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Abstract001

Training LLMs at ultra-low precision remains002
a formidable challenge. Direct low-bit QAT003
often suffers from convergence instability and004
substantial training costs, exacerbated by quan-005
tization noise from heavy-tailed outlier chan-006
nels and error accumulation across layers. To007
address these issues, we present BIT-BY-BIT, a008
progressive QAT framework with outlier chan-009
nel splitting. Our approach integrates three key010
components: (1) block-wise progressive train-011
ing that reduces precision stage by stage, en-012
suring stable initialization for low-bit optimiza-013
tion; (2) nested structure of integer quantization014
grids to enable a "train once, deploy any preci-015
sion" paradigm, allowing a single model to sup-016
port multiple bit-widths without retraining; (3)017
rounding-aware outlier channel splitting, which018
mitigates quantization error while acting as an019
identity transform that preserves the quantized020
outputs. Furthermore, we follow microscaling021
groups with E4M3 scales, capturing dynamic022
activation ranges in alignment with OCP/N-023
VIDIA standards. To address the lack of effi-024
cient 2-bit kernels, we developed custom opera-025
tors for both W2A2 and W2A16 configurations,026
achieving up to 11× speedup over BF16. Un-027
der W2A2 settings, BIT-BY-BIT significantly028
outperforms baselines like BitDistiller and Effi-029
cientQAT on both Llama2/3, achieving a loss030
of only 2.25 WikiText2 PPL compared to full-031
precision models.032

1 Introduction033

The remarkable success of modern Large Language034

Models (LLMs), such as GPT-5 (OpenAI, 2025)035

and DeepSeek (Liu et al., 2024a), is largely at-036

tributed to scaling laws, which suggest that in-037

creasing model size consistently enhances perfor-038

mance. However, the burgeoning scale of these039

models necessitates the adoption of low-precision040

formats to optimize both storage and computa-041

tional efficiency. Existing approaches fall into042

𝒂 	𝒇𝒖𝒍𝒍	𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 𝒃 	𝟖𝒃𝒊𝒕

𝒄 	𝟒𝒃𝒊𝒕 𝒅 	𝟐𝒃𝒊𝒕

Figure 1: Loss landscapes under different precisions.
The vertical axis denotes the loss, the horizontal axes
(α, β) represent random directions in parameter space.

two families: post-training quantization (PTQ) and 043

quantization-aware training (QAT). PTQ quantizes 044

a pretrained model with little or no retraining and 045

thus dominated early work; however, it often de- 046

grades sharply at ultralow precisions (≤ 4-bit) (Lin 047

et al., 2024). By contrast, QAT incorporates the 048

quantization process directly into the training loop 049

to mitigate the quant error caused by low-precision 050

representation. 051

To ensure low-bit performance, existing QAT 052

methods have explored primarily on several di- 053

rections: (i) modifying the optimization objec- 054

tive via variants of knowledge distillation (Du 055

et al., 2024; Chen et al., 2024a) to better align 056

with full-precision output distributions; (ii) im- 057

proving discrete gradient estimation through en- 058

hanced Straight-Through Estimators (STE) (Pan- 059

ferov et al., 2025; Malinovskii et al., 2024) to 060

suppress gradients with large approximation er- 061

rors; (iii) engineering robust quantization prim- 062

itives, such as clipping strategies and adaptive 063
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Figure 2: Analysis of QAT challenges. (a) Training loss curve of direct QAT, exhibiting a prominent loss
spike. (b) Layer-wise reconstruction loss and relative error across Transformer blocks, illustrating significant error
accumulation in deeper layers. (c) Comparison of training budgets; our method (Bit-by-Bit) achieves a 3600×
reduction in token requirements compared to ParetoQ.

