basis set, and we use this metric
to adaptively select the number of basis tensors per block.
To tackle the second challenge, we formulate the selection
of block size, seed length, and associated hyperparameters
as a multi-objective design-space exploration problem. We
then employ Bayesian optimization to identify operating
points that achieve a desirable trade-off among accuracy,
compression rate.

S-Quant increases on-chip computation within bounded lim-
its to reduce off-chip memory accesses and improve effec-
tive chip-to-chip bandwidth, enabling extreme compression
in multi-chip deployments. The tensor generator uses a
linear-feedback shift register (LFSR), a communications-
domain primitive (Win & Kyaw, 2008) that relies primarily
on hardware-friendly shift and XOR operations. This choice
yields a compact, deterministic, and easily pipelined hard-
ware implementation.

We make the following contributions in this paper:

* We propose a novel weight-only compression method,
S-Quant, which dynamically reconstructs each weight
block from a seed using a Linear-Feedback Shift Reg-
ister (LFSR) generator, substantially reducing stored
information and increasing effective memory band-
width.

* We adapt the number of basis tensors per block based
on each block’s explained energy and reconstruction
error to balance compression and accuracy.

* We introduce an search strategy that employs Bayesian
optimization to find optimal configuration parameters
such as block size and seed length.

* We designed a custom hardware accelerator, imple-

mented in SystemVerilog, and demonstrated in simula-
tion that for memory-bound LLM inference it achieves
up to a 4x speedup.

* Extensive experiments on LLM models ranging from
7B—T70B parameters show that S-Quant attains state-
of-the-art performance with weights compressed to
approximately 3-bit or 4-bit.

Conlflict of Interest Disclosure The authors declare that
there are no financial conflicts of interest related to this
work.

2. Preliminaries
2.1. LLM Weight Compression

Weight-only quantization targets representing model
weights at reduced bit widths to lower storage and compute
requirements. For example, GPTQ (Frantar et al., 2022)
uses block-wise reconstruction to attain 3—4 bit quantiza-
tion. SpQR (Dettmers et al., 2023b), OWQ (Lee et al.,
2024), and AWQ (Lin et al., 2024) prioritize weights as-
sociated with large-magnitude activations. Consequently,
SpQR and OWQ adopt mixed-precision schemes to preserve
those critical weights, while AWQ applies channel-wise
scaling to avoid the hardware inefficiencies of mixed preci-
sion. Qlora (Dettmers et al., 2023a) recovers performance
by performing parameter-efficient fine-tuning on the quan-
tized model. In QulIP# (Tseng et al., 2024), Hessian analysis
of calibration data helps make rounding decisions during
quantization.

LLM pruning has emerged as a critical challenge as large
language models continue to scale in size. Conventional
pruning techniques, which typically involve retraining the
entire model, are computationally expensive and increas-
ingly infeasible for models of this magnitude. Recent work
has shifted toward post-training pruning approaches (Fran-
tar & Alistarh, 2023; Sun et al., 2023; Das et al., 2023),
where specialized scoring functions are employed to as-
sess the significance of weights and prune less influential
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components without requiring costly retraining. In addi-
tion, SliceGPT (Ashkboos et al., 2024) advances structured
pruning by eliminating rows or columns of weight matri-
ces according to eigenvectors and eigenvalues derived from
the input, thereby offering a more principled strategy for
reducing model complexity.

Recent work shows that network weights can be compactly
represented by a pseudo-random generator seed together
with compact coefficient vectors. PRANC (Nooralinejad
et al., 2023) compresses entire networks by orders of magni-
tude to reduce storage and improve transmission efficiency.
LoRA (Hu et al., 2022) lowers weight storage by injecting
trainable low-rank decomposition matrices into each layer.
NOLA (Koohpayegani et al., 2023) builds on LoRA by
expressing low-rank factors as linear combinations of ran-
dom basis vectors, further reducing memory footprint and
computational overhead. SeedLLM (Shafipour et al., 2024)
is first use pseudo-random generator in LLM weight com-
pression, but block reconstruction relies on floating-point
multiplications between basis tensors and their coefficients,
significantly increasing power consumption and silicon area.

2.2. Linear Feedback Shift Register

A linear feedback shift register (LFSR) is a compact and
low-cost mechanism for generating pseudo-random binary
sequences and has been widely used in digital circuits and
embedded systems. Rather than relying on complex arith-
metic operations, LFSRs are designed around simple and
deterministic state update rules, which enable efficient se-
quence generation while keeping both hardware and mem-
ory overhead low.

