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Abstract. Ternary transformers offer extreme memory and compute ef-
ficiency, but existing low-bit LoRA-based methods cannot directly fine-
tune ternary weights. Current approaches either require dequantization,
restoring low-bit base weights to higher precision to merge with adap-
tation weight, or update only quantization parameters, preventing a
merged model that remains ternary. We propose ternary multiplica-
tive adaptation, which represents discrete updates of ternary weights
such as sign flips or zeroing through a low-rank Kronecker factoriza-
tion into two small ternary matrices applied element-wise to ternary
weights. This design is parameter-efficient and expressive, preserves the
ternary domain, and supports direct merging without dequantization.
Experiments on six models across language and vision, including ternar-
ized LLaMA-3 1B and 3B and a ternary ViT-B/16, demonstrate that
our method recovers much of the performance lost to quantization and
outperforms strong low-bit and ternary baselines. Code is available at
https://github.com/alexmanoo/ternary_adaptation.
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1 Introduction

Transformer models deliver strong performance across many tasks, including
language and vision, but their memory and compute requirements make deploy-
ment expensive. Quantization offers a solution to reduce these costs by com-
pressing model weights from full-precision to a few bits while preserving most
of the accuracy. In current LLMs, 2-bit weight quantization is a viable setting
for aggressive compression [4,/18]. In this work, we investigate the next step
in compression: ternary quantization which restricts weights to {—1,0,1} with
the advantage of memory savings and throughput efficiency suitable for lower
end hardware [27,38,/49]. The memory budget of a ternary quantized model
corresponds to log, 3 ~ 1.58 bits per weight, reducing the theoretical memory
footprint of a 16-bit precision Llama 8B [15] model from 16GB to only 1.6GB.
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Table 1: Comparison of QLoRA, QA-LoRA, and our ternary multiplicative adapter.
Each column indicates whether a method satisfies key properties needed for adapting
ternary models. Base weights ternary asks if the backbone can be stored in a ternary
format during fine-tuning. Dequant-free merge asks whether the adaptation can be
merged directly into the base-weights while keeping the low-bit quantization. Ternary
merged model indicates whether the final weights remain ternary after merging. The
bottom rows describe how the adaptation is applied: QLoRA adds a low-rank update to
dequantized floating-point weights, QA-LoRA adds a low-rank update to quantization
parameters, and our method applies a multiplicative ternary adaptation directly to
ternary weights. Only our method both operates natively on ternary backbones and
produces a merged model that stays ternary while avoiding any dequantization step.

Property QLoRA QA-LoRA Ours
Base weights ternary v X v
Dequant-free merge X v v
Ternary merged model X X v
Update type Additive  Additive = Multiplicative
Applied on FP weights Quantizer Ternary weights

Fine-tuning all weights of large pretrained models is often prohibitively ex-
pensive, motivating parameter efficient fine-tuning (PEFT) that adjusts a large
network by updating a smaller set of parameters. The leading PEFT method is
Low-Rank Adaptation (LoRA) [23]; it fine-tunes a low-dimensional weight de-
composition which during inference can be added to the original base weight to
obtain an adapted, merged model. Building on LoRA, recent work has explored
PEFT for quantized base models. QLoRA [11] combines post-training quanti-
zation (PTQ) of pre-trained weights with low-rank adaptation. QA-LoRA [53]
improves further by integrating the adaptation directly into the quantization pa-
rameters. These two methods make LoRA-style adaptation a compelling strategy
for low-bit transformer backbones.

However, adapting low-bit quantized models introduces new challenges. QLoRA
|11] requires dequantizing base weights back to full precision to add with adapta-
tions, after which the merged model must be re-quantized for low-bit inference.
QA-LoRA shows that such re-quantization leads to noticeable accuracy degra-
dation at 2-bit widths and therefore proposes a direct merging strategy that
integrates the adaptation into per-group quantization parameters, avoiding de-
quantization. While effective at 2 bits, QA-LoRA is incompatible with ternary
quantization, where both the base weights and the merged weights are con-
strained to {—1,0,1}. This gap motivates an adaptation design that supports
direct merging for ternary models.

