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Abstract001

Deploying large language models (LLMs) in002
resource-constrained environments is hindered003
by heavy computational and memory require-004
ments. We present LBLLM, a lightweight bi-005
narization framework that achieves effective006
W(1+1)A4 quantization through a novel three-007
stage quantization strategy. The framework pro-008
ceeds as follows: (1) initialize a high-quality009
quantized model via PTQ; (2) quantize bina-010
rized weights, group-wise bitmaps, and quan-011
tization parameters through layer-wise distil-012
lation while keeping activations in full preci-013
sion; and (3) training learnable activation quan-014
tization factors to dynamically quantize acti-015
vations to 4 bits. This decoupled design miti-016
gates interference between weight and activa-017
tion quantization, yielding greater training sta-018
bility and better inference accuracy. LBLLM,019
trained only using 0.016B tokens with a single020
GPU, surpasses existing state-of-the-art bina-021
rization methods on W2A4 quantization set-022
tings across tasks of language modeling, com-023
monsense QA, and language understanding.024
These results demonstrate that extreme low-bit025
quantization of LLMs can be both practical and026
highly effective without introducing any extra027
high-precision channels nor rotational matrices028
commonly used in recent PTQ-based works,029
offering a promising path toward efficient LLM030
deployment on resource-limited situations.031

1 Introduction032

Large language models (LLMs) have recently033

gained significant attention, particularly for long-034

context reasoning tasks where both weights and035

activations dominate memory and compute costs.036

Quantization, which reduces precision by mapping037

high-bit parameters to low-bit representations, of-038

fers an effective means to jointly compress weights039

and activations and accelerate inference (Ouyang040

et al., 2024; Kurtic et al., 2025). However, most ex-041

isting approaches still operate at relatively high bit-042

widths (typically ≥ 4 bits), limiting their potential043

for extreme compression in resource-constrained 044

environments. 045

In joint weight and activation quantization, out- 046

lier activations, characterized by extreme magni- 047

tudes and long-tailed distributions (see Figure 4), 048

pose a major challenge to maintaining accuracy. 049

Moreover, extreme low-bit settings further con- 050

strain representational capacity, making sub-4-bit 051

quantization seldom explored. Existing approaches 052

address these issues in two ways: (1) auxiliary- 053

channel methods (e.g., (Zhao et al., 2024)) retain 054

high-precision channels to stabilize quantization, 055

but these extra bits reduce compression efficiency 056

and hinder inference speed due to mixed-precision 057

execution; and (2) rotation-based methods (e.g., 058

(Ashkboos et al., 2024)) redistribute outliers via 059

matrix transformations, which work well at W4A4 060

precision but degrade sharply at lower bit-widths 061

and introduce additional computational and mem- 062

ory overhead. 063

Another line of research targets binarization, 064

which significantly reduces bit-width but exacer- 065

bates quantization errors, often causing severe per- 066

formance degradation. Existing binarization works 067

typically quantize weights only, leaving activations 068

in full precision (FP16). Depending on parameter 069

optimization strategies, these methods fall into two 070

categories: (1) Quantization-aware training (QAT) 071

methods (Ma et al., 2024; Wang et al., 2024), re- 072

cover representational capability through extensive 073

training but demand substantial computational re- 074

sources, which requires dozens of 80GB GPUs 075

and thousands of GPU-hours on datasets exceeding 076

10 billion tokens, limiting their practical use. (2) 077

Post-training quantization (PTQ) methods (Huang 078

et al., 2024; Dong et al., 2024), rapidly generate 079

binarized models from pretrained checkpoints by 080

employing an additional bit for fine-grained group- 081

ing and extra bits to encode outliers. However, 082

these approaches frequently suffer from large accu- 083

racy degradation (more than 15 perplexity points 084
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Figure 1: Left: Comparison of post-quantization perplexity between LBLLM and other methods across different
LLAMA models on the W2A4 equivalent setting. Middle: Comparison of post-quantization commonsense QA
performance on LLAMA-2-7B. Right: Comparison of average accuracy on the MMLU dataset after quantization
across different LLAMA-1-7B models.