An LFSR consists of a binary register of length K. At
iteration ¢, its internal state can be represented as s; =
( Sil) (2) (K

N O )), where each component corresponds
to a single bit in the register. At any time, the system evolves
solely based on the current state, without accessing past

states or auxiliary storage structures.

The state evolution can be expressed in a compact form as
st41 = T'sy, ey

where T denotes a fixed state transition operator. This
operator is not intended for numerical matrix computation;
instead, it serves as a concise representation of the update
rules governing the register. In particular, T jointly encodes
how the register contents are shifted and how the feedback
bit is generated from selected state positions.

From an implementation perspective, the update process
involves two basic types of operations. Most bits are sim-
ply shifted to adjacent positions at each iteration, while
a new feedback bit is injected at one end of the register.
The feedback bit is computed as the XOR of a predefined

subset of the current state bits. Since the update relies ex-
clusively on shift operations and bit-wise XORs, LFSRs
can be implemented without multipliers, complex control
units, or elaborate combinational logic, resulting in very low
hardware complexity and energy consumption.

From a memory standpoint, LFSRs are equally efficient.
Only the current K -bit state needs to be stored in order to
generate pseudo-random sequences of arbitrary length on
demand. This approach avoids explicit storage of full ran-
dom sequences, masks, or large lookup tables, and ensures
that the memory cost remains constant regardless of the
sequence length. Such a minimal state representation makes
LFSRs particularly well suited for resource-constrained en-
vironments and implementations where storage efficiency is
a primary concern.

2.3. Hardware Implementation Cost of Different
Arithmetic Operations

In modern deep learning systems, weight computation
is commonly formulated as floating-point matrix multi-
plication, where the dominant operation is floating-point
multiply-accumulate (MAC). Prior studies have shown
that, in area- and energy-constrained hardware implemen-
tations, such dense floating-point computations incur sub-
stantial cost in terms of silicon area and power consump-
tion (Horowitz, 2014; Jouppi, 2017).

From the perspective of arithmetic unit design, different op-
erations exhibit markedly different implementation costs. In
particular, floating-point multipliers are significantly more
complex than adders or simple accumulation units, requiring
deeper logic pipelines and higher switching activity. When
deployed at scale for dense matrix computations, the exten-
sive use of floating-point multipliers leads to increased hard-
ware complexity and elevated energy usage (Chen, 2016;
Sze, 2017). In contrast, arithmetic patterns that reduce the
number of floating-point multiplications and rely primarily
on addition or accumulation are generally more favorable
for efficient hardware realization.

Motivated by these considerations, many hardware-efficient
designs aim to reformulate dense matrix computations into
accumulation-dominant forms, where a small number of
scalar scaling operations are followed by lightweight ac-
cumulation. Such designs reduce the reliance on costly
floating-point multipliers, simplify data paths, and lower
overall energy consumption, while remaining effective for
neural network inference workloads (Han, 2016).
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3. S-Quant
3.1. Seed-Based Weight Compression

Model parameters are represented using compact linear com-
binations of deterministic pseudo-random bases generated
from a linear-feedback shift register (LFSR) with a fixed
register length.

The integer-valued sequence generated from an LFSR ini-
tialized by seed o is written as:

Z(o) e 2T, )
where 7" denotes the sequence length.

Since the raw output of the LFSR is biased and uncentered,
an affine transformation is applied to obtain a normalized
sequence with controlled scale:

Z(o) —2F"te
2R-1 1 7

where R is the register length and e denotes an all-ones
vector of matching dimension.

B(o) = 3)

The original parameter tensor is partitioned into N non-
overlapping blocks:

0=[W 03 . g™ (4)
with each block associated with an independent seed o,.

From the normalized sequence corresponding to o, a col-
lection of K consecutive basis elements is extracted:

(B!, B, ... By, 5)

which together span a low-dimensional subspace used for
approximation.

Each parameter block is reconstructed as a linear combina-
tion of the corresponding basis elements:

K
0" =" o B, ©)
k=1

where o, 1, € R are scalar coefficients obtained by solving
a least-squares projection of (") onto the subspace spanned
by the selected bases.