In the ternary quantization setting, the update space is discrete. Weights can-
not be adjusted by small continuous steps, because the main degrees of freedom
are flipping signs or zeroing weights. Conventional LoRA-style approaches 11123
31159], which use continuous additive updates in floating-point space, are there-
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Fig. 1: Visualization of our ternary multiplicative adapter. Ternary Multiplicative
Update (top): a ternary mask Agen € {—1,0,1}%ut*din is applied element-wise
(Hadamard product) to the pretrained ternary weights Wem to obtain merged ternary
weights Winerged, where each entry A;; € {—1,0, 1} respectively keeps, zeros, or flips
the sign of Wij. Kronecker-structured Ternary Adaptation (bottom): the adaptation
Avtern is constructed as a Kronecker product A ® B of two small ternary factors; the
toy example shows how each entry of A scales a copy of B to form a larger ternary
matrix. Our adapter uses a compact Kronecker-structured mask to implement discrete
keep/zero/flip operations directly on ternary weights, enabling a mergeable fine-tuned
model that remains fully ternary.

fore not directly compatible with ternary weights for efficient inference |18l33/45].
Moreover, representing such discrete ternary updates via trainable low-rank de-
composition matrices is non-trivial, as the update space is both discrete and
non-linear. A possibility is to temporarily dequantize ternary weights to higher
precision, apply a continuous adaptation, and then requantize. However, as ob-
served in prior work at 2 bits [53], this dequantize-requantize process introduces
additional quantization error, which becomes even more harmful for sub-2-bit
quantization. We therefore seek a PEFT solution that (i) operates natively in
the ternary domain by expressing flips and zeroing of weights via a low-rank
representation, and (ii) can be merged into the base ternary weights without
any dequantization or requantization.

We tackle two challenges: representing discrete ternary updates, and de-
composing them with low-rank matrices in a compact yet expressive form. To
this end, we introduce a ternary multiplicative adaptation that directly models
ternary updates, as illustrated in Figure [I] and Table [I} where ternary weights
are flipped or zeroed instead of updated continuously. The adaptation is con-
structed as the Kronecker product of two smaller ternary matrices and applied
via element-wise Hadamard multiplication. This design achieves high rank us-
ing two trainable low-rank matrices, keeps the number of adaptation parameters
small, preserves the ternary domain, and implements three operations per weight:
keep, zeroing, or flip sign, without leaving the domain. As in prior LoRA-style
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methods, the adaptation can be fully merged into the base model post-tuning.
In our case, the merged weights remain ternary, so no dequantization or re-
quantization is required.

We make the following contributions: 1) A ternary multiplicative adaptation
that directly models discrete ternary updates for ternary LLMs and vision trans-
formers. 2) A low-rank Kronecker decomposition of the ternary updates, achiev-
ing high expressivity while remaining parameter-efficient. 3) The adapter can be
fully merged into the base ternary model, enabling zero-overhead deployment. 4)
We evaluate our method on six models across language and vision. On ternarized
Llama-3.2 1B and 3B models, our method recovers much of the performance lost
to quantization, outperforms stronger 2-bit baselines on most tasks, and outper-
forms requantized QLoRA baseline under the same 1.58-bit quantization level.
We also validate on a ternary ViT-B/16 fine-tuned on ImageNet-100 |1, where
our merged 1.58-bit model outperforms requantized QLoRA and narrows the
gap to full ternary fine-tuning.

2 Related Work

Quantization in Transformers. Quantization compresses model weights and ac-
tivations into low-bit formats, reducing memory and computation for efficient
model deployment [13,[50]. Post-training quantization (PTQ) methods such as
LLM.int8() |10], GPTQ [18], AWQ [33], and OmniQuant [45] minimize quantiza-
tion error through calibration or activation-aware scaling, while SmoothQuant [52]
and SpinQuant [36] rebalance weight—activation distributions. For vision trans-
formers (ViTs) |12], PTQ4VIiT [55] uses activation quantization with Hessian-
guided scale calibration, and I-ViT [30] targets integer-only ViT inference via
approximations of non-linearities. However, precision below 2 bits still causes
severe accuracy loss. Quantization-aware training (QAT) addresses this by sim-
ulating quantization with Straight-Through Estimators (STE), enabling mod-
els to adapt during training. LLM-QAT |35], BitDistiller [14], BitNet [49], and
TernaryCLIP [60] achieve strong low-bit robustness but require full-model up-
dates.

Ternary Neural Networks (TNNs). Ternary quantization restricts weights to
{-1,0, 1}, offering large reductions in memory and compute by replacing mul-
tiplications with sign operations. Early work in CNNs, such as TWN [27] and
TTQ [61], demonstrated that ternary weights with learned scaling factors are
efficient and can retain accuracy, and later studies extended these ideas to trans-
formers and LLMs [38|. Training ternary models is challenging due to the dis-
crete nature of weights—updates must respect the quantization constraints of
{—1,0, 1} rather than continuous values. Most methods rely on straight-through
estimators and normalization or scaling strategies to stabilize optimization [9].
Despite these advances, adapting ternary models to downstream tasks remains
challenging. Approaches based on continuous, additive updates cause the merged
weights to leave the ternary domain and miss out on the memory and compute
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benefits of ternary quantization. The need for ternary domain preservation mo-
tivates new designs that operate natively in the ternary space. Our adaptation
applies low-rank updates to ternary base weights such that the result remains
ternary.