grids (Chen et al., 2024a; Liu et al., 2025b; Du064

et al., 2024) to mitigate the impact of non-salient065

values; (iv) employing fine-grained, stage-wise066

schedules for learning rates and weight decay (Ma067

et al., 2025, 2024; Team et al., 2025); and (v) inte-068

grating value-redistributing transformations (e.g.,069

Hadamard) into training (Choi et al., 2025; Pan-070

ferov et al., 2025; Tan et al., 2025; Wang et al.,071

2025) to smooth out outliers prior to quantiza-072

tion. Despite these advances, existing approaches073

still face critical stability challenges during low-074

bit training. They often rely on massive token075

budgets to converge to usable low-bit representa-076

tions (Fig. 2(c)); demand extensive hyperparameter077

“wind tunnel” tuning, particularly of learning rates,078

since low-bit weights require larger yet inherently079

unstable updates; and introduce significant compu-080

tational overhead from complex distillation losses,081

which slow training and inflate memory usage due082

to the need to retain both teacher and student logits.083

These challenges naturally raise the question: How084

can we mitigate quantization error and achieve085

stable ultra-low-bit QAT?086

To address these challenges, we first examine the087

loss landscapes under different precisions (Fig. 1).088

We observe that as precision decreases, the loss089

landscape becomes increasingly uneven and dis-090

continuous, which can trap the model in poor local091

minima. Compounding this difficulty, loss spikes092

emerge during low-bit training process (Fig. 2(a)).093

Moreover, weight distributions are difficult to rep-094

resent at low bit widths(Fig. 3), making QAT op-095

timization inherently unstable in the ultra low bit096

regime. And by further examining the quantiza-097

tion error across different blocks (Fig. 2(b)), we098

find that later layers suffer from significantly larger099

errors. This suggests that the key challenge for100

ultra-low-bit QAT lies in the accumulation of quan-101

tization error. So we propose Bit-by-Bit, a pro-102

gressive framework for stable ultra-low-bit QAT. 103

Our main contributions are: 104

• A progressive strategy anneals precision from 105

high to low, quantizing weights first and activa- 106

tions later to provide a well-conditioned start for 107

the subsequent low-bit stage. 108

• Extending the curriculum progressive strategy to 109

a unified "any-precision" framework by leverag- 110

ing the nested nature of bit-width enables "train 111

once, deploy at any precision". 112

• Rounding-aware outlier channel splitting, which 113

mitigates both outlier effects and rounding errors 114

while preserving quantized outputs. 115

Our comprehensive evaluation on LLaMA-2/3 116

and Mistral under both weight-only (w2a16) and 117

weight–activation (w2a2) shows that BIT-BY-BIT 118

consistently surpasses strong QAT baselines under 119

the same training budget in ultra–low-bit regimes. 120

On LLaMA-2 7B with w2a2 quantization, it incurs 121

only +2.25 perplexity increase on WikiText2 com- 122

pared to FP16 (7.72 vs. 5.47). Furthermore, on 123

LLaMA-3 family which is hard to quantize, Bit by 124

Bit surpass other QAT methods. 125

2 Related work 126

2.1 Quantization for LLMs 127

Post-Training Quantization (PTQ) is a main- 128

stream LLM compression method, with aggres- 129

sive strategies down to 2-bit (Liu et al., 2024b), 130

ternary (Kaushal et al., 2024), and binary (Gu 131

et al., 2025). Most approaches aim to preserve 132

a small set of salient weights to reduce error, e.g., 133

AWQ (Lin et al., 2024) uses activation-guided scal- 134

ing, SqueezeLLM (Kim et al., 2023) mixes dense/s- 135

parse formats, PB-LLM (Shang et al., 2023) com- 136

bines binary and INT8, and BiLLM (Huang et al., 137

2024) adds residual quantization. Despite effec- 138

tiveness, these designs often introduce complex 139

implementations and kernel inefficiency. 140

2
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Figure 3: Value distributions of various group granularities showing (a) Low-bit values are nested in the high-bit
grid, (b) lower bits collapse representations; larger groups improve dynamic-range.

Quantization-Aware Training (QAT) aims to141

address these issues by jointly optimizing the142

weights along with the quantizer to mitigate quan-143

tization error, including: LLM-QAT (Liu et al.,144

2023) operates without additional data but suffers145

from high computational overhead during teacher146

logits computation; QuEST (Panferov et al., 2025)147

filters outlier gradients and employs RMS oper-148

ations combined with Gaussian and Hadamard149

transforms for distribution fitting; DB-LLM (Chen150

et al., 2024a) introduces a dual binary representa-151

tion along with a deviation-aware distillation loss152

and BitNet (Ma et al., 2025) has demonstrated the153

potential of ternary weight representations, yet re-154

quires as many as 2T tokens to establish a stable155

low-bit model.156

Weight-Only Quantization stores LLM157

weights in low precision, with recent works158

pushing below 1-bit representation (Gu et al., 2025;159

Dong et al., 2024), achieving up to 20× compres-160

sion. Weight–Activation Quantization further161

quantizes activations, enabling low-precision162

GEMM kernels and reducing IO (e.g., DeepSeek’s163

DeepGEMM (DeepSeek, 2025)). Methods like164

SmoothQuant (Xiao et al., 2023a) shift quantiza-165

tion difficulty from activations to weights, while166

rotation-based approaches (QuaRot (Ashkboos167

et al., 2024), SpinQuant (Liu et al., 2024c))168

improve robustness via orthogonal transformations.169

Our QAT framework supports both ultra-low-bit170

weight-only and weight–activation quantization.171

3 Method172

In this section, we revisit quantization and intro-173

duce our method, which integrates a progressive174

QAT strategy with Once-for-any-precision training,175

outlier channel splitting, and microscaling groups.176

3.1 Quantization Revisited177

Quantization is applied to all linear layers except178

the LM head and the embedding layer. In group-179

wise quantization, weight matrix W ∈ Rm×n is180

partitioned into G = mn
g groups of size g: 181

W =
[
W (1),W (2), . . . ,W (G)