The reconstructed parameter tensor is formed by concate-
nating all reconstructed blocks:

é:[é(l),é@)’_._’é(lv)]’ @)

For a fixed register length R and feedback polynomial, a
maximal-length LFSR cycles through 2% —1 distinct internal
states:

S ={s1,82,...,89r_1}, 8)

allowing all corresponding output values to be precomputed
and cached.

Fixed 3 Bases per Block Adaptive Bases per Block (All = 90%)

1 2 3 4 5
Block Index

Block Index

Figure 2. Comparison between Fixed and Adaptive methodolo-
gies(5 blocks selected in LLaMA 2-7B).

3.2. Explained Energy and Reconstruction Error

When a weight tensor is approximated using a limited set of
basis tensors, a reconstruction error inevitably arises due to
the projection onto a low-dimensional subspace. Let T de-
note the original weight tensor (or a flattened block), and let
T®) denote its approximation using k selected bases. The
reconstruction error is naturally measured by the squared
Frobenius norm:

S ©)

which captures the energy of the residual orthogonal to the
selected subspace.

To quantitatively assess how much of the original weight en-
ergy is preserved after compression, we define the explained
energy ratio as:

1PTIE 1T = T®)E

Tl =1- B (10)
1117

Ry, =
1117

where P}, denotes the orthogonal projection operator onto
the k-dimensional subspace spanned by the selected bases.
A higher Ry, indicates that most of the tensor energy is
captured, corresponding to a lower reconstruction error.

This formulation is grounded in the orthogonal projection
theorem in linear algebra, which guarantees that the best
low-dimensional approximation is achieved via orthogonal
projection and that the residual energy is orthogonal to the
selected subspace (Strang, 2016; Trefethen & Bau III, 1997).
Moreover, Ry, is conceptually analogous to the explained
variance ratio commonly used in Principal Component Anal-
ysis (PCA) to evaluate how much of the original data vari-
ance is preserved in a low-dimensional embedding (Jolliffe,
2002; Golub & Van Loan, 2013).

3.3. Adaptive Basis Selection and Quantization

As shown in Figure 2 (left), using a fixed number of bases
for all weight blocks leads to inefficient and uneven recon-
struction quality. Some blocks are over-allocated, achieving
energy ratios far above the target threshold Ry}, and wast-
ing bases, while other blocks fail to reach the threshold,
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Algorithm 1 Adaptive Basis Selection and Quantization

Input: weight blocks {w; }, energy threshold Ry, blocks
per quantization group G
Output: selected seeds {s*}, basis counts {k*}, quan-
tized coefficients {a}
for each weight block w; do
Initialize k + 2
Initialize Rpax < 0
while R, < Ry, do
for each candidate seed s do
Compute coefficients a; by Eq. (11)
Compute explained energy ratio Rj(s) using
Eq. (10)
end for
Select s* < arg maxg Rj(s)
Update Ryax < Ri(s*)
if R.x < Rin then

k< k+1
end if
end while
Record s*, k, and a;
end for

Group every G consecutive blocks and quantize the corre-
sponding coefficients {a;} to int8 using a shared scaling
factor

Return {s*}, {k*}, {a}

resulting in poor reconstruction. To overcome this limita-
tion, we adopt an adaptive strategy that dynamically selects
the number of bases for each block to reach the target ex-
plained energy ratio (The ablation study about importance
of adaptive basis selection is in Appendix C).

Algorithm Overview. For each weight block w, we start
with a small number of bases (k = 2) and enumerate all
LFSR seeds s. For each candidate seed, we construct the
basis matrix U(s) € RBXF whose columns are the k
normalized sub-blocks generated from seed s according to
Equation (3).

We compute the projection coefficients(a) by solving the
following least-squares problem:

a:argfeliRri |Uk(s) z — w|3, (11)

and evaluate the explained energy ratio using Equation (10).

If the best Ry (s) is below the threshold Ry, we increment k
and repeat the search process. Once the threshold is reached,
we record the selected seed, basis count, and coefficients.
Finally, coefficients of multiple blocks are grouped and
quantized to int8 with a shared scaling factor. The detailed
procedure is summarized in Algorithm 1.

Using this algorithm, as illustrated in Figure 2 (right), blocks

LFSR Weight
Compression

Seed Compression

Update

e
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Next Sample

Search Space
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Figure 3. Searching Strategy.

that are easier to approximate automatically use fewer bases,
while harder blocks receive more bases. This ensures that
all blocks reach the target R;;, without redundant basis allo-
cation.