PEFT Methods. Parameter-Efficient Fine-Tuning (PEFT) methods include adapters
[22,/43], prefix/prompt tuning [261/28], and bias/activation-scaling [34,/56], which
reduce trainable parameters but add extra modules or token overhead at in-
ference. We focus on low-rank adaptation (LoRA) [23|, which applies low-rank
updates to weight matrices without altering model architecture or input tokens,
making it naturally compatible with quantized models.

Low Rank Adaptation (LoRA). LoRA [23] decomposes weight updates into small
low-rank matrices that are trained, while the base weights remain frozen. At in-
ference, the low-rank matrices are merged with the base weights for adaptation
without increasing inference cost. Most LoRA variants use additive updates, re-
ducing trainable parameters while maintaining near full-model fine-tuning per-
formance. Other additive approaches, like AdaLoRA [59] and ReLoRA [31],
improve flexibility through adaptive budgets or periodic high-rank updates.
Low-rank multiplicative adaptation (LoRMA) [2] replaces additive updates with
a more expressive framework based on multiplicative matrix transformations
to rotate the weight space rather than shift it, and element-wise multiplica-
tive updates, as in Fast LoRA (FLoRA) [51], compute input-specific modifica-
tions via Hadamard products. An element-wise multiplicative operation between
ternary base weights and a ternary adaptation matrix enables discrete ternary
updates—flipping or zeroing weights—that preserve the ternary domain.

Low-rank Decomposition. LoRA-based fine-tuning methods can be categorized
into different types based on how they decompose the weight-update matrix.
Simple low-rank decomposition of LoRA [23]| represents the update into two
small matrices, reducing rank and parameters at the cost of expressivity. SVD-
based decomposition dynamically allocates rank across layers by truncating or
weighting singular values, as in AdaLoRA [59], SaLoRA [24], and IncreLoRA [58],
improving flexibility while controlling parameter usage. Kronecker-product de-
composition represents updates as block matrices via Kronecker products |19],
preserving the effective rank of the original weight matrix with fewer parameters,
as in LoKr [54], KAdaptation [20] and KronA [16]. Similarly, KnGPT2 [17] uses
Kronecker decomposition to compress the original full-precision weights by rep-
resenting them with smaller matrices. Inspired by previous Kronecker-product
decompositions, our ternary multiplicative adapter represents discrete ternary
updates using two small ternary matrices, enabling high-rank update while pre-
serving the ternary domain for flips and zeroing operations.

PEFT with quantized backbone. Recent adaptation methods extend low-bit fine-
tuning to quantized large models. QLoRA [11] combines LoRA with low-bit
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Table 2: LoRA, QLoRA, QA-LoRA and Ours. Each column specifies the frozen base
weights, the trainable low-rank adaptation, and the merged weights. LoRA keeps a full-
precision base matrix Wo and adds a low-rank update AW = 2BA in floating point.
QLoRa stores a per-tensor quantized weight Wy, dequantizes it, then adds the same
low-rank update in full precision. QA-LoRA assumes group-wise affine quantization
Wo,e = 54(Qeg — Zg) and applies the low-rank update to the zero points Zg; using
group size 1 reduces to a per-tensor quantization. Our method starts from ternary base
weights Wiern € {—1,0, 1}%ut*din represents the adaptation as a Kronecker product,
and merges it multiplicatively, so the final weights remain ternary. The first three
methods rely on additive updates in a continuous space, whereas our method keeps
the same weight space, such that the merged model stays ternary without needing any
dequantization or requantization.