]
,W (i) ∈ Rg×1. 182

Each group is quantized independently. For any 183

element x ∈W (i), we compute 184

q = round
(x
s
+ z
)
, q ← clip(q, 0, 2n − 1) , 185

186

s =
Max−Min

2n − 1
, z = − round

(
Min

s

)
, 187

where Max = max(W (i)),Min = min(W (i)). 188

Henceforth, we use the terms scale and step size 189

interchangeably to denote s. Traditional symmet- 190

ric quantizers are often suboptimal at ultra-low 191

bit-widths.Specifically, under a 2-bit configura- 192

tion, they either utilize only three distinct levels to 193

maintain a zero-centered balance (e.g., {−1, 0, 1}), 194

or map weights to a zero-less symmetric code- 195

book such as {−1.5,−0.5, 0.5, 1.5} as explored 196

in strategies like SEQ (Liu et al., 2025b). To 197

maximize representation capacity, we adopt an 198

asymmetric quantizer with a zero-point. To incor- 199

porate the quantizer into training, we adopt the 200

straight-through estimator (STE) to address the 201

non-differentiability of the rounding operation dur- 202

ing backpropagation. Gradients flow only through 203

the weights, while the scale s and zero-point z ob- 204

tained directly from closed-form expressions. No 205

additional clipping or heuristic adjustment (Shao 206

et al., 2023) is applied to the weights, ensuring a 207

simple yet effective quantization scheme. 208

3.2 Progressively Bit-by-Bit QAT 209

As shown in Fig. 1 and Fig. 2(a), directly optimiz- 210

ing at very low precision often produces a rugged 211

loss landscape and loss spike, making training to 212

suboptimal local minima. We observe that dequan- 213

tized weights at lower bit collapse into limited num- 214

ber of coarse clusters (Fig. 3). Lower-bit values 215

are naturally covered by the higher-precision grid. 216

For any value xlow in the lower-bit grid, there is 217

3



𝒐𝒓𝒊𝒈𝒏𝒊𝒂𝒍

𝒚𝒎 = 𝒙𝒎𝒘𝒎

𝒂𝒇𝒕𝒆𝒓	𝑶𝑪𝑺

𝒚𝒎 = 𝒙𝒎
(𝒘𝒎+𝒔/𝟐)

𝟐 + 𝒙𝒎
(𝒘𝒎−𝒔/𝟐)

𝟐

𝑿 ∗

𝑾

𝑿

𝒘𝒎

𝑚𝑒𝑡𝑟𝑖𝑐 = ||𝑥||! ⋅ 𝑚𝑎𝑥|𝑤|

𝒙𝒎

∗

𝑾

(𝒘𝒎−𝒔/𝟐)
𝟐

(𝒘𝒎+𝒔/𝟐)
𝟐

𝒙𝒎 𝒙𝒎

𝒔𝒑𝒍𝒊𝒕𝒇𝒑𝟏𝟔

𝟖𝒃𝒊𝒕

𝟐𝒃𝒊𝒕

𝟒𝒃𝒊𝒕
𝒑𝒓𝒐𝒈𝒓𝒆𝒔𝒔𝒊𝒗𝒆

𝒅𝒊𝒓𝒆𝒄𝒕𝒍𝒚

𝒑𝒓𝒐𝒈𝒓𝒆𝒔𝒔𝒊𝒗𝒆

𝟐𝒃𝒊𝒕
𝒑𝒓𝒐𝒈𝒓𝒆𝒔𝒔𝒊𝒗𝒆

𝒂 	𝑷𝒓𝒐𝒈𝒓𝒆𝒔𝒔𝒊𝒗𝒆	𝑩𝒊𝒕	𝒃𝒚	𝑩𝒊𝒕	𝑸𝑨𝑻 𝒃 	𝑹𝒐𝒖𝒏𝒅𝒊𝒏𝒈	𝑨𝒘𝒂𝒓𝒆	𝒐𝒖𝒕𝒊𝒍𝒆𝒓	𝒄𝒉𝒂𝒏𝒏𝒆𝒍	𝒔𝒑𝒍𝒊𝒕

Figure 4: (a) Progressive Bit-by-Bit QAT: Direct 2-bit QAT drives weights into coarse clusters under a non-smooth
loss landscape, progressive schedule that lowers precision stage-by-stage, using the higher-precision phase to
stabilize and initialize the next stage. (b) Rounding-aware outlier channel splitting: detect outlier channels via
metric ||x||2 ·max|w|, then apply identical, rounding-aware halving that keeps the quantized output unchanged.