3.4. Configuration Searching Strategy

Given a configuration, Algorithm 1 compresses the original
weight tensor W into 144 through adaptive basis selection
followed by coefficient quantization. Each execution of the
algorithm simultaneously induces two competing objectives.
The first objective is the reconstruction error measured by
mean squared error (MSE):

1 & .
Lyse = NZHWi—WiHi, (12)
i=1

where W; and VAVZ denote the original and reconstructed
weight blocks, respectively. The second objective is the
effective storage cost per block, expressed as:
o 16
Bitwidth = S + 8k + ek (13)
where S is the length of the LFSR seed, k is the number of
adaptively selected bases, and G is the number of blocks
sharing a single FP16 scaling factor.

These two objectives are inherently conflicting: reducing
storage cost by decreasing bitwidth typically increases re-
construction error, while allocating more bases improves
accuracy at the expense of additional storage. Importantly,
this trade-off is fully determined by a four-dimensional con-
figuration:

T =(B, S, G, R), (14)

where B specifies the block size, S controls the number
of candidate basis sequences, G determines the granularity
of shared quantization scaling, and Ry} defines the target
explained energy ratio used in adaptive basis selection.

As a result, identifying an effective compression strategy
can be naturally formulated as a multi-objective design
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Figure 4. S-Quant Accelerator Implementation.

space exploration problem. Each configuration 7" corre-
sponds to a design point that yields a bi-objective outcome
(Lase(T), Bitwidth(T)), and the goal is to discover con-
figurations that achieve a favorable balance between accu-
racy and storage efficiency. To efficiently explore this mixed
discrete—continuous design space, we employ a Bayesian
optimization framework, illustrated in Figure 3, with a Gaus-
sian Process surrogate model using a Matérn kernel. At
each iteration, the next configuration 7™ is selected by
maximizing the Expected Incremental Predictive Volume
(EIPV) (Shah & Ghahramani, 2016):

T = arg max EIPV(T | D), (15)

where D denotes the design space of all candidate configu-
rations. The EIPV function is defined as:

EIPV(T | D) = Egry [AHV (£(T),P)],  (16)

with AHV representing the hypervolume improvement ob-
tained by augmenting the current Pareto set P with the
candidate solution f(7"). After the Pareto frontier is ob-
tained, a single operating point is selected from the fron-
tier as a Pareto-efficient solution that achieves a favorable
compromise between reconstruction accuracy and storage
efficiency, and the selected configuration is fixed and used
in all subsequent experiments (The details of the derivation
of BO and EIPV are in Appendix D).

3.5. Hardware Analysis

Hardware Implementation. We propose a seed-
compression-aware accelerator because conventional GPUs,
which are highly optimized for dense matrix-multiplication
kernels, cannot efficiently reconstruct weights from com-
pact seeds. We implement the Weight Generator and the
Systolic Array in SystemVerilog and synthesize the designs
with Synopsys Design Compiler (Ultra, 2017) targeting a
7nm FinFET (Clark et al., 2016) standard-cell library to
obtain area, timing, and power estimates for the hardware
implementations. A cycle-accurate simulator is developed to
evaluate end-to-end system performance, and CACTI (Mu-
ralimanohar et al., 2009) is employed to model on-chip

memory latency and power. The Weight Generator com-
prises a lookup table (LUT) that stores all LFSR states
together with the multipliers required to reconstruct weights
from seeds. The Systolic Array consists of processing ele-
ments (PEs), each integrating a multiplier, an adder, and a
partial-sum buffer to accumulate intermediate results.

Weight Reconstruction Pipeline. Figure 4 depicts the end-
to-end dataflow of the proposed accelerator. Seeds and
coefficients are first loaded from memory into the Weight
Generator. The generator uses the seed to rapidly index a
lookup table (LUT) with single-cycle access to obtain the
corresponding tensor, and reconstructs weights on the fly
via multiplier and adder units. The reconstructed weights
are subsequently streamed into the systolic array for effi-
cient multiply—accumulate (MAC) operations (The actual
overhead of reconstruction under different batch sizes is
reported in Appendix B).