Method Base Weight (frozen) Trainable Update Merged Weight
LoRA W, (FP) AW = TBA Winerged = Wo + %BA, FP
QLoRA Per-tensor quantized W AW = 2BA Wnerged = Dequant(Wq) + %BA, FP

Low-rank update to zero-point matrix: Wnerged,g = Sg (Qu — (Zg + AZy))

QA-LoRA | Group-wise quantized Woz = s4(Qg — Zg) AZ, - %BA — Wo, — 5, AZ,

INT4

Ours Ternary Wem € {—1,0, 1} vt *din AWirn=A®B Winerged = Weern © (A ® B),  Ternary

quantization by storing the base weights in a quantized format and dequan-
tizing them to apply the full precision low-rank updates, which adds compute
overhead but lowers memory usage. QA-LoRA [53] avoids dequantization for
2-bit quantized weights by merging the adaptation into per-group quantization
parameters, but cannot enforce the merged weights to remain in the ternary do-
main. QAT-based methods such as LoftQ [29], L4Q [25], and ApiQ [32] integrate
quantization into training for improved accuracy. Yet all these approaches rely
on continuous additive updates, which are incompatible with discrete ternary
weights. Our method keeps the ternary domain even after the adaptation is
fused with the base weights.

3 Method

Standard low-rank adaptation methods rely on additive updates, yet additive up-
dates are incompatible with discrete ternary weights because adding real-valued
updates drives the entries outside the ternary domain, see Table |2l We propose
a ternary multiplicative adapter that i) models ternary updates multiplicatively
so the adapted weights remain in {—1,0,1}, and ii) decomposes updates as a
Kronecker product of two ternary factors for compactness and high expressivity.

3.1 Ternary multiplicative adaptation

To preserve the ternary constraint of using only {—1,0,1} values throughout
training and merging, we adopt an element-wise multiplicative formulation that
can flip, zero, or retain base weights.
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Formally, let Wey, € {—1,0, 1}%ut*din represent a pretrained ternary weight
matrix of a linear layer, where doyu, di, are the output and input dimensions,
respectively. We define the adapted ternary weight matrix Wi, as

Wéern = Wtern O] Atern> (1>
where ternary element A;; behaves as:
+1, retain Wij,
A;j =<0, zero out Wy, (2)

—1, flip sign of Wj;.

This multiplicative rule guarantees closure over {—1,0,1}, so W{ . remains

ternary and can be deployed without any floating-point operation, with the
remark that, if W,; = 0, then W’;; = 0 for any A,;, meaning that the multi-
plicative update cannot reactivate weights pruned to zero.

3.2 Low-rank Kronecker decomposition

Classical matrix decompositions—such as singular value decomposition (SVD),
eigenvalue decomposition (EVD), QR factorization, CUR decomposition, and
nonnegative matrix factorization (NMF)—cannot model discrete, sign-flipping
ternary updates A, without breaking ternary domain constraints. Represent-
ing such discrete ternary updates in trainable low-rank matrices is difficult be-
cause the update space is both discrete and non-linear. Instead, we use a Kro-
necker factorization of Aie, into two smaller ternary matrices:

Atcrn =A® Ba (3)
where ® denotes the Kronecker product between
A€ {71’0’1}p><q, B e {71,071}’”(57 (4)

which builds the matrix A by replacing each entry of A with that entry
multiplied by the entire matrix B, see Figure[I] The dimensions of A and B are
defined by p, ¢, r, s, which are smaller than doy¢, di, dimensions of the full weight
matrix Wiern, such that their pair-wise product

P = dout, q-5=di (5)

matches the base weight shape (dout, din ). By construction, the Kronecker prod-
uct produces a ternary matrix Ager, € {—1,0,1}%uXdin 50 the element-wise
product Wien ©® Aygern remains strictly ternary and can be merged directly
without dequantization.

At the same time, the Kronecker product creates a high-rank update from
two smaller matrices:

rank(A ® B) = rank(A) - rank(B) < min(p, ¢) min(r, s) < min(dout, din), (6)

while keeping the number of trainable parameters smaller than a full weight
update.
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3.3 Training via real-valued proxies and STE

Directly optimizing discrete A, B is difficult; we therefore optimize real-valued
proxies A € RP*4 B € R™** and obtain ternary factors by projection in the
forward pass:

A = Tern(A), B = Tern(B), (7)
where Tern(-) maps entries to {—1,0, 1}, with thresholds calculated from the ab-
solute mean of each matrix. Gradients are passed to the proxies using a straight-

through estimator.

Inference. After fine-tuning, we merge the base weights W, with the adapta-
tion A ® B by element-wise multiplication:

Wmerged = Wltern = Wtern O] (A b2 B) (8)

Since the final merged weights are ternary, Wiergea € {-1,0,1}, the adaptation
weights A B can be discarded, and the deployed layer is identical to the original
ternary layer in terms of shape, precision and activations.

3.4 Efficiency and expressivity

Trainable Parameters. The Kronecker adaptation Aiern = A ® B decomposes
to shape (p-r) X (¢-s). The number of trainable parameters for a linear layer is

TN params =p-q+r-s, (9>

which is typically much smaller than the dgy - d;, parameters of a full update
when p, 7, q, s are chosen to be small factors of dyy and djy,.