always a corresponding high-bit value xhigh within218

half a step size |xlow − xhigh| ≤ 1
2shigh. This hi-219

erarchical relationship suggests a natural coarse-220

to-fine progress: higher-bit grids act as smooth221

refinements of lower-bit representations, motivat-222

ing us to adopt progressive quantization as a more223

stable optimization scheme.224

Progressive Strategy. We begin from a rela-225

tively high precision setting, which closely matches226

full precision and introduces negligible quantiza-227

tion error, providing a well-conditioned initializa-228

tion. The bitwidth is then gradually reduced across229

stages (e.g., from 8-bit to 4-bit and finally to 2-bit230

for weights), allowing the model to progressively231

adapt to the increasing quantization noise. For232

weight–activation quantization, we apply the same233

principle: the model is first stabilized under a con-234

figuration with low-bit weights but high-precision235

activations, and the activation precision is then236

progressively lowered in subsequent stages. This237

staged reduction enables the model to adapt step by238

step to the growing activation noise, thereby miti-239

gating training instability. We found that reducing240

weight precision first, followed by activation bits,241

yields the most stable results, further exploration of242

alternative strategies is provided in Appendix B.1.243

Block Wise Strategy. Following BRECQ (Li244

et al., 2021) and EfficientQAT (Chen et al., 2024b),245

we employ a block-wise objective to mitigate error246

accumulation. For block i, let x(i)wka16 denote the247

input activation when all preceding blocks use k-248

bit weights (while activations remain FP16), and249

let x(i)w(k+∆)a16 denote the activation obtained when250

the preceding blocks use a slightly higher precision,251

e.g., w4a16 as w(2+∆)a16 for stabilizing w2a16.252

The full-precision reference is denoted as w16a16.253

𝟖𝒃𝒊𝒕

00 11 1 11 0

𝟒𝒃𝒊𝒕

00 11 1 11 0

𝟐𝒃𝒊𝒕

00 11 1 11 0s

𝒏𝒆𝒔𝒕𝒆𝒅	𝒔𝒉𝒊𝒇𝒕

𝒔𝒉𝒂𝒓𝒆𝒅	𝒔𝒂𝒎𝒆

𝒔𝒄𝒂𝒍𝒆

Figure 5: Bit-shifting from higher to lower precision
while sharing the same scale s.

The block-wise loss is formulated as 254

MSE[(x
(i)
w(k+∆)a16W

(i)
wka16)− (x

(i)
w16a16W

(i)
w16a16)]. 255

This design leverages higher-bit block activations 256

as a more accurate teacher, improving the robust- 257

ness of QAT across 8/4/2-bit regimes. Similar 258

formulation is also applied to weight–activation 259

quantization, where activations are progressively 260

reduced from a16 to lower precisions. 261

3.3 Once-for-any-precision. 262

Besides stabilizing low-bit optimization, our pro- 263

gressive strategy also enables a single model to 264

support multiple precisions. Conventionally, sup- 265

porting multiple bit-widths requires storing sev- 266

eral independently trained QAT checkpoints (e.g., 267

W8/W4/W2), incurring considerable training and 268

storage costs. Inspired by (Nair et al., 2025; Park 269

et al., 2024; Cai et al., 2019), we extend our BIT- 270

BY-BIT framework into a unified ONCE-FOR-ANY- 271

PRECISION paradigm: a single set of master param- 272

eters can be deployed at various bit-widths without 273

additional retraining. 274

Nested low-bit grids via bit shifts. The key 275

idea is that, with the same scale s, a lower-bit 276
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Algorithm Once-for-any-precision

# Bit: Target bit-width list[[8],[8,4],[8,4,2]]
def once_for_any_precision(M, i, Bit):

Block = M.blocks[i]
x_fp, y_fp = Block.data_loader()
loss_total = 0
for b in Bit:

lambda_b = schedule_bit_ratio(b)
# use bit_shift_mapping
W_r = s * quantize(Block.W, bits=b)
y_pred = Block.forward(x_fp, W_r)
loss_total+=lambda_r * MSE(y_pred, y_fp)

return loss_total # update

def bit_shift_mapping(s, q_high, h, l):
q_low = q_high >> (h - l)
W_low = s * (q_low << (h - l))
return W_low

quantizer is naturally a coarser version of higher-277

bit one (e.g., 2bit ⊂ 4bit ⊂ 8bit). If a weight is278

already quantized to an h-bit integer code q(h), we279

can get an l-bit code (l < h) by just removing the280

last (h− l) least significant bits.281

q(l) =
⌊

q(h)

