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Abstract

The deployment of Large Language Models
(LLMs) on resource-constrained edge devices
is increasingly hindered by prohibitive memory
and computational requirements. While ternary
quantization offers a compelling solution by
reducing weights to {—1,0,+1}, current im-
plementations suffer from a fundamental mis-
alignment with commodity hardware. Most
existing methods must choose between 2-bit
aligned packing, which incurs significant bit
wastage, or 1.67-bit irregular packing, which
degrades inference speed. To resolve this ten-
sion, we propose Sherry, a hardware-efficient
ternary quantization framework. Sherry intro-
duces a 3:4 fine-grained sparsity that achieves
a regularized 1.25-bit width by packing blocks
of four weights into five bits, restoring power-
of-two alignment. Furthermore, we identify
weight trapping issue in sparse ternary training,
which leads to representational collapse. To
address this, Sherry introduces Arenas, an an-
nealing residual synapse mechanism that main-
tains representational diversity during train-
ing. Empirical evaluations on LLaMA-3.2
across five benchmarks demonstrate that Sherry
matches state-of-the-art ternary performance
while significantly reducing model size. No-
tably, on an Intel i7-14700HX CPU, our 1B
model achieves zero accuracy loss compared to
SOTA baselines while providing 25% bit sav-
ings and 10% speed up. The code is available at
https://github.com/Tencent/AngelSlim.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across massive applica-
tions (Wu et al., 2023; Floridi and Chiriatti, 2020).
However, the increasing concerns regarding data
privacy, the necessity for offline functionality, the
prohibitive latency, and the cost of cloud-based
inference (Yao et al., 2024; Liagkou et al., 2024)
have driven a pressing need to deploy LLMs on
resource-constrained edge devices.
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Figure 1: Comparison of different packing strategies for
ternary quantization in efficiency.

Weight quantization (Hubara et al., 2018; Liu
et al., 2023) is a practical technique for enabling on-
device deployment by reducing model footprints
and computation through lower-precision numer-
ical representations. Nevertheless, most existing
quantization methods (Dettmers et al., 2024; Lin
et al., 2023b; Frantar et al., 2022) are optimized for
server-grade GPUs that support complex hardware
primitives, such as mixed-precision multiplication.
Thus, these methods are often unsuitable for het-
erogeneous edge and mobile hardware, which pri-
oritize simplified, widely supported operations that
avoid specialized hardware dependencies.

Ternary quantization (Li et al., 2016; Liu and Liu,
2023) provides a compelling paradigm for edge-
based LLM inference by constraining weights to
the set {—1,0, +1}. Supported by the Lookup Ta-
ble (LUT)-based engines (Huang et al., 2025¢; Wei
et al., 2025; Wang et al., 2025a; Nie et al., 2025),
ternary quantization transforms costly floating-
point multiplications into hardware-efficient addi-
tions, as shown in Fig 9. This intrinsic compatibil-
ity makes ternary quantization a promising solution
to bridge the gap between high-performance LLMs
and the strict resource constraints of edge devices.

However, existing ternary quantization meth-
ods (Ma et al., 2025; Huang et al., 2025a) suf-
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Figure 2: (Left) 2-bit strategy packs each weight into 2 bits to maintain alignment, resulting in large bit wastage.
(Middle) 1.67-bit strategy packs 3 weights into 5 bits, introducing SIMD-unfriendly 3-way patterns, leading to
slow speed. (Right) Our Sherry enforces a 3:4 sparsity and packs 4 weights into 5 bits, introducing SIMD-friendly
4-way patterns, achieving a small 1.25-bit width and faster inference speed. More details are shown in Fig 9.

fer from practical inefficiencies due to the mis-
alignment between non-standard ternary bit-widths
and standard hardware architectures. Current im-
plementations generally resort to two suboptimal
strategies for LUT-based execution: (1) 2-bit strat-
egy that packs each weight into 2 bits (Wei et al.,
2025), as shown in Fig. 2 (left), offering no mem-
ory savings over standard INT2 quantization; or
(2) 1.67-bit strategy that packs three weights into
five bits (Wang et al., 2025a), as shown in Fig. 2
(middle). While the 1.67-bit strategy offers im-
proved density, its 3-way grouping is fundamen-
tally incompatible with the power-of-two vector
lanes of modern Single Instruction Multiple Data
(SIMD) units, frequently leading to a slower infer-
ence speed compared to the 2-bit strategy. Conse-
quently, existing ternary methods are forced to
trade off between bit width and inference speed,
preventing them from achieving the full theoretical
benefits of ternary weights.

To address these limitations, we propose Sherry,
anovel Sparse hardware-efficient ternary quantiza-
tion framework that achieves 1.25-bit width while
maintaining superior inference speed. Our key in-
sight is that the inherent sparsity of ternary models
can be strategically structured to reconcile the ten-
sion between storage density and computational
regularity. Specifically, Sherry enforces an optimal
3:4 fine-grained sparsity constraint: within every
contiguous block of four weights, exactly three
are quantized to non-zero values (£1), and one is
fixed to zero. This structured constraint enables
an optimal packing strategy where each 4-weight
block is stored in a compact 5-bit representation.
Crucially, this block-based approach restores the
power-of-two alignment required by modern SIMD

units, allowing for parallel processing in regular-
ized hardware operations.

Furthermore, directly integrating 3:4 sparsity
into ternary training often results in performance
degradation. We attribute this to weight trapping:
weights accumulate in localized regions due to gra-
dient homogenization, leading to representational
collapse, as shown in Fig. 3 and 11. To address this,
Sherry introduces Arenas', an Annealing residual
synapse module. By injecting heterogeneous gradi-
ents during the training phase, this module breaks
the gradient homogenization and maintains an ex-
pressive and diverse weight distribution for Sherry.

We evaluate the efficacy and efficiency of Sherry
across five standard benchmarks using the LLaMA-
3.2 (Touvron et al., 2023) model family. Our empir-
ical results demonstrate that Sherry matches perfor-
mance with state-of-the-art (SOTA) ternary quanti-
zation baselines while necessitating a substantially
lower bit width. Notably, on an Intel 17-14700HX
CPU, Sherry achieves a 16% reduction in model
size and a 10% inference speed up compared to
SOTA 1B ternary LLM, with zero accuracy degra-
dation. These findings validate that Sherry provides
a promising hardware-efficient solution for deploy-
ing LLMs on resource-constrained platforms.

2 Background and Challenge

2.1 Ternary Quantization

Ternary quantization is an extreme weight compres-
sion paradigm that constrains model parameters to
the discrete set {—1,0,+1}. Taking per-channel
quantization as an example, for a full-precision
weight matrix W € RdinXdout - where d;,, is the

" Arenas" is also the name of the sandy soil used to grow
grapes for sweet Sherry wine.
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number of input channels and d,,,; is the number of
output channels, the general ternary quantization
function Q(+) is defined as:

1, Wi > A
QW)=Ta, T;; 0, if|Wi | <Ay
-1, if Wi,j < —Aj,
)

where T € {—1,0,+1}4nxdout is the ternary
weight matrix, o« € R%u¢ represents the scaling
factors?, and A € R%ut denotes the quantization
thresholds. A substantial body of research has in-
vestigated the optimal determination of v and A,
which are discussed in detail in Sec. E.