on Wiki2) compared to full-precision models.085

To enable efficient and high-quality binariza-086

tion, we propose LBLLM, a lightweight framework087

that combines the strengths of PTQ and QAT. The088

model is first initialized via PTQ and then fine-089

tuned by a two-stage lightweight QAT that quan-090

tizes model weights and activation separately. Com-091

pared to prior PTQ-based methods, LBLLM im-092

proves perplexity by over 10 points and achieves ac-093

curacy comparable to full QAT approaches, while094

requiring only 0.016B tokens and a few dozen GPU095

hours on a single GPU to binarize a 7B model.096

Crucially, LBLLM avoids auxiliary high-precision097

channels and rotation matrices, enabling both ef-098

fective memory compression and real inference099

acceleration.100

We observed that directly extending existing101

lightweight layer-wise training (Ding et al., 2024)102

to jointly quantize weights and activations to low103

bit-width is ineffective. Quantization errors from104

weights and activations interfere during straight-105

through gradient estimation, resulting in unstable106

optimization. To address this issue, we decou-107

ple the QAT process into two stages: (1) binarize108

weights and optimizing their quantization parame-109

ters while keeping activations in full precision; (2)110

subsequently quantize activations to 4 bits, intro-111

ducing learnable clipping parameters to handle out-112

liers and fine-tuning only quantization parameters.113

This staged approach achieves effective W(1+1)A4114

quantization with minimal overhead.115

The main contributions are summarized as fol-116

lows.117

• We introduce a three-stage quantization118

strategy combined PTQ initialization and 119

lightweight QAT for joint weight-activation 120

quantization, addressing the challenge of si- 121

multaneous low-bit quantization, which was 122

not touched in previous layer-wise QAT train- 123

ing approaches. 124

• Our hierarchical distillation strategy elimi- 125

nates the need for high-precision auxiliary 126

channels and rotation matrices commonly 127

used in PTQ-based binarization approaches. 128

• Extensive experiments demonstrate that our 129

method surpasses state-of-the-art binarization 130

on the W2A4 quantization level, while requir- 131

ing only 0.016B tokens and a few dozen GPU 132

hours on a single GPU. 133

2 Related Works 134

2.1 Binarization 135

Binarization compresses both weights and activa- 136

tions into 1-bit representations (Park et al., 2025b), 137

achieving maximal storage savings and enabling 138

highly efficient bitwise inference. However, ap- 139

plying binarization to LLMs is particularly chal- 140

lenging due to their structural complexity and the 141

demanding nature of generative tasks. 142

Recent studies have proposed various strategies 143

to address the challenges of LLM binarization. 144

OneBit (Xu et al., 2024) achieves weight-only bi- 145

narization by introducing auxiliary full-precision 146

parameters, while BitNet (Wang et al., 2023, 2024) 147

extends binary representations (−1,+1) to ternary 148

schemes (−1, 0,+1), effectively achieving 1.58- 149

bit weights and low-bit activations. Although these 150
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Figure 2: Illustration of the three-stage quantization strategy in LBLLM: Stage 1 uses a binarized PTQ method to
obtain a high-quality initialized model; Stage 2 keeps activations in full precision and performs quantization-aware
training on weights only; Stage 3 jointly quantizes activations and includes related parameters in training.

methods improve training stability, they demand151

extensive computational resources, often requir-152

ing hundreds of high-end GPUs, which limits their153

practicality for broader applications. Moreover,154

most works focus on weight binarization leaving155

the activations as full precision FP16 format.156

To reduce computational cost, lighter PTQ-based157

methods such as BiLLM (Huang et al., 2024),158

ARB-LLM (Li et al., 2024), and BWA (Song et al.,159

2025) employ bitmaps for fine-grained weight160

grouping and retain a small fraction of salient val-161

ues in higher precision. While effective, these meth-162

ods rely on extra bits for grouping and auxiliary163

high-precision channels to stabilize quantization,164

which limits compression efficiency and slows in-165

ference. Our work builds on the PTQ paradigm166

but introduces a lightweight QAT stage to reach167

W(1+1)A4 quantization on both weights and acti-168

vations.169

2.2 Joint Weight and Activation Quantization170

Quantizing only model weights reduces storage171

cost, but full acceleration with low-bit operators172

requires quantizing both weights and activations to173

lower bandwidth and computation, particularly for174

long-sequence inference (Jeon et al., 2025; Zhao175

et al., 2025; Tao et al., 2025). The key challenge176

is handling activation outliers with extremely large177

values that cannot be accurately represented in low-178

bit formats.179

Several methods address this by introducing aux-180

iliary channels (Park et al., 2025a; Su et al., 2025).181

LLM.int8 (Dettmers et al., 2022) preserves a small182

set of outlier channels in full precision, while Atom183

(Zhao et al., 2024) reorders channels based on Hes-184

sian values and quantizes outlier channels to 8 bits, 185

using lower precision for the remaining values. Al- 186

though effective, these approaches sacrifice com- 187

pression efficiency and hardware friendliness due 188

to their mixed-precision design. 189

An alternative line of work, including 190

SmoothQuant (Xiao et al., 2023) and AWQ (Lin 191

et al., 2024b), balances quantization difficulty 192

by applying equivalent rescaling transformations 193

to weights and activations. Extensions such as 194

QuaRot (Ashkboos et al., 2024), SpinQuant (Liu 195

et al., 2024), and DuQuant (Lin et al., 2024a) 196

leverage Hadamard or learnable rotation matrices 197

to achieve W4A4 quantization. However, these 198

methods introduce additional storage and compute 199

overhead, and their benefits diminish when 200

targeting ultra-low-bit (2 bits) settings. 201

In contrast, our work removes the reliance on 202

mixed-precision representations and rotation ma- 203

trices, focusing on weight binarization with fine- 204

grouping combined with 4-bit activation quantiza- 205

tion, achieving higher compression W(1+1)A4 and 206

hardware efficiency without sacrificing accuracy. 207

3 Preliminary 208

This section provides the background on LLM bi- 209

narization, covering its scope, weight binarization, 210

fine-grained grouping, and a PTQ-based binariza- 211

tion scheme. 212

Quantization in LLMs Our work targets 213

Transformer-based LLMs, focusing on linear layers 214

and the KV cache, which together account for over 215

90% of total computation. Less compute-intensive 216

components, such as embeddings, normalization 217
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layers, and activation functions, remain in high218