Shape match and factor choice. To match the shape constraints in Eq. (5)), we
choose p,r such that p-r = doy and g, s such that ¢ - s = dy,. For square layers
with dowt = din = d, the dimensions simplify to:

p=r=q=s=d, (10)

which totals
Nparams = 2 - Vd - Vd = 2d. (11)

In practice, transformer layer dimensions are large powers of 2, so our factor
choices can keep the Kronecker factors balanced and avoid bottlenecks from
small factors.

Memory. Table 3| reports per-layer fine-tuning memory. With FP32 real-valued
proxies A € RP*4 B € R"*%, each trainable parameter and its gradient occupy
4 Bytes and Adam contributes 8 Bytes per parameter. Consequently the adap-
tation for a square layer with douy = din = d uses 8d Bytes (params), 8d Bytes
(grads), and 16d Bytes (optimizer) per layer, whereas LoRA of rank r uses 8dr,
8dr, and 16dr Bytes, respectively. Matching our expressivity would require LoRA
r=d and therefore quadratic O(d?) adaptation memory, while ours provides a
similarly expressive update with only O(d) memory.
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Table 3: Per-layer training memory, Bytes (B). Adapters are FP32: 4B/param,
4B/grad, 8 B/Adam. Quantized versions are recomputed during each forward pass,
gradients are computed using a straight-through estimator. Activations are FP16 at
2B/element. For a W € R¥™¢; General: A e RPX9, BER"™® s.t. p-r=q-s=d. Square:
p=gq=7=s=+/d. Our adaptation scales as O(d) memory in the square case, versus
O(d?) for full fine-tuning and O(dr) for LoRA; matching our expressivity would require
LoRA rank r=d.

Method Train. params. Grads. Opt. Acts.
Full-FT (FP32) 4d? 4d? 8d? 2bsd
LoRA (rank r) 8dr 8dr 16dr 2bsd+2 bsr
Ours (general) 4(pg+rs) 4(pg+rs) 8(pg+rs) 2bsd
Ours (square) 8d 8d 16d 2bsd

FLOPs. The forward pass for our method Wie, ©® (A®B) on a square layer with
dous = din = d costs 2d? operations, which matches the full weights update cost,
while LoRA’s forward pass amounts to more, d?(2r+1). However, after training,
at inference time, both methods incur zero extra FLOPs: LoRA parameters
are merged via W + BA, and ours via Wi © (A ® B), both producing a
single Wierged Teused across all tokens. The inference-time adapter overhead
is therefore zero. Our method has the important advantage of ternary domain
preservation after merging.

4 Experiments

We empirically evaluate our ternary multiplicative adaptation on (i) two ternar-
ized LLMs, (ii) three pre-trained ternary LLMs, and (iii) a ternary ViT.

4.1 Experimental Setup

Models and baselines. We consider three evaluation tracks.

(i) Ternary PTQ LLM backbones. We use Llama-3.2-1B [40] and Llama-
3.2-3B |41] as base models. The weights are first quantized to ternary using
SpinQuant [36], which creates the ternary backbones in which we insert our
adaptation. The base ternary weights are stored in UINTS packed format to re-
duce memory usage, with corresponding scales stored in BFloat16 precision. The
baselines are: full precision (FP, 16-bit), 2-bit Round-To-Nearest (RTN), 2-bit
GPTQ [1§], 2-bit SpinQuant [36], and ternary SpinQuant [36]. We additionally
compare against QLoRA [11], as a baseline for existing PEFT applied on ternary
backbones.

(ii) Pre-trained ternary backbones. We fine-tune the following pre-trained,
ternary models: Falcon-E-1B-Instruct [48|, Falcon-E-3B-Instruct 48|, and Bit-
Net b1.58 2B4T [37]. We compare our fine-tuned adaptations against the corre-
sponding non-fine-tuned version.
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(i4i) Ternary ViT backbone. We use our method to fine-tune a ternary ViT-
B/16 (vision encoder from TernaryCLIP [60]) and compare against full ternary
fine-tuning and QLoRA baselines.