To eliminate weight-activation multiplications
during inference, Lookup Table (LUT)-based en-
gines (Wang et al., 2025a; Wei et al., 2025) have
been developed, demonstrating superior efficiency
over traditional multiplication-based engines. As
illustrated in Fig. 9, the engine segments the inputs
and pre-computes a localized lookup table. For
each segment, the corresponding ternary weight
index is used to retrieve pre-computed results from
the table. This paradigm provides a promising path-
way for ternary LLMs by fully replacing complex
floating-point multiplications with highly efficient
additions and memory lookups.

2.2 Quantization-Aware Training (QAT)

Due to the aggressive nature of ternary compres-
sion, QAT is essential to recover model fidelity. In
the forward pass, full-precision weights W are dy-
namically quantized via Q(-) in Eq. 20. During the
backward pass, since Q(-) is non-differentiable, we
employ the Straight-Through Estimator (STE) (Zhu
et al., 2016; Chen et al., 2024b) to approximate gra-
dients. For an input matrix X € R%*%in where
d; is the number of tokens, the forward pass and
gradients for loss L are:

OL

~
~

OL
Ti
3 X

Y = XT .
@ Y

2

After training, the weights W are discarded, leav-
ing the ternary weights 7" and scaling factors .

2.3 Challenge

Although ternary quantization has a theoretical
lower bound of 1.58 bits (logy 3), contemporary
implementations encounter significant architectural

*In this paper, we denote the multiplication between matrix
T and vector « as element-wise, i.e., [Tal; ; = T; ja;.

friction when deployed on commodity hardware.
Most current methods resort to two suboptimal
strategies: (1) 2-bit Strategy: This approach pads
each ternary weight into 2 bits (Wei et al., 2025),
as shown in Fig. 2 (left). While it preserves com-
putational regularity and aligns with SIMD vector
lanes, it effectively nullifies the storage advantages
of the ternary set compared to 2-bit integer quanti-
zation. (2) 1.67-bit Strategy: This scheme packs
three weights into 5-bit blocks (Wang et al., 2025a),
as shown in Fig. 2 (middle). However, this in-
troduces severe arithmetic inefficiencies because
modern hardware accelerators are optimized for 2"
operand groupings. In practice, this misalignment
often results in slower inference speeds than the
2-bit strategy.

Alternative strategies, such as packing 5 weights
into 8 bits (1.6-bit), exponentially increase the size
of the lookup tables, rendering them unsuitable for
LUT-based edge engines. Consequently, existing
ternary quantization remains trapped in a trade-off
between memory footprint and inference speed,
preventing it from realizing its full theoretical ben-
efits in practical edge deployments.

3 Proposed Sherry

3.1 3:4 Sparse Ternary Quantization

The primary objective of Sherry is to achieve sub-
stantial bit savings without compromising infer-
ence throughput. Building on the observation
that ternary models exhibit inherent sparsity (Liu
and Liu, 2023), we formalize this characteristic
by adopting an N:M structured sparsity constraint.
This enforces a rigid pruning pattern where exactly
N non-zero elements are permitted within every
contiguous block of M weights.

While traditional N : M sparsity (e.g., the 2:4
pattern) is typically coupled with specific GPU-
vendor kernels (Zhou et al., 2021), Sherry lever-
ages a multiplication-free LUT engine to decou-
ple the sparsity constraint from specialized hard-
ware primitives. This architectural freedom al-
lows us to explore a 3:4 structured sparsity pat-
tern, which achieves a highly efficient 1.25-bit
width. The optimization goal of Sherry is to mini-
mize the Ly reconstruction error between the full-
precision weights W and the sparse ternary repre-
sentation 7'«v, subject to the 3:4 sparsity constraint.
Let Wipy3,; (Whj, Wt Wega,j, Weys ;)
denote a contiguous vector. The objective is formu-
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Figure 3: Comparison of weight distributions for LLaMA-1B under different quantization schemes. (Left) Naive 3:4
sparse ternary training exhibits weight trapping, where values collapse into a binary-like polarization, leading to a
significant accuracy gap compared to dense models. (Right) Our Sherry utilizes the Arenas module to achieve a
trap-free distribution, bridging the performance gap to dense ternary models.

lated as’:

dout
I;HHZ IW.; = T jeyl3
e _]:1
st. T 5 € {—1,0,+1},
Vb e {1,5,...,din — 4}t || Thpt3,5ll0 = 3,
3)
where || - ||o = 3 enforces the 3:4 sparsity by ensur-
ing exactly three non-zero values per block.

The optimal solution to the objective in Eq. 3
is obtained via a greedy Sparse-AbsMean strategy.
For each block W43 ;, we prune the element with
the smallest absolute magnitude and assign ternary
values to the remaining three. Formally, for each
block i € [b, b+ 3], the optimal ternary element
T; ; is given by:

if i = argmin |W; ;|; )

7 {0,

’ sign(W; ;), otherwise.
Given this optimal ternary matrix 7', the optimal
scaling factor «; for the j-th output channel is
calculated as the mean absolute value of the non-
pruned weights:

. 4
i =5 > Wil

m i€S;

(67

&)

where S; = {i | T; ; # 0} denotes the set of active
(non-zero) indices in the j-th column. The proof of
the optimal is presented in Sec. D.

Although rarely used in floating-point contexts,
3:4 sparsity represents an ideal "'sweet spot'' for
ternary quantization across four dimensions:

(1) SIMD-friendly Alignment: The choice of
M 4 ensures power-of-two alignment with

*In this paper, we denote W, ; € R%" as the j-th column
o matrix W € Rdi”Xd““t, ie., VV;,J' = (I/VL]'7 c. deﬁj)

activation segments, which is critical for SIMD
vector lane loading. This eliminates the complex
bit-shuffling overhead characteristic of 1.67-bit (3-
way) packing schemes.

(2) Safe Sparsity Margin: Prior research (Zhu
et al., 2016) indicates that ternary quantization per-
formance undergoes severe degradation when the
sparsity ratio exceeds 50%. 3:4 structured scheme
maintains a 25% sparsity level within the safe mar-
gin required to preserve model expressive capacity.
(3) Optimal Bit-State Utilization: For M = 4,
enforcing N = 3 non-zero elements yields exactly
(g) x 23 = 32 unique permutations. This mathemat-
ically saturates a 5-bit index (2° = 32), ensuring
maximum bit-state utilization without bit wastage.
(4) Compatibility with LUT-Inference: The 3:4
pattern is natively compatible with the LUT-based
ternary inference engine, as shown in Fig 9. Given
the 128-bit constraints of standard SIMD register
instructions (e.g., AVX2 vpshufb), the maximum
capacity for a single-instruction lookup table is
16 bytes. By utilizing mirror-symmetry of ternary
states (Ma et al., 2025; Wei et al., 2025), Sherry
splits the 5-bit representation into 1 sign bit and 4
index bits, perfectly fitting within search limits.

In summary, the 3:4 format represents an inter-
section of hardware regularity and representational
fidelity. In Sec. C, We prove that the 3:4 for-
mat is optimal for LUT-based SIMD inference
engines in terms of bit-state saturation and pack-
ing efficiency.