4. Experiments
4.1. Performance Analysis

We evaluate S-Quant using two complementary settings.
Language modeling quality is measured via perplexity on
WikiText-2 (Merity et al., 2016), and zero-shot accuracy
is assessed on a collection of downstream tasks using the
LM Evaluation Harness (Gao et al., 2021). We compare
against SeedLM (Shafipour et al., 2024), AWQ (Lin et al.,
2024), OmniQuant (Shao et al., 2023), and QuIP# (Tseng
et al., 2024), relying on their official public implementa-
tions. SeedLLM operates without calibration, while AWQ,
OmniQuant, and QulP# generally depend on layer-wise cal-
ibration with held-out data. S-Quant similarly requires no
calibration and can be applied directly to pretrained check-
points, yet achieves consistently lower perplexity across
model scales and low-bit configurations. For AWQ and Om-
niQuant, we employ 4-bit integer quantization with channel-
wise scaling to limit effective bitwidth growth (a group size
of 128 adds roughly 0.25 bits per parameter). We do not
fine-tune the quantized models for QuIP# or OmniQuant to
maintain parity with calibration-free methods. Perplexity
results on WikiText-2 are reported in Table 2, highlighting
the trade-off between compression and accuracy. Zero-shot
task performance is summarized in Table 4, where S-Quant
matches or exceeds prior methods at the same bit budgets,
demonstrating strong calibration-free robustness(The per-
formance on Llama 2 13B, Llama 2 70B and Llama 3 8B is
in Appendix A).

4.2. Hardware Analysis

In this work we perform hardware-level experiments to
compare four weight-handling strategies—weights without
compression, seed-compression (Shafipour et al., 2024), 4-
bit weight quantization, and our S-Quant across Llama2 and
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Model Method Bits ARC-Easy ARC-Challenge HellaSwag WinoGrande BoolQ Mean
Baseline 16 74.58 46.33 75.98 69.06 77.74 68.74

S-Quant 38 7336 4455 7 7451 68.47 7134 ~  67.65

SeedLM 4 73.23 44.54 74.45 68.43 77.19 67.57

AWQ 4 70.58 43.94 74.96 68.75 78.29 67.30

QulP# 4 68.35 39.85 72.40 65.59 75.14 64.27

Llama27B ~ omniQuant 4 0714352 7420 68.27 7364 6607
S-Quant 2.7 70.01 41.39 70.74 66.38 74.29 64.56

SeedLM 3 69.87 41.21 70.72 66.30 74.28 64.48

AWQ 3 53.37 33.62 56.66 61.09 57.58 52.46

QulP# 3 59.51 34.22 59.23 61.09 65.20 55.85

OmniQuant 3 35.69 25.77 35.48 52.88 42.48 38.46

Baseline 16 85.23 64.33 84.07 77.66 86.27 79.51

S-Quant 38 8394 5931 8389 7 7780  85.62  78.11

SeedLM 4 83.80 59.30 83.84 71.74 85.60 78.06

AWQ 4 80.98 57.94 82.84 60.54 79.39 72.34

QulP# 4 OOM OOM OOM OOM OOM OOM

OmniQuant 4 25.13 26.54 26.36 51.38 37.83 33.45

Llama 3 70B S-Quant 27 7850 5224 80.83 7 7748 84.66 7474
SeedLM 3 78.45 52.22 80.77 77.35 84.59 74.68

AWQ 3 65.87 45.14 70.76 55.88 69.08 61.35

QuIP# 3 OOM OOM OOM OOM OOM OOM

OmniQuant 3 25.21 25.94 26.15 49.64 37.83 32.95

Baseline 16 79.56 46.08 78.93 72.38 79.35 71.26

S-Quant 38 7413 45017 547 69.33 7783 6839

SeedLM 4 74.07 45.03 75.29 69.11 71.67 68.23

AWQ 4 71.09 4431 75.13 69.01 78.63 67.63

QuIP# 4 68.73 40.27 72.93 66.01 75.59 64.71

Owenzs7p  OmmiQuant__ 4 I3 4383 7463 68.61 7407 6645
) S-Quant 2.7 70.43 41.87 71.27 66.93 74.83 65.07
SeedLM 3 70.31 41.73 71.03 66.71 74.61 64.88

AWQ 3 53.83 34.03 57.07 61.63 58.03 52.92

QuIP# 3 59.83 34.63 59.73 61.63 65.43 56.25

OmniQuant 3 36.03 26.03 35.73 53.13 42.73 38.73

Table 1. Performance comparison across different models and zero-shot tasks for around 4-bit and 3-bit configurations. Entries that ran

out of memory in our setup are marked with OOM.