2h−l

⌋
, ŵ(l) = s ·

(
q(l) ≪ (h− l)

)
.282

In practice this is just bit shifting as Fig. 5:283

q(l) = q(h) ≫ (h− l).284

Curriculum Progressive Strategy. Leveraging285

the nested nature of bit-widths, we adopt a cur-286

riculum manner from high precision to low preci-287

sion: higher-bit training provides a well initialize,288

and lower-bit objectives are added gradually. Con-289

cretely, we optimize an expanding set of targets290

Bit = {(8); (8, 4); (8, 4, 2)},291

i.e., we first train only with 8-bit, then jointly with292

8/4-bit, and finally with 8/4/2-bit. The resulting293

objective is294

L =
∑
b∈Bit

λb ·MSE(xWb, y) ,295

where Wb denotes the shared master weights trun-296

cated to b bits, and λb controls the contribution of297

each bit-width. Deployment. After training, we298

keep only the master checkpoint and obtain the de-299

sired low-bit on the fly using the nested bit-shift300

mapping. This enables “train once, deploy any pre-301

cision on demand” without retraining or storing302

multiple model copies.303

3.4 Outiler Channel Split 304

The outlier issue has long been a major challenge 305

in quantization, for uniform b-bit quantization, the 306

step size is s = max(W )−min(W )
2b−1

. Weight out- 307

liers enlarge the range R = max(W )−min(W ), 308

thereby increasing s; activation outliers enlarge 309

∥x∥1. As a result, the quantization error is bounded 310

by
∣∣xW − xWquant

∣∣ ≤ 1
2s ∥x∥1, showing that 311

both weight and activation outliers amplify the er- 312

ror through range expansion and input magnitude. 313

Prior works (Shao et al., 2023) often mitigate this 314

problem by clipping outliers with learnable parame- 315

ters. However, outliers value encode important dis- 316

tributional or semantic features (Sun et al., 2024), 317

and discarding them directly can lead to substantial 318

performance degradation. 319

Motivated by this, we adopt Outlier Channel 320

Splitting (OCS) (Zhao et al., 2019). Instead of 321

clipping, OCS duplicates channels containing ex- 322

treme values and redistributes their contribution via 323

an identity mapping, thereby reducing the dynamic 324

range while preserving critical information. 325

Consider a linear layer y = xW . Let xm ∈ 326

Rd×1 denote an identified outlier activation in the 327

m-th input channel, and wm ∈ R1×d be its cor- 328

responding weight row. OCS splits the original 329

contribution xmwm into two lowered-magnitude 330

branches without changing the numerical output: 331

xmwm =
(
xm xm

)(wm+s/2
2

wm−s/2
2

)
. 332

By replacing a single outlier channel with two iden- 333

tical copies of halved magnitude, OCS effectively 334

compresses the dynamic range per channel, which 335

alleviates quantization error at the cost of a minor 336

increase in the input dimension m. Further theoret- 337

ical analysis of the error reduction is provided in 338

Appendix C. 339

Splitting increases layer width and increase com- 340

putation, so we split only a small subset of channels. 341

To identify outlier channels that are most suscepti- 342

ble to quantization errors, we introduce a sensitivity 343

metric Si for each input channel i. This metric is 344

computed based on statistics gathered from a cal- 345

ibration set. Specifically, For a linear layer with 346

input x ∈ Rm and weights W ∈ Rm×n, we define 347

an outlier metric for each input channel i as 348

metrici = ∥Xi∥2 · max
1≤j≤n

|Wij |, 349

where ∥Xi∥2 denotes the ℓ2 norm of the i-th in- 350

put feature aggregated across N × L tokens, and 351
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max1≤j≤n |Wij | signifies the maximum weight352