3.2 Arenas: Annealing Residual Synapse

Despite the hardware and bit-utilization advantages
of 3:4 structured sparsity, its direct application
in ternary quantization often triggers significant
performance degradation compared to the dense
model. We identify the root cause as weight trap-

11189

4



Heterogenous —— Binary
‘51500 i
g_ Gradients 3:4 Sparse
1250 —— Sherry
© "V
5 1000
L
[od
w750
ﬂ ‘W\M
v ad
$ 500 /,//’
g Homogeneous
=250 i
5 Gradients
0

0 200 400 600

Training Steps

800 1000

s |

Wei'ghts Activatian - |

eterp|Gra Residual

% Synapse
3 T Fake Homo 5
= Quant || Grad 2
= Annealing |©
é D — @ gate 1, > 0 °§
3
| [ :

<— Forward

®

A

—> Backward

Figure 4: The effective ranks (ER) of the gradients dur- Figure 5: The overview of the Arenas module with QAT.
ing training. Both Binary and 3:4 sparse ternary training The Arenas module injects the heterogeneous gradients
have relatively low ER due to gradient homogenization. through a residual synapse with an annealing gate.

ping. As illustrated in Fig. 3, under the hard 3:4
pruning constraint, weights tend to polarize toward
specific values, resulting in a distribution that mim-
ics binary quantization. This collapse prevents the
model from exploiting the expressive capacity of
the ternary set, essentially trapping it in a subopti-
mal binary-like state in Fig. 10 (Top Right).

We find that this stagnation is driven by Gradi-
ent Homogenization. In a 3:4 sparsity configu-
ration, the zeros are distributed uniformly within
T, causing the sparse matrix to behave similarly
to a dense binary matrix. This uniform distribu-
tion mimics the properties of a Hadamard trans-
form (Huang et al., 2024b; Ashkboos et al., 2024),
which flattens the signal. Consequently, the down-
stream gradients w.r.t. the activations X become
increasingly homogenized:

oL 0L

- = T
ox ~ oy LY -

(6)
Therefore, the gradients passed to preceding layers
become undifferentiated. This forces the major-
ity of weights to exhibit similar behavior during
training, significantly decreasing the representa-
tional diversity. In Fig. 4 (left), the Effective Rank
(ER) (Roy and Vetterli, 2007) for 3:4 sparse train-
ing confirms our analysis. Specifically, the 3:4
sparse regime exhibits a low ER (FR < 750), a
level of spectral collapse comparable to that of bi-
nary quantization, despite the gradient matrix hav-
ing a total dimensionality of 4096. This indicates a
significant loss of learning degrees of freedom in
naive 3:4 ternary sparse training (see Appendix F
for more details).

To restore representational diversity, we propose
Arenas, an Annealing Residual Synapse mecha-
nism that re-couples latent weight magnitudes to

the loss objective via a continuous bypass. During
the training phase, the output of a ternary linear
layer is augmented with a decaying full-precision
residual synapse:

Y = XTo+ NMXW, (N

where )\; is a scheduling coefficient that anneals to
zero by the conclusion of training. The inclusion of
the latent matrix W in the forward pass fundamen-
tally alters the gradient dynamics. The gradient
with respect to the latent activation X becomes:

oL _ oL
0X oY

By incorporating the continuous values of W into
the backward path, Arenas injects heterogeneous
information back into g—)L(, breaking the homoge-
nization effect induced by the 3:4 structure. This
allows earlier layers to receive specialized updates,
providing the "energy" required for weights to es-
cape trapped binary-like states. As Ay — 0, the
residual vanishes, leaving a pure 3:4 sparse ternary
model for inference with zero additional overhead.
The Arenas provides three critical advantages for
3:4 sparse ternary training:

(1) Variance Injection and Singularity Breaking:
By re-introducing the continuous matrix W, Are-
nas prevents the gradients % from collapsing into
a homogenized, low-rank state, allowing earlier
layers to receive specialized updates (in Fig. 4).
(2) Adaptive Error Compensation: During train-
ing, the residual term A\; X W naturally absorbs the
quantization noise and pruning error introduced by
the 3:4 ternary constraint. This allows the network
to maintain a high-precision internal representation
while the sparse ternary weights (T'«) gradually
learn to capture the most salient components of the

(Ta+ \W)T. ®)
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Size | Method Bit-width | ARC-e ARC-c HelS PIQA WinG Average
BF16 16 0.654 0313 0477 0.742 0.603  0.558
LSQ 1.67 0.376  0.177 0.258 0.574 0.506  0.378
SEQ 1.67 0421 0.180 0.273 0.604 0.510 0.398
B DLT 1.67 0424  0.174 0.256 0.563 0.513  0.386
TWN 1.67 0.407  0.220 0.284 0.601 0.492 0.401
AbsMedian 1.67 0.567  0.251 0.339 0.674 0.533 0473
AbsMean 1.67 0.603  0.259 0.360 0.683 0.541 0.489
Tequila 1.67 0.645 0305 0391 0.710 0.542  0.519
Sherry 1.25 0.647 0309 0388 0.699 0.550 0.519
BF16 16 0.745 0422 0.552 0.768 0.691 0.636
LSQ 1.67 0.431 0.200 0.294 0.599 0.522 0.409
SEQ 1.67 0498 0.231 0.303 0.645 0.529 0.441
3B DLT 1.67 0.361  0.161 0.260 0.572 0.496  0.370
TWN 1.67 0.692  0.351 0.462 0.734 0.586  0.565
AbsMedian 1.67 0.636  0.299 0406 0.713 0.558 0.522
AbsMean 1.67 0.672  0.329 0439 0.735 0.582 0.551
Tequila 1.67 0.702 0346 0464 0.739 0.627 0.576
Sherry 1.25 0.688 0364 0452 0.736 0.593  0.567

Table 1: Comparison of Sherry with different ternary quantization methods.

signal, leading to better optimization.

(3) Zero-Overhead Inference: Because \; anneals
to zero by the end of training, the auxiliary path is
completely removed before deployment. The Are-
nas module therefore incurs zero inference-time
overhead and requires no changes to the inference
engine or weight format. The final deployed model
is a standard 3:4 sparse ternary model identical to
one trained without Arenas.

4 Evaluation

sherTo validate the efficacy of Sherry, we conduct
experiments evaluating its performance against
ternary quantization baselines. All results are av-
eraged over three independent runs with random
seeds. In all tables, the best and second-best results
are highlighted in purple and blue; half-precision
(BF16) results are shown in gray for reference.

4.1 Experimental Setup

We provide an overview of our experimental con-
figuration below; further implementation details
are available in Appendix G.

Datasets, Models, and Evaluation: We utilize
LLaMA-3.2-1B and LLaMA-3.2-3B (Touvron
et al., 2023) as our base architectures. Unless
otherwise specified, we employ group-wise
quantization with group size 128. For quantization-
aware training, we utilize 10B tokens sampled
from the UltraFineWeb dataset (Wang et al.,

2025b). Following established ternary quantization
benchmarks (Liu et al., 2025; Chen et al., 2024b;
Ma et al., 2025), we evaluate performance using
Im-evaluation-harness (Gao et al., 2024)
across five zero-shot tasks: PIQA (Bisk et al.,
2020), ARC-Easy (ARC-e), ARC-Challenge
(ARC-c) (Clark et al., 2018), HellaSwag
(HelS) (Zellers et al., 2019) and WinoGrande
(WinG) (Sakaguchi et al., 2021). In our results, we
report a bit-width of 1.67 for existing ternary quan-
tization baselines rather than the theoretical 1.58,
as 1.67 reflects the actual bit-density achieved by
current practical packing strategies.