Method Bits 2-7B 2-13B 2-70B 3-8B 3-70B
Baseline 16 5.5 49 3.3 6.1 2.9
S-Quant 3.8 5.7 5.0 3.5 6.8 3.6

SeedLM 4 5.7 5.1 35 7.0 3.8
OmniQuant 4 6.1 5.2 3.7 inf inf
AWQ 4 5.8 5.1 35 7.1 4.7
QulP# 4 6.5 53 OOM 7.6 OOM

S-Quant 2.7 6.5 5.8 3.8 9.7 54
SeedLM 3 6.6 5.8 4.0 10.1 5.7
OmniQuant 3 inf 10.7 7.5 inf inf
AWQ 3 15.6 6.5 44 118 11.6
QuIP# 3 10.8 57 OOM 10.1 OOM

Table 2. WikiText-2 perplexities for LLaMA 2, LLaMA 3 using 3-
and 4-bit weight representations evaluated on 2048-token contexts.

Llama3 model families ranging from 7B to 70B parameters.
We present a systematic comparison of the four methods
with respect to latency, energy efficiency, and silicon area.

Area. We analyzed the area of the weight generator, which

MODULE NUMBER AREA (mm?) RATIO (%)
PE (121.53 pm?) 256 0.0311 97.2
GENERATOR (912.23 pm?) 1 0.0009 2.8

Table 3. Area breakdown.

comprises several multipliers and a cache-backed look-up
table (LUT) that stores all linear-feedback shift register
(LFSR) states. Next, we evaluated the area of the systolic
array: each processing element (PE) contains a multiplier,
an adder, and a local buffer. As shown in Table 3, for a 16 x
16 systolic array accelerator, the weight generator occupies
only a small fraction of the overall area—approximately
3%. This indicates that the area overhead introduced by the
generator in S-Quant is negligible.

Latency and Energy. During latency and energy mea-
surements, we compared S-Quant (the average 3.8-bit case)
against three baselines: an uncompressed weight design,



S-Quant: Rethinking Weight Quantization with Seed-Based Generation

—
=
—
=

Perplexity
—
=)
Perplexity
=
]

\

v

—
=

Perplexity
—
=)

(5
(5]

8 16 3 8
block size

(a) Block size.

(b) Seed length.

(5}

16 2 0.03 0.05 0.07 0.10
seed length

threshold

(c) Explained energy ratio threshold.

Figure 5. Ablation on LLaMA2-7B: effect of block size, seed length, and explained energy ratio threshold on perplexity (PPL), varying

one factor at a time while fixing the others.

seed-compression (Shafipour et al., 2024) and a 4-bit weight-
quantization design. To ensure an area-fair comparison
among the three configurations, we adjusted the number
of PEs in all four cases so that they have the same total
area. As shown in Figure 6a, relative to the uncompressed
baseline S-Quant achieves an approximately 4 x reduction
in latency across multiple benchmarks and also outperforms
the 4-bit quantized design in execution time. Figure 6b
reports energy consumption: weight compression substan-
tially reduces memory-access power, producing large sav-
ings in DRAM and SRAM energy; the figure also presents
a breakdown of power into static, DRAM, SRAM, and core
components. In addition, since seed compression involves a
large number of floating-point multipliers, it exhibits higher
latency and power consumption compared to S-Quant.

4.3. Ablation Study

Block size, Seed length and Explained energy ratio.
Figure 5a, Figure 5b, and Figure S5c present an ablation
study that analyzes the impact of three key hyperparame-
ters—threshold, seed length, and block size—on model per-
formance measured by perplexity (PPL) on LLaMA2-7B.
In this study, we adopt a controlled experimental protocol
in which only one variable is changed at a time, while all
other settings are kept fixed, allowing us to isolate the ef-
fect of each factor. The results clearly show that all three
variables have a significant influence on perplexity. Specifi-
cally, varying the threshold leads to noticeable changes in
PPL, indicating that the choice of energy or reconstruction
threshold directly affects model quality. Similarly, seed
length plays a critical role, as different initialization lengths
result in substantial performance variation. Block size also
exhibits a strong impact, suggesting that the granularity of
block partitioning is closely tied to the effectiveness of the
method. These observations demonstrate that threshold,
seed length, and block size are not minor implementation
details, but rather fundamental design choices that can dra-
matically affect outcomes. Consequently, these variables
must be explicitly incorporated into the design space explo-
ration and carefully tuned to achieve optimal performance.
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Figure 6. Performance comparison of compression techniques: (a)
Normalized execution cycles. (b) Normalized energy consumption.
Both normalized to non-compression baseline.