magnitude in the i-th channel across all n output353

dimensions. As shown in Fig. 2(b), quantization354

error accumulates along depth, later blocks suffer355

larger errors. Motivated by this observation, we356

adopt a block-wise schedule that linearly increases357

the split ratio with depth. Index Transformer blocks358

by b = 1, . . . , B from shallow to deep. For block359

b, we set360

rb = rmin +
b− 1

B − 1

(
rmax − rmin

)
,361

and split the top ⌈rbm⌉ input channels (ranked by362

si), where m is the number of input channels in that363

layer. This allocates fewer splits to early blocks364

and more to later blocks, matching the observed365

depth-wise error accumulation.366

3.5 Microscaling Format367

Ultra low bit quantization significantly reduces368

computational and I/O costs, but it also severely369

restricts the representable dynamic range (Fig. 3).370

To address this limitation, microscaling formats,371

such as MXFP4 (Rouhani et al., 2023) and372

NVFP4 (NVIDIA, 2025), introduce a shared scale373

factor applied to small blocks of weights. Follow374

these line, we apply per-group scaling over 32 el-375

ements and store each group scale in FP8 to mini-376

mize overhead. While standard MX formats adopt377

E8M0 (power-of-two) scaling, this approach is not378

granular enough for 2-bit models. We use E4M3379

FP8 for group scales instead. This format provides380

sufficient mantissa precision for accurate step-size381

adjustment, while adding only one 8-bit scale per382

32 weights, resulting in a storage overhead of just383

8/32 = 0.25 bits per weight.384

4 Experiment385

We comprehensively evaluate Bit-by-Bit against386

both post-training quantization (PTQ) and387

quantization-aware training (QAT) baselines.388

PTQ methods include GPTQ (Frantar et al.,389

2022), AWQ (Lin et al., 2024), OmniQuant (Shao390

et al., 2023), SmoothQuant (Xiao et al., 2023b),391

MatQuant (Nair et al., 2025), and SpinQuant (Liu392

et al., 2024c), while QAT baselines cover Efficien-393

tQAT (Chen et al., 2024b), ParetoQ (Liu et al.,394

2025b), and BitDistiller (Du et al., 2024). All395

experiments are run on a single H800 GPU.396

4.1 Experimental Settings 397

We test on the LLaMA (Dubey et al., 2024) 398

and Mistral families, evaluating five zero-shot 399

reasoning benchmarks (PIQA, ARC-Easy, ARC- 400

Challenge, HellaSwag, Winogrande) and two lan- 401

guage modeling tasks (WikiText2 (Merity et al., 402

2017) and C4 (Raffel et al., 2020)). 403

For PTQ baselines, we use a 256-sample Red- 404

Pajama subset (seq length 2048) for AWQ, GPTQ, 405

and SmoothQuant; OmniQuant follows its 40- 406

epoch calibration, and SpinQuant is calibrated for 407

2 epochs. For QAT baselines, EfficientQAT adopts 408

Block-AP (4096 RedPajama samples, 2 epochs) fol- 409

lowed by E2E on Alpaca; BitDistiller uses a 4096- 410

sample Alpaca subset for KD-based QAT; and Pare- 411

toQ is trained on 4096 RedPajama + 4096 Alpaca 412

samples for 2 epochs, aligned to our budget (vs. 413

30B tokens in the original). Since these methods 414

target weight-only quantization, we extend them 415

with activation quantizers: online dynamic scaling 416

for EfficientQAT, asymmetric clipping for BitDis- 417

tiller, and 2-bit SEQ for ParetoQ. We train Bit-by- 418

Bit on a 4096-sample subset of RedPajama. For 419

weight-only quantization, the model precision is 420

progressively reduced from w8a16 to w4a16 and 421

then to w2a16, switching every two epochs, while 422

splitting 10% of weight channels as detected by the 423

metric. For weight–activation quantization, we first 424

lower the weight precision to w2a16, then reduce 425

the activation precision to w2a2 progressively. 426

4.2 Main Results 427

Table 1 reports perplexity results on WikiText2 and 428

C4 under both weight-only (w2a16) and weight- 429

activation (w2a2) settings. Bit-by-Bit consistently 430

surpasses ParetoQ, EfficientQAT, and BitDistiller 431

across model sizes and datasets. In w2a16, it re- 432

quires fewer training tokens than ParetoQ, con- 433

verges faster than BitDistiller, and achieves more 434

stable training than EfficientQAT, e.g., reaching 435

11.02/16.45 PPL on WikiText2/C4 with LLaMA- 436

3.2 3B. The advantage is also pronounced in w2a2, 437

where it reduces WikiText2 PPL on LLaMA-2 7B 438

to 7.72. Zero-shot results (Table 2) further confirm 439

its robustness: Bit-by-Bit achieves the best aver- 440

age accuracy under both w2a16 (56.91) and w2a2 441

(51.52), exceeding the strongest baseline by over 442

5 points in the latter. These results demonstrate 443

Bit-by-Bit’s effectiveness in preserving strong gen- 444

eralization under ultra-low precision. 445
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Table 1: Evaluation results on WikiText2 and C4 across different model sizes. Our method Bit-by-Bit is highlighted.