Ternary Quantization Baselines: We compare
Sherry against two categories of quantization meth-
ods: (1) Static methods, including TWN (Li et al.,
2016), Tequila used in TequilaLLM (Huang et al.,
2025a), and the AbsMedian/AbsMean strategies
utilized in BitNet (Wang et al., 2024; Nielsen
and Schneider-Kamp, 2024) and Spectra (Kaushal
et al., 2025); and (2) Learnable methods, such as
DLT (Chen et al., 2024b) used in TernaryLLLM,
LSQ (Esser et al., 2019), and the SEQ strategy
used in ParetoQ (Liu et al., 2025).

Implementation Details: Training is conducted
on 32 NVIDIA GPUs, while inference throughput
is evaluated on an Intel 8263C CPU to verify edge-
efficiency. We quantize all linear layers within the
Transformer architecture using a sequence length
of 1024. The learning rate is fixed at 10~%. The an-
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nealing coefficient \; follows a cosine-decay sched-
ule with warmup by default, as shown in Fig. 7.

4.2 Performance Evaluation

Comparison of Ternary Quantization Methods:
As shown in Table 1, Sherry achieves performance
parity with the current SOTA, Tequila, across
both 1B and 3B scales, despite utilizing a signif-
icantly lower bit-width of 1.25 bits. On the 1B
model, Sherry matches the average SOTA accu-
racy exactly, effectively matching the 1.67-bit base-
line while achieving a 25% reduction in bit-width.
Notably, on reasoning-intensive benchmarks like
ARC-Challenge, Sherry even outperforms Tequila
and narrows the gap to the full-precision BF16 base-
line to less than 0.5%. These results demonstrate
that 3:4 structured sparsity preserves high-level
linguistic capabilities, while the Arenas module
successfully addresses optimization trapping. This
synergy enables a high-efficiency packing strat-
egy that simultaneously ensures superior hardware
alignment and competitive model quality.

Comparison of Ternary LLMs: To further eval-
uate the effectiveness of Sherry, we denote the re-
sulting models as SherryLLM and compare them
against existing ternary LLaMA-based architec-
tures. For a fair comparison, we reproduced meth-
ods with available training code (Liu et al., 2025;
Chen et al., 2024b) on 10B tokens from the Ultra-
FineWeb dataset using identical hyperparameters,
while reporting original publication results for oth-
ers. As shown in Table 2, SherryLLM achieves
at least second-best average accuracy across both
scales despite its significantly lower bit-width of
1.25 bits. These results confirm that the integration
of 3:4 structured sparsity with the Arenas module
preserves model expressivity, allowing SherryLLM
to achieve a 25% bit-width reduction while main-
taining competitive performance against baselines.

Impact of Quantization Granularity: Quanti-
zation granularity involves a critical trade-off be-
tween hardware efficiency and representational ac-
curacy. While coarse-grained per-tensor quanti-
zation maximizes acceleration, it often introduces
significant error, whereas fine-grained per-group
strategies mitigate this at the cost of increased
memory overhead for scaling factors. We eval-
uate Sherry across per-tensor, per-channel, and per-
group (size 128) granularities on five benchmarks.
As the results of average accuracy shown in Ta-
ble 3, Sherry maintains robust performance across
all levels with minimal degradation. This stability
is primarily driven by the Arenas module, which
provides a continuous gradient flow that allows la-
tent weights to adapt to varying scaling constraints.

Effectiveness of Arenas: To formally demon-
strate the effectiveness of our training framework,
we conducted an ablation study across three quan-
tization schemes: binary (1-bit), 3:4 structured
sparse (1.25-bit), and pure ternary AbsMean (1.67-
bit). As shown in the Fig 6, the integration of Are-
nas yields consistent performance improvements
across all configurations. Notably, all the schemes
exhibit significant gains. We attribute this to the
Arenas’s ability to mitigate the trapping issue in
both 1-bit and 1.67-bit, as visualized in Fig. 10.

Inference Efficiency: To empirically validate the
efficiency of Sherry, we evaluate the token genera-
tion speed against 1.67-bit (TL2) and 2-bit (I2_S)
baselines within the BitNet.cpp framework (Wang
et al., 2025a) using per-channel quantization, along-
side a BF16 baseline. Experiments were conducted
on an Intel i7-14700HX CPU using 700M and
3B BitNet variants. Both Sherry and the base-
lines utilize the BitNet.cpp paradigm. We con-
duct LUT-based efficiency experiments on x86
platforms because the ternary LUT inference base-
line, TL2_0 in BitNet.cpp, relies on x86-specific
SIMD instructions. The results in Table 4 demon-
strate that Sherry outperforms 1.67-bit and 2-bit
variants. Specifically, for the 3B model, Sherry
achieves a 18% speedup over the 1.67-bit baseline.
This improvement is attributed to our 3:4 struc-
tured sparsity and hardware-aligned 5-bit packing,
which maximizes SIMD vector lane utilization and
eliminates the bit-shuffling overhead inherent in
non-power-of-two packing schemes.

Applicability to Multiplication-Based Engines:
While Sherry is designed for LUT-based engines,
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Model Size Bit-width | ARC-e ARC-c HelS PIQA WinG Average
LLaMA3.2 1B 16 0.654 0.313 0477 0.742 0.603 0.558
TernaryLLM* | 1B 1.67 0424 0.174 0256 0.563 0.513 0.386
ParetoQ* 1B 1.67 0.421 0.180 0.273 0.604 0.510 0.398
LLM-QAT 1B 1.67 0.360 0.262 0313 0.551 0.49 0.397
BitNet 1.3B  1.67 0.549 0.242 0.377 0.688 0.558 0.483
Spectra 1.1B  1.67 0.563 0.246 0.388 0.693 0.555 0.489
TequilaLLM 1B 1.67 0.645 0305 0391 0.710 0.542 0.519
SherryLLM 1B 1.25 0.647 0.309 0.388 0.699 0.550 0.519
LLaMA3.2 3B 16 0.745 0.422 0.552 0.768 0.691 0.636
TernaryLLM* | 3B 1.67 0.361 0.161 0.260 0.572 0.496 0.370
ParetoQ* 3B 1.67 0.498 0.231 0.303 0.645 0.529 0.441
LLM-QAT 3B 1.67 0.445 0.307 0.434 0.627 0.506 0.464
BitNet 3B 1.67 0.614 0.283 0429 0.715 0.593 0.527
Spectra 39B 1.67 0.660 0.319 0483 0.744 0.631 0.567
TequilaLLM 3B 1.67 0.702 0.346 0464 0.739 0.627 0.576
SherryLIM | 3B 1.25 0.688 0.364 0452 0.736 0.593 0.567
Table 2: Comparison of SherryLLM with LLaMA-based ternary LLMs across different model sizes; * indicates
resnlts obtained from onr renroduction.
10 —— Linear 0.54| I Baseline
Cosine B +Warmup
0.8 — Exp >.0.52
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~ ] © 0.48
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. ", %:J 0.46
| 0.44
00!
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QAT Progress (%)
Figure 7: The schedules of annealing factor \;.

Type of Decay Schedule
Figure 8: Comparison of different schedules for A;.