precision. In each linear layer, both weights and in-219

put activations are quantized to the target bit-width220

prior to matrix multiplication, and the KV cache221

is quantized to the same bit-width as the activa-222

tions. For example, W2A4 denotes 2-bit quantized223

weights (W2) and 4-bit quantized activations (A4).224

Weight Binarization Weight binarization repre-225

sents the extreme form of quantization, using a226

single bit to encode each weight. In linear layers,227

weights are approximated as:228

W ≈ Wq = α(WB − µ), (1)229

where WB ∈ 0, 1n×m is the binarized matrix, and230

α, µ are full-precision (FP16) scaling and offset231

parameters. Here, α = max(W) − min(W) and232

µ = −⌊min(W)/α⌉; B is stored using 1 bit per233

entry. In the QAT setting, α and µ are treated as234

learnable parameters and optimized jointly with235

other network weights, allowing the binarization236

scheme to better adapt to the data distribution.237

Fine-Grained Weight Grouping Prior PTQ-238

based binarization (Huang et al., 2024) studies239

show that a single bit is often insufficient to pre-240

serve representational capacity. One strategy is241

to add an auxiliary bit as a bitmap to enable fine-242

grained element-wise grouping. Weights in the243

same group share quantization parameters, while244

different groups are quantized independently. This245

scheme effectively encodes four distinct states246

(equivalent to 2 bits) by combining one bit for247

grouping and one bit for the binary weight. Com-248

pared to a conventional 2-bit weight representation,249

it enables faster inference through efficient bitwise250

operations.251

Activation Quantization and Binarization In252

long-sequence autoregressive LLM inference, acti-253

vations and KV caches dominate memory and band-254

width usage, making their quantization essential.255

Following prior work, we quantize activations to256

4 bits, represented either directly or as four binary257

channels, and jointly optimize them with binary258

weights and bitmaps for improved representational259

capacity. Previous PTQ methods, such as BWA260

(Song et al., 2025), search quantization parameters261

via clustering to achieve higher-quality binarization262

without requiring large datasets or high computa-263

tion.264

PTQ approaches still exhibit performance gaps265

relative to QAT-based methods. Moreover, PTQ266

methods often rely on auxiliary channels to stabi- 267

lize performance, leading to an average bit-width 268

that falls short of the ideal compression target. 269

In the subsequent section, we introduce LBLLM, 270

which removes the additional channels using a 271

lightweight training framework and achieves better 272

performance. 273

4 Method 274

In this section, we introduce LBLLM, a lightweight 275

binarization framework for LLMs based on QAT. 276

We begin by outlining the overall three-stage quan- 277

tization pipeline, followed by a description of the 278

model adaptations used for quantization distillation, 279

including a relaxed formulation of binary weights 280

and a progressively staged training strategy tailored 281

for efficient optimization using only a small frac- 282

tion of the training data. 283

4.1 Three-Stage Training 284

As shown in Figure 2, LBLLM employs a three- 285

stage training pipeline. The process initializes the 286

quantized model via a PTQ approach. In the second 287

stage, we binarize the weights and distill weight- 288

related parameters while keeping activation param- 289

eters in full precision. Finally, activation quanti- 290

zation layers are introduced, and a subset of both 291

weight and activation quantization parameters is 292

jointly fine-tuned. 293

Stage 1: PTQ Initialization We adopt the bina- 294

rization method proposed in (Song et al., 2025) to 295

obtain an initial quantized model, but discard its 296

mixed-precision configuration in order to achieve 297

higher compression efficiency. Specifically, we 298

employ a fine-grained bitmap grouping structure 299

and optimize the quantization parameters using a 300

Hessian-weighted EM algorithm to minimize the 301

quantization error of individual weight matrices. 302

In table 6, experiments demonstrate that a well- 303

initialized PTQ model significantly improves the 304

convergence of quantized models under lightweight 305

training regimes. 306

Stage 2: Weight-Aware Training (WAT) We 307

binarize the weights of all linear layers in the Trans- 308

former architecture, including those in both Atten- 309

tion and MLP modules, while keeping activations 310

in full precision (FP16) during this stage. Train- 311

ing follows a layer-wise distillation strategy and 312

employs the straight-through estimator (STE) to 313

jointly update the quantization parameters µ, α, G, 314

and the original weight matrix W for each layer. 315
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Stage 3: Activation-Aware Refinement (AAR)316

In the final stage, we fine-tune the model while317

dynamically quantizing activations. To address318

the prominent long-tail distribution characteristics319

of LLM activations, we propose a differentiable320

distribution-aware quantizer. This mechanism aims321

to adaptively partition the core dense region from322

sparse outlier regions using learnable knee points.323

It assigns distinct quantization step sizes to each324

region while employing learnable clipping factors325

to mitigate the impact of extreme outliers326

X̂ =
3∑

j=1

I(kj−1 ≤ X < kj)

·
((

clamp
(⌊

X
αj

+ µj

⌉
, 0, bj

)
− µj

)
· αj

)
,

α =
cαmax(X)− cβmin(X)

2k − 1
,

µ = −⌊
cβmin(X)

α
⌉,

(2)

327

where kj denotes the trainable knee points. cα328

and cβ are trainable clipping factors. I(·) is the329

hard indicator function. For the j-th region, αj , µj330

and bj represent the quantization parameters and as-331

signed bit-width, respectively. In this stage, we up-332

date only the quantization parameters (µ, α), while333

keeping the binarized weights W and group assign-334

ments G fixed. This refinement reduces activation335

quantization error and improves overall model ac-336

curacy as shown in Table 3.337

4.2 Lighter QAT for Binarization338

LBLLM retains the same bianrized model archi-339

tecture as prior PTQ approach (Li et al., 2024;340

Song et al., 2025), but eliminates the auxiliary high-341

precision channels, resulting in a fully quantized342

W(1+1)A4 format. Unlike prior works relying on343

architecture-specific tricks, such as rotation matri-344

ces (Ashkboos et al., 2024) or extra high-precision345

channels, LBLLM operates without modifying the346

model structure.347

Learning Group Bitmap The W (1 + 1) weight348

parameterization consists of a binary weight ma-349

trix WB , a binary group-assignment matrix GB ,350

and two pairs of shared scaling and offset parame-351

ters (αg, µg) for g ∈ 0, 1 corresponding to the two352

groups.353

Figure 3: Illustration of the hierarchical distillation
structure for LLMs, where each decoder layer is dis-
tilled progressively layer by layer.