Datasets and evaluation metrics. For the PTQ LLM backbones we fine-tune
on Alpaca dataset [47] and evaluate on the following task set: ARC-Challenge
(ARC-c) and ARC-Easy (ARC-e) [6], BoolQ [5], CommonsenseQA (ComQA) [46],
HellaSwag [57], MMLU [21], OpenBookQA (OBQA) [42], PiQA [3], Winogrande
(Wino.) [44], and WikiText-2 |39] token-level perplexity (PPL). All evaluations
are zero-shot and use the default Im-evaluation-harness (v0.4.9.1) per-task
configurations. For pre-trained ternary backbones we fine-tune on GSMSK [7]
and report exact-match (EM) accuracy on the test split, using each model’s
chat template, system instruction ("You are a helpful assistant"), and 4, 5-
fewshots, where the fewshot examples are treated as a multi-turn conversation
in 1m-evaluation-harness (v0.4.9.1). For the ViT, we fine-tune on ImageNet-
100 [1] and report Top-1 classification accuracy.

Adapter configuration and training details. We apply our ternary multiplicative
adaptation to all self-attention and feed-forward blocks in the Transformer, ex-
cluding the task-specific output head (the language model head for LLMs and
the classification head for ViTs). For a weight matrix Wie, € R™*™, we choose
factor dimensions (p,q) and (r,s) such that m = p-r and n = ¢ - s. We select
p,q,7, s to be as balanced as possible under the integer divisibility constraints.
For square layers we use p = ¢ = r = s = /d. Table [5| lists the factorization
for all Llama-3.2-1B layer shapes, yielding 0.06% trainable parameters. Spin-
Quant [36] quantization uses per-channel absmax symmetric quantization on
800 WikiText-2 samples. Activations remain in the original precision, 16-bit for
Llama and ViT, and 8-bit for BitNet and Falcon. We optimize the real-valued
proxies of the ternary factors with a straight-through estimator as described in
We fine-tune the PTQ backbones for one epoch using AdamW with learn-
ing rate 1.5 x 1073, a linear decay schedule, warmup ratio 0.03, on-device batch
size 16, on a single NVIDIA A40 GPU (48GB). Learning rate is 1.0 x 10~% for
the pre-trained ternary backbones. The supplementary material reports more
details about the training dynamics of our method.

Initialization. We initialize real-valued proxies A,B so that, at the start of
fine-tuning, the adapted ternary weight matrix Wi, from Eq. used in the
forward pass is identical to the pre-trained Wie,. We use three strategies: (i)
All-ones: set every entry of A and B to +1, yielding a multiplicative identity
update; (ii) Balanced: fill A and B with an equal number of +1 and —1 values,
and compensate the base weights via Wiem < (signA ® sign B) © Wiepn; (iil)
Normalized: sample each entry in A and B from u ~ /(0.6,1.4) with random
signs, then normalize to have mean absolute value 1, and apply the same sign
compensation as in (ii). We use Balanced for the PTQ LLM and ViT back-

bones and Normalized for the GSM8K experiments. All-ones is used only in
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the analysis of weight transformations. The supplementary material reports the
corresponding ablation for the three strategies.

Table 4: Main results on Llama 3.2-1B and Llama 3.2-3B. Our 1.58-bit method is
compared against full-precision (FP) and several post-training quantization (PTQ)
baselines. All evaluations are zero-shot. Best results among 1.58-bit methods are in
bold. Averages exclude WikiText-2 PPL ({). Our ternary multiplicative adaptation
consistently recovers much of the accuracy lost to ternarization and often matches or
surpasses 2-bit baselines, while roughly halving the PPL of the ternary SpinQuant
backbones.

Model Method Precision ARC-c ARC-e BoolQ ComQA HellaSwag MMLU OBQA PiQA Wino. Avg. WikiText-2 PPL |
Full Precision 16-bit 314 652 636  47.0 47.7 36.7 264 746 598 50.2 9.7
PTQ Basclines
L 3.2.18 KIN 2-bit 228 238 621 19.2 25.5 229  17.2 531 489 328 1.5¢6
ama 3.2-18 gprq 2-bit 202 316 431 193 26.3 241 134 552 500 314 1.7e2
SpinQuant 2-bit 183 376 620 195 28.7 229 134 574 532 347 43.3
SpinQuant 1.58-bit 203 207 613  20.1 27.0 229 138 545  49.2 33.2 86.5
Ours (Adapter) 1.58bit 195 39.7 612  19.9 29.4 23.1 138 582 53.2 35.3 44.6
Full Precision 16-bit 424 746 729  64.0 55.2 540 310 766 69.5 60.0 7.8
PTQ Baselines
L 3.2.3p KIN 2-bit 225 244 378 192 25.3 268 152 526 502 304 7.6e5
ama 3.2-38 qprq 2-bit 215 252 408 192 26.0 229 132 531 484 30.0 1.9¢2
SpinQuant 2-bit 193 293 536  19.7 28.2 229 154 570 487 326 417
SpinQuant L58-bit 184 333 456 195 27.9 229 116 572 512 319 45.6
Ours (Adapter) 1.58bit 23.8 46.0 62.2  20.3 34.0 24.8 16.4 64.6 52.7 38.3 22.3