Granularity | Average Acc =+ Std
Per-tensor 0.502 + 0.010

Per-channel 0.513 £ 0.011
Per-group 0.519 +0.014

Table 3: Average accuracy of Sherry across various
quantization granularities.

we also evaluate its behavior under a standard
multiplication-based engine to assess generality.
We benchmark Sherry against 1.67-bit (TQ1_0) and
2-bit (TQ2_0) baselines using 11ama. cpp on an Ap-
ple M4 Pro (ARM architecture). Since current hard-
ware lacks native sub-8-bit arithmetic, all methods
must dequantize weights to INT8 for computation;
thus 2-bit packing represents an approximate upper
bound for unpacking speed via simple bit shifts.
As shown in Table 5, Sherry is faster than the 1.67-
bit baseline and only marginally slower than the
2-bit baseline despite representing 37.5% fewer
bits. This confirms that the 3:4 sparsity pattern is

Scale | Method Bits | Speed (t/s)1 Size(MB)J
BF16 16 34.01 1360.0
0.7B 12_S 2.0 132.13 256.56
TL2 1.67 116.83 233.44
Sherry 1.25 148.27 205.50
BF16 16 7.55 6190.0
1B 12_S 2.0 41.87 873.65
TL2 1.67 38.80 846.01
Sherry 1.25 45.55 712.40

Table 4: Inference efficiency on Intel i7-14700HX.

also efficient under multiplication-based engines
on ARM, even though optimality guarantees are
specific to the LUT-based inference context.

Training Overhead: Although the Arenas for-
ward pass formally adds the term A\, X W, it does
not introduce an extra matrix multiplication. The
output in Eq. 7 can be rewrittenas Y = X[Q(W)+
W]: a single matmul whose effective weight is
the element-wise sum Q(W) + W. This reduces
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Size | Quant | Bits | Speed (t/s) 1
FP16 16 | 70.66 £+ 1.64
B TQ1_0 | 1.67 | 195.24 £ 7.21
TQ2_0 | 2.0 | 239.14 +6.32
Sherry | 1.25 | 229.15 4+ 6.26
FP16 16 | 29.56 +£0.93
3B TQ1_0 | 1.67 | 77.95+£5.79
TQ2_0 | 2.0 | 103.99 4+ 5.72
Sherry | 1.25 | 95.33 +5.90

Table 5: Token generation speed on Apple M4 Pro with
multiplication-based engine, llama.cpp.

the entire Arenas contribution to one element-wise
weight addition, which can be fused directly into
the fake-quantization step ((-) with no additional
GEMM calls. Empirically, this results in negligible
overhead: per-step wall-clock time is 1.602s with
Arenas versus 1.593s for naive QAT.

Impact of \; Schedules: To evaluate the sensi-
tivity of the annealing process, we compare three
decay schedules for the annealing gate \;: linear,
exponential, and cosine, alongside their warmup
counterparts. As shown in Fig. 8, every sched-
ule consistently outperforms the baseline without
Arenas, demonstrating the robust effectiveness of
the Arenas regardless of the specific decay curve.
Notably, warmup can increase performance for all
schedules. We attribute it from early-stage opti-
mization dynamics in warmup: by gradually intro-
ducing the residual, the model establishes a stable
foundation before the annealing influence peaks.

5 Conclusion

In this work, we introduce Sherry, a novel ternary
quantization framework designed to resolve the
trade-off between bit width and inference speed.
By leveraging a 3:4 structured sparsity pattern,
Sherry achieves a 1.25-bit-width that natively
aligns with SIMD vector lanes, effectively resolv-
ing the hardware under-utilization issues common
in previous ternary packing strategies. To combat
the performance degradation due to weight trap-
ping, we proposed the Arenas module. Arenas
provides an annealing, heterogeneous gradient flow
during the training phase, allowing sparse mod-
els to retain the expressive diversity. Our extensive
evaluations on the LLaMA-3.2 models demonstrate
that Sherry achieves performance parity with SOTA
ternary models while utilizing 25% fewer bits and
10% speed up. Future work will explore compos-
ing Sherry with activation and KV-cache quanti-

zation to further reduce memory pressure during
long-context inference on edge devices.
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Limitations

While Sherry advances the efficiency of edge-
deployed LLMs, several limitations offer avenues
for future research:

Edge-Centric Model Scale: Our evaluation fo-
cuses on models up to 3B parameters, as these are
the primary candidates for local edge deployment.
While we demonstrate that Sherry achieves a supe-
rior Pareto frontier for these scales, the behavior of
the Arenas mechanism and the 3:4 sparsity pattern
on larger, server-grade models (70B+) remains to
be validated.

Lack of Server-Specific Optimizations: To pri-
oritize edge inference efficiency, our experiments
focus on general SIMD-aligned vector packing
rather than server-specific hardware optimizations,
such as NVIDIA Sparse Tensor Cores. While this
does not affect Sherry’s utility for mobile and lo-
cal processors, future benchmarks on data-center
GPUs could further explore its potential for high-
throughput server applications.

Limited Platform Baselines: Our LUT-based in-
ference comparisons are currently limited to x86
architectures, as the reference implementations for
the 1.67-bit LUT baseline (TL2_0) depend on x86-
specific instructions. Porting Sherry and the re-
quired LUT baselines to ARM and mobile proces-
sors is a prioritized direction for future work, with
preliminary results on a multiplication-based ARM
engine already demonstrating competitive through-
put.

Weight-Only Quantization: To maximize
weight-streaming throughput on edge devices, this
study focuses on weight-only ternary quantization.
While 1.25-bit weights drastically reduce the static
memory footprint, activations and the KV cache
remain in BF16. Future integration with activation
and KV-cache quantization could further alleviate
memory bottlenecks during long-context inference;
we discuss composability with such methods in
Appendix I.
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Appendix

A Inference Engine Design

Sherry seamlessly integrates with the Bit-
Net.cpp (Wang et al., 2025a) framework to enable
efficient, multiplication-free inference. As illus-
trated in Fig. 9, our engine operates in two distinct
phases: an offline packing stage and an efficient
online inference stage.

Offline Packing Phase During the offline phase,
the 3:4 sparse ternary weights are compressed into
a hardware-aligned format consisting of index and
sign components. To maximize SIMD efficiency
and memory density, every four-element block is
packed into a 5-bit metadata structure: a 4-bit index
represents the magnitude/sparsity pattern within
the block, and a 1-bit value represents the shared
or dominant sign. This packing strategy ensures
that the weights are aligned with standard word
boundaries, significantly reducing the bit-shuffling
overhead compared to non-power-of-two schemes.

Online Inference Phase At inference time, the
engine utilizes a high-performance lookup table
(LUT) paradigm. The input activations are pre-
processed into local LUTs for each weight seg-
ment. For each segment, the corresponding weight
index serves as a direct pointer to retrieve pre-
computed results from the LUT, entirely replac-
ing floating-point multiplications with memory-
efficient lookups.

Following retrieval, the sign weight is applied
to determine the final polarity of the segment sum.
Subsequent accumulation across segments is per-
formed via integer addition, concluding with the
addition of the channel-wise scaling factor . This
architecture results in a highly optimized inference
path that realizes the theoretical efficiency of 1.25-
bit quantization while requiring only minimal mod-
ifications to existing low-bit inference kernels.