To enable gradient-based optimization, the bi- 354

nary variables WB and GB are relaxed to full- 355

precision counterparts WFP and GFP during train- 356

ing. A regularization term is applied to encourage 357

these relaxed variables to gradually polarize toward 358

binary values (0 or 1). In the forward pass, WFP 359

and GFP are binarized via a clamp function to pro- 360

duce WB and GB . For back-propagation, we em- 361

ploy the straight-through estimator (STE) to allow 362

gradients to pass through the non-differentiable bi- 363

narization step, ensuring stable and effective train- 364

ing of both weights and group assignments. 365

Specifically, the weight matrix is approximated 366

as 367

Wq = GB(α0WB + µ0) + ¬GB(α1WB + µ1),
(3) 368

where GB denotes the group bitmap, and ¬GB is 369

its negation, ensuring only one group is chosen for 370

each element. During training, the relaxed group 371

identifier GFP is encouraged to converge to either 372

0 or 1 via a regularization loss 373

Lreg = ∥I − |2GFP − I|β ∥2F , I ∈ 1n×m, (4) 374

where β is an annealing factor decreasing from 375

1 to 0. In the early training period, we encourage 376

higher variability in the bitmap to explore a broader 377

solution space. As training progresses, the value of 378

β is gradually reduced, driving the bitmap values 379

polarized to 0 or 1. 380

Learning Knee Point In AAR stage, we intro- 381

duce a differentiable distribution-aware quantizer 382
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to improve activation quantization with learnable383