5. Conclusion

We present S-Quant, a novel weight-only compression
method that reconstructs each weight block from a com-
pact LFSR seed and a small set of basis tensors, substan-
tially reducing stored weights and chip-to-chip bandwidth.
We adapt the number of basis tensors per block with an
explained-energy metric to trade off reconstruction error
and compression, and we treat block size, seed length, and
related hyperparameters as a multi-objective design-space
exploration solved via Bayesian optimization. We imple-
ment a hardware accelerator in SystemVerilog and demon-
strate in simulation up to a 4x speedup for memory-bound
LLM inference. Extensive experiments on LLM models
(7B=70B) show state-of-the-art accuracy at roughly 3—4
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bit effective precision. S-Quant paves the way for new
hardware-friendly compression techniques for LLM.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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A. Experiments

Model Method Bits ARC-Easy ARC-Challenge HellaSwag WinoGrande BoolQ Mean
Baseline 16 77.44 48.98 79.38 72.22 80.55 71.71
S-Quant(Ours) ~ 38 ~  77.02 4993 855 7281 7933 7153
SeedLM 4 76.98 49.83 78.54 72.77 79.20 71.46
AWQ 4 77.44 49.32 78.57 71.90 78.47 71.14
QuIP# 4 74.24 45.48 77.17 71.27 79.51 69.53
Llama2 138 OmniQuant_ 4 el 4195 810 7214 8L77 7123
S-Quant(Ours) 2.7 72.96 45.43 74.62 71.51 78.81 68.67
SeedLM 3 72.85 45.39 74.50 71.35 78.81 68.58
AWQ 3 70.58 45.14 72.72 64.96 72.45 65.17
QulP# 3 73.48 45.14 74.92 69.06 79.60 68.44
OmniQuant 3 55.85 34.47 59.54 53.04 63.39 53.26
Baseline 16 80.98 57.25 83.81 77.98 83.70 76.74
‘S-Quant(Ours) ~ 38 8130 5654 83.04 76775 8245 76.02
SeedLM 4 81.14 56.40 82.97 76.72 82.26 75.90
AWQ 4 80.98 56.66 83.24 77.19 83.27 76.27
QulP# 4 OOM OOM OOM OOM OOM OOM
Llama270p  OmniQuamt 4T 597 8267 7680 8343 7569
S-Quant(Ours) 2.7 79.07 53.86 80.53 76.97 79.14 73.91
SeedLM 3 79.00 53.84 80.51 76.80 79.02 73.83
AWQ 3 80.26 55.80 80.50 73.01 80.00 73.91
QuIP# 3 OOM OOM OOM OOM OOM OOM
OmniQuant 3 63.59 39.51 68.24 62.04 65.23 59.72
Baseline 16 76.81 52.73 76.97 72.93 81.87 72.26
S-Quant(Ours) ~ 38 7668 49389 7672 7312 80.84 7145
SeedLM 4 76.52 49.74 76.61 72.93 80.76 71.31
AWQ 4 74.49 51.54 78.03 73.09 80.40 71.51
QuIP# 4 72.39 46.93 75.93 71.82 79.24 69.26
Llama3sp  OmniQuant 4 M. 4778 Bd2 69.60 7199 6737
S-Quant(Ours) 2.7 67.32 41.72 68.46 69.39 67.73 62.92
SeedLM 3 67.21 41.55 68.34 69.22 67.61 62.79
AWQ 3 64.90 40.19 68.40 65.04 74.62 62.63
QuIP# 3 65.07 40.36 67.79 68.82 72.14 62.84
OmniQuant 3 30.26 22.53 28.96 49.33 48.47 3591

Table 4. Performance comparison across different models and zero-shot tasks for around 4-bit and 3-bit configurations. Entries that ran
out of memory in our setup are marked with OOM.

B. S-Quant Reconstruction Overhead

Figure 7 illustrates the end-to-end dataflow of the proposed accelerator. During execution, the compact seeds and coefficients
are first fetched from memory and fed into the weight reconstruction module. Leveraging the seed as an index, the generator
performs a single-cycle lookup into a precomputed table to retrieve the corresponding tensor representation, followed by
on-the-fly weight reconstruction using parallel multiplier and adder units. The reconstructed weights are then streamed
directly into the systolic array to support efficient multiply—accumulate (MAC) operations without intermediate buffering.