B Related Work
B.1 Quantization for LLMs

Quantization has emerged as a cornerstone tech-
nique for enhancing the efficiency of Large
Language Models (LLMs) by reducing the bit-
precision of weights and activations (Dettmers
et al., 2021, 2022; Lin et al., 2023b; Frantar et al.,
2022; Lin et al., 2025; Yang et al., 2025; Li et al.,
2023). While effective, popular weight-only quan-
tization methods (Lin et al., 2023b; Frantar et al.,

2022) typically necessitate mixed-precision matrix
multiplication, where weights and activations re-
side in disparate data formats. This heterogeneity
requires specialized hardware support to maintain
throughput, posing a significant hurdle for deploy-
ment on diverse edge and mobile platforms where
hardware specialized for non-standard bit-widths
is often unavailable.

To address this, weight-activation quantization
strategies (Dettmers et al., 2022; Xiao et al., 2023;
Huang and Wu, 2025; Wei et al., 2022) seek a uni-
fied low-precision format. However, these methods
often encounter the "outlier problem" (Xiao et al.,
2023; Dettmers et al., 2022), where extreme activa-
tion values lead to high quantization errors. Con-
sequently, it remains challenging for activations
to reach the same ultra-low precision as weights
without severe performance degradation, leaving
a gap in achieving truly hardware-agnostic, high-
efficiency deployment on the edge.

B.2 Ternary Quantization

Ternary quantization (Li et al., 2016; Zhu et al.,
2016), often referred to as 1.58-bit quantization,
offers a paradigm shift by constraining weights to
the set {—1,0,+1}. Beyond substantial memory
reduction, this approach fundamentally simplifies
the core matrix multiplication operation into ad-
dition, effectively eliminating the need for power-
intensive multipliers (Ma et al., 2025; Wang et al.,
2024). This intrinsic hardware-friendliness is par-
ticularly vital for resource-constrained mobile en-
vironments.

Early research in this domain primarily focused
on optimizing the quantization function through
thresholding and scaling. Ternary Weight Net-
works (TWN) (Li et al., 2016) minimized recon-
struction distortion by assuming a Gaussian weight
distribution, while Trained Ternary Quantization
(TTQ) (Zhu et al., 2016) introduced learnable scal-
ing factors to adapt the ternary representation dur-
ing training. Subsequent work by Leng et al. (2018)
leveraged the Alternating Direction Method of Mul-
tipliers (ADMM) to iteratively optimize these pa-
rameters.

The advent of Large Language Models
(LLMs) (Wu et al., 2023; Floridi and Chiriatti,
2020; Zhang et al., 2022) has revitalized inter-
est in ternary schemes, as the generative capac-
ity of LLMs is notoriously sensitive to precision
loss. This has led to two distinct research trajec-
tories. The first utilizes Post-Training Quantiza-

11198

13



1. Online Preprocess

| index

l,Lookup Table

x0|x1 |x2 |x3 |X4 |'\'5 |X<, |"'7| ;':L_?Q_Q_O: X1 4% +X5 | X+ Xe X7 .————Uﬁfi—gﬁquﬁu—lt— ————— |
input Activations 1 0001 o +Xp +x31[ 4 + X6+27 | 2. Lookup %o tX2 +x3, X4 —Xg + X7 1
p L I —>1 Xp tX1 +X3, Xy + X5 — X7 |
11110 | xo =Xy x5 | Xy —xs—x, | TTTTTTTTITTIITIIIITT
11111  xg —x Vx| x4 —x5 —x4
_____ 0 X : 2 | Xa —X5 —Xe 3. Signl . I
0. Offline Packing | Fmmm s mom---m- 'gned Bgs_u_t_ -
000111001 1 — (X0 +xz +x3), (X4—xg +x7) !
00100110 | ~(otx +x3), (atxs %) |
A of-1[-1 1] o[1] 1 Index Weight 4. Cumulate l
[1] 1] o]af 1] 1] 0] 1 0 & scale
e e e e 1 O Result
3:4 Sparse Ternary Weights Sign Weight

Figure 9: The LUT-Based Inference engine for Sherry. The inference engine constructs a dynamic lookup table
from input activations; weight indices are then used to fetch pre-computed values.

tion (PTQ) (Lin et al., 2023b; Frantar et al., 2022;
Xiao et al., 2025) to minimize the computational
cost of quantization; however, PTQ often suffers
from non-negligible performance drops at ultra-
low bit-widths. Consequently, Quantization-Aware
Training (QAT) (Chen et al., 2025) has become the
preferred choice for robust performance recovery.
Within the QAT landscape, strategies range from
the straightforward AbsMean scaling utilized by
the BitNet family (Ma et al., 2025; Wang et al.,
2024, 2025a) to more sophisticated adaptations of
Learned Step Size Quantization (LSQ) (Esser et al.,
2019) for the ternary regime (Chen et al., 2024b;
Liu et al., 2025).

Regarding the inference engine, classical frame-
works like 11ama. cpp still rely on multiplication-
based kernels that require weight unpacking and
floating-point operations. To overcome this, T-
Mac (Wei et al., 2025) and TENET (Huang et al.,
2025c) proposed a lookup table (LUT)-based en-
gine to eliminate multiplications, though it requires
packing ternary weights into 2-bit containers. Bit-
Net.cpp (Wang et al., 2025a) attempted to reduce
the footprint further via a 1.67-bit packing strategy
(3 weights in 5 bits). However, this 3-way packing
is inherently SIMD-unfriendly, introducing signif-
icant bit-shuffling overhead that often results in
slower performance than 2-bit packing.

Consequently, existing ternary models are forced
to trade off between bit width and inference speed.
Sherry addresses this dilemma by introducing
hardware-aligned 3:4 structured sparsity, achiev-
ing a 1.25-bit SIMD-friendly packing.

B.3 N:M sparsity

N:M structured sparsity (Lin et al., 2023a; Zhou
et al., 2021) has emerged as a critical middle
ground between the flexibility of unstructured prun-
ing and the hardware efficiency of block-wise
pruning. By enforcing that exactly N out of ev-
ery M contiguous weights are non-zero, this pat-
tern provides predictable memory access patterns
highly amenable to hardware acceleration. No-
tably, NVIDIA’s Ampere and subsequent architec-
tures (Lin et al., 2023a) introduced native Tensor
Core support for 2:4 sparsity, doubling through-
put with minimal accuracy loss in high-precision
models.

Existing research (Sun et al., 2021; Fu et al.,
2023; Zhang et al., 2023) on N:M sparsity has pri-
marily focused on the selection of optimal masks
and performance recovery via specialized training
regimes. However, most efforts are not coordinated
with ultra-low bit quantization, as they are largely
designed for Sparse Tensor Cores on GPUs, which
currently prioritize 16-bit or 32-bit floating-point
arithmetic.

In the context of ultra-low bit-widths, the inter-
section of N:M sparsity and ternary quantization re-
mains largely unexplored. Furthermore, as the bit-
width decreases, the rigid N:M constraint exacer-
bates the weight trapping phenomenon. Sherry ex-
tends the N:M paradigm by introducing a hardware-
aligned 3:4 pattern coupled with the Arenas mod-
ule. This synergy is specifically designed to bridge
the accuracy gap between sparse and dense ternary
models with zero additional inference overhead.
To our knowledge, Sherry is the first to provide a
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Figure 10: Weight distributions across different quantization regimes. The inclusion of Arenas effectively mitigates
the trapping phenomenon in both binary and naive ternary quantization.

hardware-efficient solution for applying N:M spar-
sity on ultra-low bit-width quantization.