knee points and clipping factors. However, direct384

region partitioning based on hard threshold blocks385

gradient flow during backpropagation, preventing386

the optimization of knee point positions via gradi-387

ent descent. To overcome this non-differentiability388

bottleneck, we introduce a temperature-scaled soft389

masking mechanism as390

Ĩj(X) = sg [I(X ∈ Rj)− πj(X; τ)] + πj(X; τ).
(5)391

During training, Ĩj(X) serves as the surrogate392

mask, where sg[·] denotes the stop-gradient oper-393

ator, and πj(X; τ) is the soft probability derived394

from the Sigmoid function with temperature τ . We395

retain discrete hard partitioning during forward396

propagation to ensure quantization efficiency, while397

utilizing soft masks for gradient computation dur-398

ing backpropagation.399

Progressive Layer Distillation As shown in Fig-400

ure 3, we formulate quantization as a layer-wise dis-401

tillation process, treating the full-precision model402

as the teacher and the quantized model as the403

student (Shao et al., 2016; Chen et al., 2025).404

Transformer-based LLMs are composed of sequen-405

tially stacked decoder layers with identical struc-406

tures; we regard each decoder layer as the minimal407

training unit and optimize them progressively from408

shallow to deep. The input to each layer is the409

output of the previously quantized layer, allowing410

downstream layers to perceive and compensate for411

quantization errors accumulated earlier. The recon-412

struction loss is defined as413

Lrec = ∥OT − OS∥2F , (6)414

where OT and OS denote the outputs of Decoder-415

layer in the teacher and student models respec-416

tively. This progressive distillation strategy reduces417

peak memory usage and enables fine-grained opti-418

mization of quantization parameters and binarized419

weights within each layer.420

The layer-wise distillation loss is given by L =421

Lrec + λLreg, where λ is a hyperparameter used422

to balance the reconstruction loss and the regular-423

ization term.424

4.3 Discusion425

We compare LBLLM with earlier works on bina-426

rized PTQ and QAT approaches as well as the layer-427

wise training strategy.428

Prior PTQ-based binarization methods (Li et al., 429

2024; Song et al., 2025) demonstrate efficient 430

weight binarization using bitmap-based grouping 431

but rely on auxiliary high-precision channels and 432

do not compress activations. In contrast, LBLLM 433

adopts a similar fine-grained grouping strategy 434

yet removes auxiliary channels entirely, achieving 435

higher compression and extending binarization to 436

activations. Compared to QAT-based approaches 437

(Wang et al., 2024; Ma et al., 2024), which achieve 438

strong performance but require massive compu- 439

tational resources, LBLLM leverages PTQ-based 440

initialization and a lightweight layer-wise QAT 441

scheme, attaining comparable accuracy with drasti- 442

cally lower training cost. 443

Recent works have adopted layer-wise training 444

for low-bit weight quantization (Chen et al., 2025; 445

Ding et al., 2024) but did not realize the challenges 446

of jointly quantizing activations, majorly focusing 447

on the setting of W4A16 or W2A16. Unlike weight- 448

only quantization, simultaneous weight–activation 449

quantization is considerably harder as quantization 450

errors from both sources interact and can desta- 451

bilize optimization. Our experiments in Table 3 452

confirm that training a W(1+1)A4 model with a 453

layer-wise strategy leads to unstable divergence. 454

LBLLM decouples weight and activation quantiza- 455

tion as separated two stages, which mitigates error 456

interference and stabilizes training. 457

5 Experiments 458

5.1 Setup 459

In this work, we quantize all linear layer weights 460

in the LLM into 1-bit Boolean matrices along with 461

1-bit fine-grained group bitmaps. Activations are 462

dynamically and asymmetrically quantized to 4 463

bits. The group size is 128. For the KV cache, we 464

ensure that it is quantized to the same bit-width 465

as the activations. No additional high-precision 466

parameters are retained in our quantized model. To 467

ensure a consistent experimental setup, all training 468

is conducted on a single 80GB GPU. 469

Models and Datasets We evaluate our method 470

on the open-source LLaMA-1 (Touvron et al., 471

2023a), LLaMA-2 (Touvron et al., 2023b), and 472

LLaMA-3 models. For training, we randomly 473

sample 8,192 sequences (approximately 0.016B 474

tokens) from the RedPajama corpus (Weber et al., 475

2024), which contains over 100B tokens. This 476

small-scale subset highlights the data efficiency of 477
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Method Bits Wiki PTB C4 PIQA ARCe ARCc BoolQ Hella. Wino. Avg
FP16 – 5.47 22.51 6.97 76.93 53.58 40.53 71.07 72.96 67.17 63.71
CBQ W4A4 11.32 – 12.56 68.25 46.23 31.56 – 57.34 – –
BiLLM W(1+1)A4 32.48 3877.38 40.52 50.05 25.38 26.54 49.63 26.05 49.49 37.86
ARB-LLM W(1+1)A4 19.14 165.46 20.88 63.82 39.31 27.05 60.21 44.94 54.54 48.31
BWA W(1+1)A4 8.89 69.46 12.74 68.72 46.13 30.55 66.12 55.76 58.01 54.22
BWA w/o C W(1+1)A4 243.73 5439.27 433.00 – – – – – – –
QuaRot W2A4 49.98 571.22 80.14 54.41 28.45 23.21 57.89 28.57 48.15 40.11
LBLLM W(1+1)A4 9.18 36.79 10.91 70.97 44.65 32.51 64.50 58.54 58.27 54.91

Table 1: Perplexity and zero-shot accuracy results of different quantization methods on LLAMA-2-7B. For CBQ,
since the code is not publicly available, we directly adopt the quantization settings and results reported in the original
paper, while all other methods use a consistent W2A4 configuration. "BWA w/o C" denotes the performance of the
BWA method after removing the additional channels. The best results are highlighted in bold.

our approach while ensuring consistency across478

model sizes.479

We evaluate performance across three categories:480

language generation, commonsense QA, and lan-481

guage understanding. For language generation,482

we report perplexity on WikiText-2 (Merity et al.,483

2016), PTB (Marcus et al., 1994), and C4 (Raffel484

et al., 2020); for C4, we randomly sample 256 se-485

quences of length 2048 from the test set, while for486

other datasets we use the full test split. Common-487

sense QA is assessed via zero-shot accuracy on488

PIQA (Bisk et al., 2020), ARC (Clark et al., 2018),489

BoolQ (Clark et al., 2019), HellaSwag (Zellers490

et al., 2019), and WinoGrande (Sakaguchi et al.,491

2021). For language understanding, we evaluate on492

the MMLU benchmark (Hendrycks et al., 2020).493

Baselines We compare LBLLM against existing494

weight-binarization methods such as BiLLM, ARB-495

LLM, and BWA (Huang et al., 2024; Li et al.,496

2024; Song et al., 2025); the weight and activa-497

tion joint quantization method, QuaRot(Ashkboos498

et al., 2024), which employs rotation matrices; and499

CBQ(Ding et al., 2024), a lightweight training500

method based on progressive layer-wise distilla-501

tion. As CBQ (Ding et al., 2024) does not provide502

open-source code, we used the results reported in503

the original paper under the W4A4 setting for com-504

parison.505

5.2 Main Results506

Language Generation Tasks We evaluate the507

perplexity of the quantized models on multiple508

datasets. Our training set, RedPajama, includes509

portions of WikiText2 and C4 but excludes PTB.510

Therefore, perplexity evaluation on PTB serves as511

an indicator of the quantized model’s overfitting512

tendency.513

Table 1 presents the perplexity comparisons of 514

various quantization methods on LLAMA-2-7B. 515

It is evident that LBLLM achieves SOTA perfor- 516

mance across all datasets and significantly outper- 517

forms a range of baseline methods. CBQ also em- 518

ploys layer-wise distillation training. Experiments 519

demonstrate that our method achieves better perfor- 520

mance in simultaneous weight and activation quan- 521

tization. Specifically, LBLLM with W(1+1)A4 522

surpasses CBQ’s results with W4A4. 523

The perplexity of LBLLM is slightly higher than 524

that of BWA only on the WikiText2 dataset. How- 525

ever, BWA exhibits signs of overfitting on Wiki- 526

Text2 and employs a mixed-precision representa- 527

tion, which implies additional channel overhead. 528

Compared to the setting of BWA without any ad- 529

ditional channels, which is under the exactly same 530

compression ratio and model structure, LBLLM 531

demonstrates significantly superior performance. 532

Table 2 demonstrates the quantization perfor- 533

mance of LBLLM on different versions of LLAMA 534

models, further validating the generalization capa- 535

bility of our quantization approach. 536

Zero-Shot Common Sense QA Tasks We as- 537

sess the effectiveness of our quantization method 538

on several commonsense question answering tasks. 539

Table 1 provides a comparison of accuracy across 540

different quantization methods on LLAMA-2-7B. 541

Table 2 presents the quantization performance of 542

LBLLM across different models. The results show 543

that LBLLM surpasses previous SOTA methods 544

and further approaches the performance of the full- 545

precision model. 546

Language Understanding Tasks We evaluate 547

the language understanding ability of the LBLLM- 548

quantized model on the MMLU benchmark. Fig- 549
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Model Bits Wiki PTB C4 PIQA ARCe ARCc BoolQ Hella. Wino. Avg