Table 5: Balanced factorization for self-attention and feed-forward Neural Network
weights shapes (excluding the Im_head) for Llama-3.2-1B layers. The factors (p, q)
and (r, s) satisfy m=p-r and n=q-s, yielding balanced submatrices for all layer shapes.
This factorization keeps the number of trainable adapter parameters tiny (about 0.06%
of the model) while still allowing the multiplicative update to cover every weight in
each layer, enabling expressive adaptations at small parameter cost.

Shape Wiern (m x n) — Adaptation dims (pxgq, rXxs)

(2048 x 2048) — (32x32, 64x64)
(2048 x 512) — (32x16, 64x32)
(2048 x 8192) — (32x64, 64x128)
(8192 x 2048) — (64x32, 128x64)

4.2 Evaluations on LLM PTQ Backbones

Table [ reports results for Llama-3.2-1B. Relative to the direct ternary Spin-
Quant baseline, our adaptation improves performance on six out of nine bench-
marks, while being equal or at most 0.8 percentage points worse on the other
three, raising the average score from 33.2 to 35.3. The PPL is improved from 86.5
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Table 6: Llama-3.2-3B fine-tuning results on Alpaca dataset, compared to QLoRA re-
quantization, showing average accuracy over 9 tasks and WikiText-2 perplexity. QLoRA
(requantized) fine-tunes with full-precision adapters but then merges and requantizes
the resulting weights back to ternary, incurring a drop in accuracy and PPL, whereas
our method works natively in the ternary domain and achieves better performance.

Method Bits (Base/Adapter) Avg. 1 PPL |
QLoRA (requantized) 1.58 / 1.58 37.5 22.9
Ours (merged ternary) 1.58 / 1.58 38.3 22.3

to 44.6. We surpass the 2-bit SpinQuant baseline on seven out of nine bench-
marks and almost match its 43.3 PPL, while retaining the ternary domain.

Table [] shows a stronger trend for Llama-3.2-3B: our method improves upon
the ternary SpinQuant baseline on all nine benchmarks, raising the average ac-
curacy from 31.9 to 38.3 and reducing PPL from 45.6 to 22.3. It also outperforms
the 2-bit SpinQuant baseline on every benchmark while lowering PPL from 41.7
to 22.3.

Because our adaptation is merged into the base ternary weights and the result
is a still ternary model, these accuracy gains are obtained without additional
parameters or latency at inference time, unlike having a separate full-precision
adaptation (e.g., in QLoRA), which adds runtime overhead.

4.3 Comparison to QLoRA baseline (LLM)

We fine-tune QLoRA on the same Llama-3.2-3B ternary backbone and Alpaca
dataset. Table [f] compares our method to QLoRA merged and requantized to
1.58-bit, showing that requantization degrades accuracy (38.3 vs. 37.5) and PPL
(22.3 vs 22.9), whereas our method works natively and achieves better perfor-
mance.

4.4 Downstream Task Adaptation (LLM)

We evaluate whether our method can adapt pre-trained ternary models to a
downstream task. We use Falcon-E-1B-Instruct, Falcon-E-3B-Instruct [48], and
BitNet b1.58 2B4T [37] as pre-trained ternary backbones, and fine-tune only
our adaptation’s parameters on GSM8K [7]. Table [7| summarizes the results.
Our adaptation consistently improves over the corresponding ternary baselines,
with gains of +2.9, 43.1, and +1.0 EM points, respectively. These improvements
indicate that strongly quantized backbones can be specialized with a tiny number
of trainable parameters while keeping the merged model strictly ternary and
incurring no inference overhead.

4.5 Evaluations on ViT

Table [§ reports ImageNet-100 fine-tuning results for a ternary ViT-B/16 (from
TernaryCLIP [60]). We compare our method against full ternary fine-tuning,
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Table 7: GSM8K exact-match accuracy (EM, %) for pre-trained ternary models fine-
tuned with our adaptation. All models use 1.58-bit weights and are fine-tuned on
GSMS8K with only the adaptation parameters updated. Overall, our method improves
41 to +3 EM points over the frozen ternary backbones, demonstrating that strongly
quantized models can be adapted to downstream math reasoning tasks without in-
creasing inference-time cost.