C Optimality of the 3:4 Sparse Format

We argue that the 3:4 structured sparsity pattern
represents the optimal solution among all N : M
(N < M) formats for LUT-based SIMD ternary
inference engines. To formalize this, we define
the search space as packing M ternary weights
into B bits, where B/M determines the effective
bit-width. In a hardware-aligned implementation,
these B bits are partitioned into 1 sign bit and B —1
index bits (utilizing the mirror-symmetry of ternary
states).

C.1 Design Constraints

The selection of N and M is governed by three
critical hardware and performance constraints:

(1) SIMD Alignment: The block size M must
be a power of two (M € {2*}) to ensure pre-
dictable memory access and alignment with
standard SIMD register widths.

(2) LUT Capacity: Standard SIMD instructions
(e.g., x86 AVX2 vpshufb) utilize a 128-bit
(16-byte) register as a lookup table. This con-
strains the index to 4 bits (2 = 16 entries),

implying B — 1 < 4.
3)

Sparsity Threshold: To preserve represen-
tational capacity and avoid severe accuracy

degradation (Zhu et al., 2016), the density

ratio must satisfy % > 0.5 (i.e., sparsity
< 50%).

C.2  Proof of Optimality

By applying hardware Constraints (1) and (2), the
search space for M is limited to {2,4,8}. For
a target bit-width of approximately 1.25 bits, we
evaluate the following candidate configurations:

* M=2 (1:2): Requires B = 4 bits (B/M =
2.0), failing the efficiency requirement.

* M=8 (5:8, 6:8, 7:8): These require B > 10
bits to maintain efficiency, leading to B —
1 > 9. This violates Condition (2), the 4-bit
LUT capacity of a single SIMD instruction,
requiring multi-cycle split-table lookups.

* M=4 (2:4, 3:4): These are the only candidates
satisfying both hardware constraints.

To choose between 2:4 and 3:4, we consider
the information density of the index space. A 3:4
ternary block with one shared sign bit has a total
of C% - 237! = 16 unique patterns. This perfectly
saturates the 2% entries in the LUT. In contrast, a
2:4 scheme only utilizes C? - 227! = 12 states,
resulting in bit-waste.

Furthermore, 2:4 sparsity resides exactly on the
50% threshold where performance begins to desta-
bilize. The 3:4 format provides 75% density (25%
sparsity), staying well within the safe margin for
model expressive capacity while maximizing bit-
utilization. Thus, the 3:4 format is the optimal
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solution for high-performance 1.25-bit SIMD infer-
ence.

D Optimality of the Sparse-Absmean

Let Wypis; = Wej, Wort,js Wet25, Woysj)
denote a contiguous vector. The objective is formu-
lated as:

dout
: 2
min > W = Tyl
7a .
J=1
st. T 5 € {—1,0,+1},

©

where || - ||o = 3 enforces the 3:4 structured
sparsity by ensuring exactly three non-zero ternary
values per block.

To determine the optimal indices and signs for
T, we expand the per-block objective for a block b:

b+3

20 Wi iTij + o5 T

2
(Wi,j - Jn)

b

). (10)

min
T,||T]lo=3 i

Since ZTfj = 3 is constant for any valid 3:4
pattern, minimizing the error is equivalent to maxi-
mizing the correlation term:

b+3

1D

max

I ]
T.|Tllo=3 2

b

To maximize this sum, we must choose T} ; =
sign(W; ;) for the three elements with the largest
absolute magnitudes and set 7; ; = 0 for the ele-
ment with the smallest absolute magnitude in the
block.

Sign Optimality: For any element ¢ where T; ; #
0, the quadratic term (W;; — T;;)? is mini-
mized when T} ; has the same sign as W, ;. If
sign(T; ;) # sign(W; ;), flipping the sign of Tj ;
would increase the correlation W; ;T; ; and strictly
decrease the objective for any a > 0.

Index Optimality: Let {|W|(1), |W|(2), |W|(3),
[W|(4)} be the sorted absolute values of weights in
a 4-element block such that [W |y > [W|g) >
W@y = |[W]). The correlation sum for the
block is ) .7 [W{(x), where Z is the set of in-
dices of the 3 chosen elements. To maximize this
sum, we must choose the indices corresponding to
the three largest magnitudes: (1), (2), and (3).

By combining the sign and index selection, for
each block i € [b, b+ 3], the optimal ternary ele-
ment 7T; ; is given by:

{ (12)

Substituting 77", back into the expression for o
gives the global minimum:

4
2 > Wil

m 1€S;

0,
sign(W; ;),

if i = argmin | W ;

J otherwise.

*7

@;

(13)

where S; = {i | T; ; # 0} denotes the set of active
(non-zero) indices in the j-th column.

E Ternary Quantization Baselines

Recall the general form of ternary quantization:
taking per-channel quantization as an example, for
a full-precision weight matrix W € R%n*dout the
general ternary quantization function Q(-) is de-
fined as:

+1, if WZ"j > A]’;
QW) =Ta, Ti;=10, if[W;;| <Ay
—1, if W@j < —Aj,
(14)

where T € {—1,0,41}%n*dout is the ternary
weight matrix, a € R%ut represents the scaling
factors, and A € R%ut denotes the quantization
thresholds.

For contemporary large-scale ternary mod-
els (Ma et al., 2025; Team et al., 2025), the Ab-
sMean method has emerged as the de facto standard
due to its superior training stability. In AbsMean,
the scaling factor o; and threshold A; for the j-th
channel are calculated as:

d.

1 & 17

aj = de|Wi,j|, A= 53
m 221

(15)

Besides Absmean, previous optimization strate-
gies can be broadly categorized into: (1) reducing
quantization error and (2) enhancing model expres-
sive capacity.

E.1 Reducing Quantization Error

A primary line of work focuses on optimizing A
and « to minimize the reconstruction error

min ||[W — Tal|3. (16)
A«
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Figure 11: Weight distributions and the Effective Ranks (ER) of their gradients across different layers.

This is exemplified by estimation-based methods
like Ternary Weight Networks (TWN) (Li et al.,
2016), which minimize distortion by assuming a
Gaussian weight distribution to approximate

A~ 0.7-E[|W, ;). (17)
For a fixed A, the optimal « is:
.1
o :EZ\WW-L (18)
J

iI€S;

where S; is the set of weights W; ; exceeding
A;. However, the Gaussian assumption often fails
in LLMs, leading to biased estimates and perfor-
mance degradation. While subsequent methods
like LSQ (Esser et al., 2019) and DLT (Chen et al.,
2024b) introduce trainable scaling factors, they are
easier to being trapped in sub-optima, exhibiting
slower convergence and higher final loss compared
to AbsMean (Huang et al., 2025a).