LLAMA-1-7B
FP16 5.68 27.34 7.08 77.37 52.48 41.38 73.06 73.00 67.01 64.05
W(1+1)A4 9.08 37.46 10.42 71.33 44.74 33.53 66.24 58.29 61.72 55.97

LLAMA-2-7B
FP16 5.47 22.51 6.97 76.93 53.58 40.53 71.07 72.96 67.17 63.71
W(1+1)A4 9.18 36.79 10.91 70.97 44.65 32.51 64.50 58.54 58.27 54.91

LLAMA-3-8B
FP16 6.14 10.60 8.89 80.96 77.48 53.67 80.95 79.13 73.16 74.23
W(1+1)A4 17.56 26.40 18.97 67.90 53.11 32.17 70.28 60.05 57.77 56.88

Table 2: Quantized perplexity and zero-shot accuracy results of LBLLM on different LLAMA models.

ure 1 presents the performance of the quantized550

model based on LLAMA-1-7B across various sub-551

domains. Despite quantizing the full-precision552

model to an extremely low bit-width, it maintains a553

high level of language understanding performance.554

5.3 Ablation Study555

We conduct ablation studies on on LLAMA-2-7B556

with a unified quantization setting of W(1+1)A4 to557

test different training strategy, settings of trainable558

parameters, and initialization methods.559

WAT AAR DT Wiki↓ PTB↓ C4↓

% % % 243.73 5439.27 433.00
% % ! NAN NAN NAN
! % % 9.40 42.86 11.08
! ! % 9.18 36.79 10.91

Table 3: Ablation study of different training stages. DT
refers to jointly quantizing weights and activations fol-
lowed by direct layer-wise distillation. NAN indicates
that the PPL computed from the model output is exces-
sively large.

Training Strategy To verify the effectiveness of560

our decoupled training strategy for weight bina-561

rization and synchronized activation quantization,562

Table 3 compares the average perplexity before563

and after each training stage. Experimental results564

show that the quantized model obtained after the565

fine-tuning on weights demonstrates a significant566

improvement over the initial quantized model. Al-567

though the activation-specific tuning requires low-568

bit quantization of activations, which leads to a per-569

formance drop compared to the first-stage result,570

the final performance after tuning confirms that our571

optimization mitigates the degradation caused by572

activation quantization errors.573

Trainable Parameters To examine the influence574

of different parameter training strategies on the fi-575

nal model performance, we compare the impact576

α, µ G W Wiki↓ PTB↓ C4↓ Avg.↓

! % % 18.61 387.99 17.99 141.53

% % ! 15.16 1638.36 15.97 556.50

! ! ! 9.48 69.26 11.20 29.98

Table 4: Ablation study on the impact of parameter par-
ticipation in training each component of WAT on the fi-
nal performance, all experimental results are conducted
on LLAMA-2-7B under the W(1+1)A16 quantization
setting.

α, µ c, k Wiki↓ PTB↓ C4↓ Avg. PPL↓

% % 9.40 42.86 11.08 21.12
! % 9.51 40.31 10.99 20.27
% ! 9.39 44.08 11.09 21.52
! ! 9.18 36.79 10.91 18.96

Table 5: Ablation study on the impact of parameter
participation in training each component of AAR on the
final performance.

of parameter inclusion/exclusion on the quantized 577

model performance in Table 4 and Table 5. The 578

experimental results confirm that global optimiza- 579

tion across all parameters contributes to achieving 580

a higher-quality quantized model. 581

Initialization Wiki↓ PTB↓ C4↓ Avg. PPL↓

RTN NAN NAN NAN NAN
BWA 9.48 69.26 11.20 29.98

Table 6: Ablation study results using different initializa-
tion methods. NAN indicates that the PPL computed
from the model output is excessively large.

Initialization Method Table 6 compares the ef- 582

fect of initializing the quantized model with or with- 583

out PTQ-based methods. By contrasting the perfor- 584

mance of models initialized via RTN quantization 585

and subsequently fine-tuned, we demonstrate that 586

better initialization schemes can improve model 587

performance under our lightweight framework. 588

8



6 Limitations589

Although LBLLM takes a significant step to-590

ward practical and efficient LLM deployment in591

resource-constrained environments, challenges re-592

main in removing fine-grained grouping and further593

narrowing the gap with full-precision models. Em-594

pirically, the primary bottleneck in the W(1+1) con-595

figuration lies in the joint optimization of the 1-bit596

weight representation and the 1-bit grouping param-597

eter. This process currently relies heavily on PTQ-598

derived priors for initialization, an area we intend599

to investigate further in future work. Moreover, cur-600

rent inference efficiency gains are predominantly601

software-based and yield marginal returns, often602

necessitating bespoke CUDA kernel implementa-603

tions for different quantization schemes. True com-604

putational breakthroughs require dedicated hard-605

ware support, which remains largely in the research606

phase; we hope subsequent studies will bridge this607

gap.608
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A Difficulties in Joint Weight and822

Activation Quantization823

Figure 4: Illustration of activation distribution. The
"Knee Point" marks the critical transition boundary
where the density shifts significantly, separating the
primary bell-shaped distribution from the sparse but
magnitude-heavy outliers.