Model ##fewshot Baseline Ours Improvement
BitNet 2B 4T 4 60.1 63.0 +2.9
Falcon Edge 1B 5 52.0 55.1 +3.1
Falcon Edge 3B 5 65.4 66.4 +1.0

Table 8: Ternary ViT-B/16 (encoder from TernaryCLIP |60|) fine-tuned on ImageNet-
100. Full-FT updates all ternary base weights with STE. QLoRA trains full-precision
adapters on the ternary backbone, and QLoRA (requantized) additionally merges and
requantizes to a single ternary ViT. While QLoRA can match full fine-tuning, merging
and requantizing causes a large accuracy drop. Our method avoids this requantization
performance drop by fine-tuning and merging natively in the ternary domain.

Method Bits (Base/Adapter) Top-1 acc. 1
Full-FT 1.58 85.7
QLoRA 1.58 / 16 85.3
QLoRA (requantized) 1.58 / 1.58 78.9
Ours (merged ternary) 1.58 / 1.58 83.0

QLoRA with 16-bit adapters, and QLoRA requantized to 1.58-bit. Our method
improves Top-1 accuracy over requantized QLoRA, while yielding a single merged
1.58-bit ViT model.

4.6 Weight Transformations (LLM)

To understand how our adaptation recovers accuracy for the PTQ LLM back-
bones, we compare the base ternary weights Wiy, produced by SpinQuant
with the merged weights Wiyergea after fine-tuning and merging our adapta-
tion. For Llama-3.2-1B, we compute element-wise transitions between ternary
states {—1,0,1} and report how many weights with a given initial value end up
in each final state. We ablate the three initialization schemes from §4.1} All-ones,
Balanced, and Normalized, while keeping the training setup fixed.

Table [9] shows the raw transition counts for all N = 973,078,528 weights
and expressed in millions of weights for readability. Here N corresponds to all
ternary weights in the self-attention and feed-forward projection matrices across
the 16 Transformer layers of the model; the token embeddings, language model
head, and normalization parameters remain in higher precision and are excluded
from this analysis. In all cases, weights that are quantized to 0 remain exactly
zero after adaptation: no element transitions out of 0. This reflects a structural
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Table 9: Element-wise ternary weight transitions from the SpinQuant Llama-3.2-1B
backbone (Wiern) to the merged model (Wierged) after training, for different initial-
ization schemes. Each row shows, in millions of weights, how many parameters with
a given initial value (from) end up at each final ternary state. The 0 row is identical
across all initializations because our multiplicative update cannot reactivate pruned (0)
weights, so all accuracy gains come from redistributing signs among non-zero weights.

Final value (millions of weights)

Init. From -1 0 +1
—1 255.1 4.1 0.0
All-ones 0 0.0 454.8 0.0
+1 0.0 4.1 255.0
-1 1275 4.1 127.5
Balanced 0 0.0 454.8 0.0
+1 1275 4.1 127.5
-1 126.6 6.0 126.6
Normalized 0 0.0 454.8 0.0
+1 126.6 6.0 126.6

property of our multiplicative update, which can only modulate the sign of non-
zero ternary weights but cannot reactivate pruned connections. Consequently,
any accuracy gains come from reassigning the signs of existing non-zero weights.
The supplementary material provides additional analysis of these weight trans-
formations.

5 Concluding Remarks

We addressed parameter-efficient fine-tuning of ternary transformer backbones
under a constraint that is difficult to satisfy with existing LoRA-style methods:
the merged model should remain strictly in {—1,0, 1} without any dequantiza-
tion or post-hoc requantization. To this end, we proposed a ternary multiplicative
adapter that applies discrete keep/zero/flip updates directly to ternary weights,
with the update parameterized by a low-rank Kronecker product of two small
ternary factors. Across six models spanning language and vision, this design re-
covers a substantial portion of the performance lost to ternarization: it improves
accuracy and perplexity over ternary PTQ baselines on ternarized LLaMA-3.2
1B/3B, outperforms requantized QLoRA under the same merged 1.58-bit con-
straint, and yields a single merged 1.58-bit ViT-B/16 that improves over re-
quantized QLoRA on ImageNet-100 while narrowing the gap to full ternary
fine-tuning. Finally, our weight-transition analysis shows that gains arise pri-
marily from redistributing signs among non-zero weights. A limitation is that
the multiplicative update cannot reactivate zero weights, since ternary weights
have no zero-point to absorb the additive corrections. This zero-locking is the
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trade-off for strict ternary closure, and the Kronecker structure may constrain
update patterns for poorly factorable layer shapes.
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