E.2 Enhancing Expressive Capacity

Alternative approaches attempt to recover capac-
ity by incorporating bias terms. DLT (Chen et al.,
2024b) introduces a learnable bias during dequanti-
zation:

Y=X(Ta+ B)=XTa+ Xb. (19)
However, this necessitates a dense full-precision

multiplication (X b), destroying the computational
efficiency of ternary quantization. Similarly,

SEQ (Liu et al., 2025) reassigns the zero-point to a
non-zero value «;b;:

+1,  ifWij > Ay
T’i,j - Oéjbj, if |Wi,j| S Aj; (20)
—1, ifWi; < —Aj,

This also voids hardware efficiency, as the resulting
operations are no longer multiplication-free. In
contrast, Sherry maintains strict ternary efficiency
during inference by utilizing an annealing residual
that vanishes post-training.

F Effective Rank for Gradient Analysis

To quantitatively assess the diversity and informa-
tion density of the gradient updates, we utilize the
Effective Rank (¥ R) metric (Roy and Vetterli,
2007). While the standard algebraic rank provides a
binary measure of linear independence, it is highly
sensitive to infinitesimal noise and fails to capture
the numerical stability of the gradient matrix. In
contrast, Effective Rank provides a continuous mea-
sure of the "learning dimensionality" of a layer by
evaluating the entropy of its singular value distri-
bution.

Given a weight gradient matrix G € R%n*dout
let o = (01,09, ...,0%) denote its singular values
obtained via Singular Value Decomposition (SVD),
sorted in descending order. We first normalize these
values to form a probability-like distribution p:

&
bi= %>

k i=1,...,k.
Zj:lgj

21
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The Effective Rank is then defined as the exponen-
tial of the Shannon entropy of this distribution:

k
ER(G) = exp (— Zpi lnpi> . (22)
i=1

The value of ER(G) ranges from 1 to k. An ER
close to 1 indicates that the gradients are highly
homogenized, with the update signal collapsing
into a single dominant direction. Conversely, an
ER close to k suggests a high-rank, diverse update
where many independent features are being learned
simultaneously.

In the context of N:M sparsity, we use F'R to
diagnose Gradient Homogenization. As shown in
Figure 4 and 11, naive 3:4 training regimes often
exhibit a relatively small E'R as weights become
"trapped" in discrete slots, leading to redundant up-
dates. By maintaining a higher E'R, Sherry ensures
that the sparse ternary model retains the represen-
tational richness of its dense counterpart.

G More Experimental Details and Results

G.1 Evaluation Benchmarks

PIQA: The Physical Interaction Question An-
swering (PIQA) benchmark (Bisk et al., 2020) fo-
cuses on physical commonsense reasoning. It tests
a model’s understanding of everyday physical laws
by presenting scenarios (e.g., "How do you stabi-
lize a wobbly table?") and requiring the selection
of the correct solution from two options. Success
on PIQA indicates a foundational grasp of physical
object interactions.

ARC-Easy and ARC-Challenge: The AI2 Rea-
soning Challenge (ARC) dataset (Clark et al., 2018)
is bifurcated to assess scientific knowledge. The
ARC-Easy set contains grade-school science ques-
tions often answerable via fact retrieval. Con-
versely, ARC-Challenge consists of questions cu-
rated to be difficult for standard retrieval algo-
rithms, requiring complex multi-step reasoning and
a deeper conceptual understanding.

HellaSwag: HellaSwag (Zellers et al., 2019)
evaluates contextual commonsense inference. Mod-
els are given a situational premise and must select
the most plausible continuation from four options.
Crucially, distractors are adversarially generated to
be deceptively plausible, ensuring that success re-
quires a nuanced understanding of event dynamics
rather than simple word association.

WinoGrande: WinoGrande (Sakaguchi et al.,
2021) is a large-scale dataset for assessing com-
monsense reasoning through pronoun resolution.
Derived from the Winograd Schema Challenge, it
presents sentences with ambiguous pronouns and
requires the model to determine the correct refer-
ent. WinoGrande employs adversarial filtering to
reduce statistical biases, forcing models to rely on
genuine commonsense understanding.

G.2 Annealing Gate Schedule )\,

The hyperparameter \; plays a crucial role in the
annealing gate. Proper scheduling of A\; from an
initial value of 1 to a final value of 0 throughout the
training process can significantly improve model
performance and convergence stability. This sec-
tion describes three decay strategies in Fig. 7 for
At scheduling, where p; € [0, 1] represents the
training progress (0: training start, 1: training com-
pletion).
The linear decay strategy provides a constant
reduction rate of \; throughout the training process:
Av=1—p. (23)
The cosine decay strategy follows a convex
curve, with slower decay at the beginning and end
of training, and faster decay in the middle stage:
Ay =

[1 + cos(mpy)] - (24)

DN |

The exponential decay strategy follows a con-
cave curve, with rapid decay at the beginning that
gradually slows down:

At = exp(—5p;) (25)

H Broader Impact

The development of Sherry carries significant im-
plications for the democratization and sustain-
ability of Large Language Models (LLMs). By
achieving high-performance 1.25-bit inference
through hardware-aligned 3:4 structured sparsity,
our work opens up significant societal and tech-
nological benefits in resource-constrained scenar-
ios (Lietal., 2025; Huang et al., 2023, 2024a), such
as edge/mobile computing (Forman and Zahor-
jan, 1994; Imielinski and Korth, 1996; Chen et al.,
2024a) and cross-device federated learning (McMa-
han et al., 2017; Huang et al., 2025b). This em-
powers researchers and developers in resource-
constrained environments and developing regions
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to access and innovate with large-scale models
without prohibitive hardware costs.

There are some potential risks in the application
of Sherry. First, extreme quantization (such as our
1.25-bit scheme) is a lossy process that may dispro-
portionately affect the subtle safety guardrails es-
tablished during fine-tuning (Qi et al., 2023). Quan-
tized models may be more susceptible to jailbreak-
ing or generating harmful content than their full-
precision counterparts, as the "safety" representa-
tions may be compressed out. Second, cloud-based
models benefit from centralized API filtering to pre-
vent malicious use (e.g., generating malware or dis-
information). By moving inference entirely offline,
Sherry removes this layer of oversight, potentially
democratizing access to powerful models for mali-
cious actors without any audit trail. Finally, unlike
cloud models, which can be instantly patched to fix
safety vulnerabilities, updating models distributed
to millions of edge devices is significantly more
challenging, potentially leaving vulnerable models
in circulation for longer periods.

I Composability with Activation and
KV-Cache Quantization

Sherry focuses on weight-only ternary quantization
to maximize weight-streaming throughput on edge
devices. While 1.25-bit weights drastically reduce
the static memory footprint, activations and the
KV cache remain in BF16, which constitutes the
primary memory bottleneck during long-context
or batch inference. Sherry is nonetheless designed
to be composable with existing activation and KV-
cache quantization techniques:

Activation Quantization. Methods such as
SmoothQuant (Xiao et al., 2023) or Quaff (Huang
and Wu, 2025) operate by migrating quantization
difficulty from activations to weights via channel-
wise scaling. These pre-scaling transformations are
applied before the matrix multiply and are there-
fore fully compatible with Sherry’s LUT-based in-
ference engine, as long as the activation segments
are re-scaled prior to the LUT lookup step.

KV-Cache Compression. Standard INT8/INT4
KV quantization methods are orthogonal to
Sherry’s weight format and can be stacked directly.
A joint setup combining Sherry’s 1.25-bit weights
with INT4 activations and INT4 KV cache could
yield a fully sub-4-bit memory footprint end-to-
end, representing a compelling direction for future

work.
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