Activation Distribution As illustrated in Fig-824

ure 4, activation values exhibit a pronounced long-825

tailed distribution. By employing a logarithmic826

scale, we visualize the distinct ’Knee Point,’ which827

demarcates the typical range from the outlier re-828

gions. While the probability density of these out-829

liers is minimal, their extreme magnitudes signifi-830

cantly expand the dynamic range, thereby degrad-831

ing the quantization resolution for the majority of832

activations.833

Error Coupling between Weights and Activa-834

tions We observe that in joint weight and ac-835

tivation quantization, quantization errors are not836

merely additive. Instead, they are continuously837

coupled and accumulate during layer-wise propaga-838

tion, ultimately precipitating rapid model collapse.839

As shown in Figure 5, there is a significant gap840

between quantization only quantization and joint841

weight & activation quantization. So we decouple842

the weight quantization and activation quantization843

to accomplish our goal.844

Figure 5: Layer-wise reconstruction error.

Method Tokens GPUs GPU hours

FBI-LLM 108.5B 32 22599h
LBLLM 0.016B 1 20h

Table 7: Comparison of computational resource con-
sumption between LBLLM and binarized QAT meth-
ods.

B Resource Requirements Analysis 845

Training Dataset Size QAT-based methods such 846

as BitNet and FBI-LLM argue that binarization 847

leads to significant loss of pretrained knowledge in 848

LLMs. As a result, their approach is to train a bina- 849

rized LLM from scratch using large-scale corpora. 850

In contrast, LBLLM demonstrates that a combina- 851

tion of PTQ and lightweight QAT can produce a 852

binarized LLM with comparable performance. Ta- 853

ble 7 compares the data requirements of QAT and 854

our method. As shown, LBLLM requires signifi- 855

cantly fewer training resources than QAT methods. 856

In the supplementary material, we compare the per- 857

formance of LBLLM with several QAT-based quan- 858

tization methods, showing that LBLLM achieves 859

comparable results across various metrics. 860

Inference Memory Requirement LBLLM 861

adopts a minimal quantization structure, without 862

relying on additional channels to compensate for 863

quantization errors. In Table 8, we report the 864

inference-time memory usage of the quantized 865

Model FP16 LBLLM

LLAMA-7B 13.5GB 1.8GB
LLAMA-13B 24.2GB 3.2GB
LLAMA-30B 60.5GB 8.0GB
LLAMA-65B 121.0GB 16.1GB

Table 8: Inference memory compression of LBLLM on
models with different parameter sizes.
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LLAMA-1-7B LLAMA-2-7B LLAMA-3-8B

WAR Size 8192 8192 2048
WAR Epoch 2 2 5
AAR Size 8192 8192 8192
AAR Epoch 1 1 1
W Learning Rate 2e-5 2e-5 2e-5
G Learning Rate 1e-4 1e-4 1e-4
α, µ Learning Rate 1e-4/1e-5 1e-4/1e-5 1e-4/1e-5
Clipping Ratio Learning Rate 1e-4 1e-4 1e-4
Knee Point Learning Rate 5e-4 5e-4 5e-4
GPUs 1 1 1
GPU Hours 22 22 17

Table 9: The configuration and training details for LBLLM. Since the learning rates for α and µ differ between the
WAR and AAR stages, we report both values in the table.

Weight Shape LBLLM INT8 INT4

4096×4096 14ms 43ms 80ms
11008×4096 27ms 83ms 158ms
4096×11008 28ms 101ms 197ms

Table 10: Martix multiplication Speedup between
LBLLM (W2A4) and the INT4, INT8 kernels of CUT-
LASS.