Method Bits Group
WikiText2 C4

2-7B 3.2-1B 3.2-3B 3-8B 2-7B 3.2-1B 3.2-3B 3-8B

FP16 - - 5.47 9.75 7.81 6.13 6.97 12.74 10.44 8.89

Weight Only Quantization (w2a16)

GPTQ w2a16 32 60.5 2775.63 379.23 43.34 33.7 1875.41 323.24 43.28

AWQ w2a16 32 2.2e5 1.7e7 7.2e6 5.2e5 1.75e5 1.9e7 7.7e6 5.1e5

OmniQuant w2a16 32 11.06 6260.71 1.4e51 2.2e6 15.02 2442.55 8315.17 8.3e5

ParetoQ w2a16 -1 10.89 42.82 26.88 100.04 12.40 35.08 24.08 94.97

EfficientQAT w2a16 32 7.39 21.48 13.31 11.17 9.30 24.84 17.38 15.18

BitDistiller w2a16 32 7.28 20.41 12.80 10.40 10.01 31.24 19.86 18.23

Bit-by-Bit (Ours) w2a16 32 6.50 16.13 11.02 8.32 9.22 23.03 16.45 14.27

Weight Activation Quantization (w2a2)

SmoothQuant w2a2 32 2.5e5 1.7e7 2.0e6 8.6e6 3.0e5 1.8e8 1.5e6 9.9e6

SpinQuant w2a2 32 5433.06 4059.73 4008.33 7931.37 7524.73 8222.23 8256.53 1.3e5

ParetoQ w2a2 -1 259.74 1091.78 1018.61 549.71 135.32 418.22 401.22 237.21

EfficientQAT w2a2 32 9.71 29.42 20.19 17.93 10.89 66.53 31.65 26.58

BitDistiller w2a2 32 29.66 30.68 18.39 15.36 43.08 60.12 28.23 25.86

Bit-by-Bit (Ours) w2a2 32 7.72 22.71 13.87 11.51 12.87 46.53 23.63 21.58

Table 2: Zero-shot evaluation of LLaMA-3.2 3B on five
downstream tasks accuracy.

LLaMA-3.2-3B PIQA Hella. Wino. ARC-c ARC-e Avg

bfloat16 77.47 73.62 69.61 45.90 71.71 67.67

ParetoQ 66.70 43.48 52.49 21.93 44.36 45.79

w2a16
EfficientQAT 70.02 57.07 59.35 34.13 58.92 55.89
BitDistiller 70.65 57.42 59.78 34.71 58.34 56.18

Bit-by-Bit (ours) 71.87 58.03 60.38 35.58 58.71 56.91

ParetoQ 51.80 25.76 48.78 23.55 27.53 35.48

w2a2
EfficientQAT 56.53 34.76 52.17 21.84 35.23 40.10
BitDistiller 60.87 42.15 54.03 26.72 47.61 46.28

Bit-by-Bit (ours) 66.00 49.30 56.91 31.40 54.00 51.52

4.3 Once-for-any-precision evaluation446

Our ONCE-FOR-ANY-PRECISION method produces447

models at multiple bit-widths. To validate the448

generality of this approach, we compare against449

MatQuant (Nair et al., 2025) and OmniQuant (Shao450

et al., 2023) on Mistral-7B. Specifically, we per-451

form a single QAT run with Bit-by-Bit and directly452

apply the trained model to different bit-widths453

(w8a16, w4a16, w2a16). In contrast, the baseline454

OmniQuant requires separate training for each bit-455

width, while MatQuant also employs a one-shot456

QAT strategy for multi-bit adaptation. As shown457

in Table 4, our method achieves competitive re-458

sults under all settings. For w8a16 and w4a16,459

Bit-by-Bit matches the full-precision baseline with 460

only marginal degradation. obtaining task averages 461

of 73.51 and 73.21 respectively. In challenging 462

w2a16 setting, Bit-by-Bit excels in w2a16 (65.37 463

avg/10.73 PPL), surpassing OmniQuant and paral- 464

leling MatQuant. This demonstrates that a single 465

QAT process suffices for flexible deployment, elim- 466

inating the need for separate retraining. 467

4.4 Ablation 468

We conduct a comprehensive ablation of our pro- 469

posed components on LLaMA3.2-1B. As shown 470

in Table 3, using block-wise loss yields sub- 471

stantially better results than end-to-end training 472

with NLL loss. Training directly on w2a16 per- 473

forms poorly, whereas adopting progressive train- 474

ing improves convergence and accuracy. Incor- 475

porating OCS brings further gains. We evalu- 476

ate several metrics for detecting outlier channels, 477

including weight maximum (wmax), activation 478

maximum (xmax), and kurtosis (DeCarlo, 1997; 479

Nrusimha et al., 2024) which measures the “tailed- 480

ness” of distribution, and find that the combined 481

weight–activation metric ∥x∥2 ·max |w| yields the 482

best performance. While OCS slightly widens the 483

weight matrix, the memory overhead remains mod- 484
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Table 3: Ablation study on Llama 3.2-1b on w2a16 setting.