To quantify the runtime cost of weight reconstruction, we incorporate the reconstruction logic into our cycle-accurate
simulator and evaluate its contribution to the total execution time under different batch sizes. Our results show that the
relative reconstruction overhead decreases as the batch size increases, and becomes negligible at larger batch sizes. This
observation indicates that the reconstruction process introduced by S-Quant incurs an acceptable runtime cost and does not
pose a performance bottleneck in practical deployments.

C. Ablation Study

Importance of adaptive basis selection. As illustrated in Figure 8 9, we compare fixed and adaptive base allocation
strategies under two different fixed settings. In the first experiment, each block is assigned a fixed number of two bases,
while in the second experiment the fixed number is increased to four. For the fixed strategy, all blocks share the same number
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Figure 7. S-Quant Reconstruction Overhead.

of bases regardless of their intrinsic complexity. As a result, the explained energy ratios vary significantly across blocks:
some blocks are over-allocated and achieve energy ratios far above the target threshold Ry}, whereas others fail to reach the
threshold, leading to insufficient reconstruction quality. Increasing the fixed number of bases alleviates this issue to some
extent, but cannot fundamentally guarantee that all blocks satisfy the target requirement. In contrast, the adaptive strategy
dynamically selects the number of bases for each block according to its energy distribution. As shown in Figure 8 9, the
adaptive approach consistently ensures that the explained energy ratio of every block exceeds the target threshold, resulting
in more balanced reconstruction quality and more efficient utilization of bases across blocks.
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Figure 8. Fixed 2 based vs. Adaptive.
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Figure 9. Fixed 4 based vs. Adaptive.

We provide the details of the multi-objective Bayesian optimization (MOBO) framework employed to efficiently explore the
design space and approximate the Pareto frontier.

Problem formulation. Each design configuration x € D is associated with a vector-valued objective function

f(x) = (f1(x), f2(x)), (17)

where f1(x) denotes reconstruction error and f(x) denotes storage cost. These objectives are inherently conflicting, and
thus the goal of optimization is to identify a set of Pareto-optimal configurations

P*={xeD|#x €D f(x) < f(x)}, (18)

12
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where < denotes Pareto dominance.

Gaussian process surrogate models. We model each objective independently using a Gaussian Process (GP),
fm(X) ~ g'P(an(X),km(X,X/)), m e {172}5 (19)

Given a set of observed configurations, the posterior predictive distribution for each objective is

P(fm(X) [ Dn) = N (pn (%), vm (%)), (20)

This independent modeling assumption is commonly adopted in MOBO and provides a favorable trade-off between modeling
expressiveness and computational efficiency.

Hypervolume indicator. To evaluate the quality of a Pareto set, we adopt the hypervolume (HV) indicator. Given a
reference point r, the hypervolume of a Pareto set P is defined as

HV(P) = A( U If(x). r]> , 21)

xeP

where A(-) denotes the Lebesgue measure. Hypervolume is a strictly Pareto-compliant metric that jointly captures conver-
gence and diversity of the Pareto frontier.

Expected hypervolume improvement. Let Py denote the current set of non-dominated solutions after /V evaluations.
For a candidate configuration x, the hypervolume improvement is defined as

AHV(x) = HV(Py U{f(x)}) — HV(Pn), (22)

Since f(x) is unknown prior to evaluation, the Expected Hypervolume Improvement (EIPV) acquisition function is defined
as
EIPV (x) = E¢(x) [AHV(x)} , (23)

where the expectation is taken with respect to the GP posterior distributions of the objectives.

Bi-objective decomposition. In the bi-objective setting considered in this work, EIPV admits an efficient decomposition
over non-overlapping hyper-rectangular regions induced by the current Pareto frontier and the reference point. Assuming
independent GP posteriors for f; and fs, the expectation factorizes as

EIPV(x) =Y / p(f1 () p(f2(x)) dfs dfe, (24)
kI Re

where { R} } denotes the set of dominated regions in the objective space. Each term corresponds to the expected contribution
of x to the hypervolume expansion.

Sampling strategy. At each iteration, the next design configuration is selected by maximizing the EIPV acquisition
function as
x* = arg max EIPV (x), (25)
xE

which explicitly favors configurations that are expected to expand the current Pareto frontier under a limited evaluation
budget.
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