models. Compared to full-precision models,866

LBLLM achieves an average compression ratio of867

over 7×, maintaining the lowest memory footprint868

among similar methods.869

Inference Speedup LBLLM maintains a weight870

quantization configuration consistent with BWA871

and ARB-LLM, allowing it to leverage established872

CUDA kernels for inference acceleration. Al-873

though we introduce knee points for activations,874

this is implemented via vectorized masking with875

negligible computational overhead, ensuring the876

subsequent low-bit matrix multiplication remains877

identical to prior work. Table 10 demonstrates the878

matrix computation acceleration achieved using879

these CUDA kernels.880

C More Details about Our Experiment881

Settings882

This section provides additional experimental de-883

tails required by the checklist but not covered in884

the main text. It includes information on datasets,885

evaluation metrics, hyperparameter settings, and886

computational setup used in our quantization ex-887

periments, aiming to support the reproducibility of888

this work. 889

C.1 Evaluation Metrics 890

Memory Usage of The Quantized Model This 891

section explains how we compute the memory us- 892

age of the quantized model. Given the mainstream 893

transformer architecture used in current LLMs, our 894

work quantizes the linear layers—which account 895

for over 90% of the total computation—while keep- 896

ing components with relatively minor computa- 897

tional cost, such as embedding and activation lay- 898

ers, in full precision. This setting is consistent 899

across all existing works on large language model 900

quantization. In our memory usage calculation, we 901

only consider the quantized linear layers. The final 902

memory compression ratio is as follows 903

Mq =
Bitsq + Bitsg + Bitsp

Bitsfp
× Mfp (7) 904

Here, mq and mfp denote the storage sizes of 905

the quantized and full-precision models, respec- 906

tively. Bitsq, Bitsg, Bitsp, and Bitsfp represent the 907

effective bit-widths of quantized weights, group- 908

wise bitmaps, quantization parameters, and full- 909

precision weights. For example, the calculation of 910

Bitsp includes the combined effective bit-width of 911

the scaling factor α and the zero point µ, where 912

each group shares one α in 16-bit format and one 913

µ in 1-bit format. Therefore, while the group size 914

is 128, Bitsp = 16+1
group size ≈ 0.148. 915

Perplexity Perplexity measures how well a prob- 916

ability distribution or model predicts a sample. In 917
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Bits Method STEM↑ Humanities↑ Social Science↑ Others↑ Average↑
FP16 - 36.1 43.3 51.6 51.8 45.5
W(1+1)A4 Atom 25.9 24.9 24.0 26.3 25.3
W(1+1)A4 ARB-LLM 30.2 25.4 30.5 26.0 27.7
W(1+1)A4 LBLLM 26.4 28.8 27.7 32.0 28.8

Table 11: MMLU results (%) under the W2A4 settings on LLAMA-1-7B. Our quantization performance highlighted
in bold.

Method Bits Wiki PTB C4 PIQA ARCe ARCc BoolQ Hella. Wino. Avg.
FP16 – 5.47 22.51 6.97 76.93 53.58 40.53 71.07 72.96 67.17 63.71
Onebit W1A16 10.19 – 11.40 68.01 42.47 30.20 57.28 51.54 58.48 51.33
FBI-LLM W1A16 9.10 29.60 10.50 72.60 53.00 29.90 61.50 57.70 58.90 55.60
LBLLM W(1+1)A4 9.18 36.79 10.91 70.97 44.65 32.51 64.50 58.54 58.27 54.91

Table 12: Perplexity and zero-shot accuracy results of different quantization methods on LLAMA-2-7B.

language modeling, it reflects how closely the pre-918

dicted next token matches the ground truth—the919

more accurate the prediction, the lower the perplex-920

ity.921

Commonsense QA CommonsenseQA is a922

multiple-choice question answering dataset that re-923

quires diverse types of commonsense knowledge to924

identify the correct answers. We evaluate on PIQA,925

ARC, BoolQ, HellaSwag, and WinoGrande, which926

cover physical commonsense reasoning, middle927

school-level science questions, natural language in-928

ference, and general commonsense reasoning. All929

evaluations are conducted in a zero-shot setting.930

Massive Multitask Language Understanding931

MMLU is a challenging benchmark designed to932

evaluate the knowledge acquired during pretraining933

by testing models exclusively in zero-shot and few-934

shot settings. It covers 57 subjects across diverse935

domains, including STEM, humanities, and social936

sciences, with question difficulty ranging from high937

school to advanced professional levels. The bench-938

mark assesses both factual knowledge and problem-939

solving ability, spanning topics from traditional940

areas like mathematics and history to specialized941

fields such as law and ethics. The breadth and gran-942

ularity of the tasks make MMLU an ideal tool for943

identifying blind spots in language models.944

C.2 Hyperparameters945

In Table 9, we present the training hyperparameter946

settings and more training details. Due to time con-947

straints, we used only 2,048 samples for training948

LLAMA-3-8B, and most hyperparameters were949

chosen based on empirical heuristics rather than950

thorough tuning. We leave comprehensive hyper- 951

parameter optimization to future work. 952

C.3 Computational Setup 953

Most of our experiments were conducted on 954

NVIDIA H100 80GB with CUDA version 12.8; 955

more detailed environment configurations will be 956

provided in the upcoming open-source repository. 957

D Additional Experimental Results 958

D.1 Language Understading Tasks 959

Table 11 presents a comparison of different quanti- 960

zation methods on the MMLU dataset. The results 961

show that our method achieves superior overall 962

language understanding performance and yields 963

results closer to the full-precision model. 964

D.2 Compared with QAT Method 965

We compare our results with two binarized QAT 966

methods, Onebit and FBI-LLM; due to the high 967

computational requirements of these approaches, 968

we directly adopt the settings and results reported 969

in their papers. Across various metrics, our method 970

outperforms binarized QAT approaches in many as- 971

pects and achieves comparable performance on the 972

remaining ones, demonstrating its strong potential. 973

D.3 Larger Model Results 974

We further evaluated LBLLM on LLaMA models 975

with varying parameter sizes. The results in Ta- 976

ble 13 demonstrate that even on relatively larger 977

models (e.g., LLaMA-13B), LBLLM achieves ro- 978

bust quantization performance through lightweight 979

training. Furthermore, LBLLM exhibits a narrower 980

performance gap compared to the full-precision 981
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Model Bits Wiki PTB C4 PIQA ARCe ARCc BoolQ Hella. Wino. Avg

LLAMA-1-7B
FP16 5.68 27.34 7.08 77.37 52.48 41.38 73.06 73.00 67.01 64.05
W(1+1)A4 9.08 37.46 10.42 71.33 44.74 33.53 66.24 58.29 61.72 55.97

LLAMA-1-13B
FP16 5.09 19.23 6.61 79.05 59.89 44.71 68.47 76.23 70.24 66.43
W(1+1)A4 7.90 38.19 9.23 74.05 50.21 34.90 65.81 64.49 63.85 58.88

Table 13: Quantized perplexity and zero-shot accuracy results of LBLLM on larger LLAMA models.

baseline on these larger models. Due to computa-982

tional resource constraints, evaluations on larger-983

scale models are reserved for future work.984
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