Block-wise Progressive Ocs Metric group size WikiText2 ppl Task avg Memory

- - - - 32 1.7e3 35.09 0.33GB
✓ - - - 32 31.88 40.87 0.33GB
✓ ✓ - - 32 24.60 43.26 0.33GB
✓ ✓ ✓ Kurtosis 32 22.43 43.69 0.36GB
✓ ✓ ✓ wmax 32 20.37 44.26 0.36GB
✓ ✓ ✓ xmax 32 19.07 44.30 0.36GB
✓ ✓ ✓ ||x||2 ·max |w| 32 17.07 45.18 0.36GB

✓ ✓ ✓ ||x||2 ·max |w| 64 30.26 40.66 0.34GB
✓ ✓ ✓ ||x||2 ·max |w| 128 38.92 38.60 0.32GB

Table 4: Evaluation of Mistral-7B under different quan-
tization methods

Mistral-7B
Bits Method C4 ppl Task avg

bfloat16 8.24 73.99

w8a16
OmniQuant 8.24 73.77
MatQuant 8.43 73.46
Bit-by-Bit (ours) 8.33 73.51

w4a16
OmniQuant 8.47 73.62
MatQuant 8.63 73.13
Bit-by-Bit (ours) 8.79 72.21

w2a16
OmniQuant 50.99 59.74
MatQuant 13.05 65.99
Bit-by-Bit (ours) 10.73 65.37

est (0.33GB→0.36GB). About the impact of group-485

size: using group-128 saves only 0.04GB of mem-486

ory but leads to a sharp degradation in performance487

where task accuracy falls from 45.18 to 38.60. Fur-488

thermore, we provide additional ablation results for489

the w2a2 configuration in Appendix E.490

4.5 Speed Measurement491

Modern GPU architectures are highly optimized492

for standard precision types (e.g., FP16, BF16)493

and specific integer formats (INT8/INT4). To494

address the lack of native 2-bit support on495

modern GPUs, we implement specialized high-496

performance CUDA kernels for W2A16 and W2A2497

GEMV operations.498

As shown in Fig. 6, the y axis represents the499

latency of a GEMV operation between an (1,K)500

input vector x and a (K,N) weight matrix W .501

The x axis denotes matrix shapes corresponding502

to Wdown and Wup from MLP layers of Llama 3.2-503

3B and Llama 3-8B. Results reported with ocs are504

measured on weight matrices that have been ex-505

panded to accommodate the additional channels506

𝟏𝟏. 𝟐×

Figure 6: Kernel latency of BIT-BY-BIT relative to na-
tive PyTorch and Marlin of Wup, Wdown.

introduced by the outlier splitting process. Notably, 507

in (4096, 14336) setting, our W2A2 implementa- 508

tion achieves a speedup of over 10× compared to 509

the native PyTorch FP16 baseline, the performance 510

overhead remains negligible with the inclusion of 511

OCS. Furthermore, for end-to-end inference on 512

Llama 3-8B, we reaches a decoding throughput of 513

76 tokens/s, representing a 1.5× speedup over the 514

49 tokens/s of Transformers baseline. Detailed im- 515

plementation of our custom kernels, performance 516

results and test setting are provided in Appendix F. 517

5 Conclusion 518

We introduced BIT-BY-BIT, a stable low bit QAT 519

framework integrating block-wise progressive pre- 520

cision schedule, a once-for-any-precision multi tar- 521

get objective, and rounding aware outlier-channel 522

splitting that preserves the quantized output while 523

shrinking rounding error. By treating low-bit train- 524

ing as a coarse to fine adaptation, it achieves stable 525

convergence and enables flexible multi-precision 526

deployment from a single trained model. 527
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Appendix 746

A Extended Discussion 747

A.1 The Use of Large Language Models 748

(LLMs) 749

A large language model was utilized for grammati- 750

cal and stylistic refinement of the manuscript. Its 751

role was strictly limited to text editing and pol- 752

ishing to enhance clarity. All research ideas, ex- 753

perimental design, and analytical content are the 754

original work of the authors. 755

A.2 Broader Impacts 756

Our work advances ultra-low-bit quantization of 757

large language models through a progressive train- 758

ing strategy with outlier channel splitting. By en- 759

abling stable training at 2-bit and below, Bit-by-Bit 760

reduces the memory footprint and computational 761

cost of LLMs by orders of magnitude. This im- 762

provement directly translates into lower inference 763

latency, reduced energy consumption, and smaller 764

carbon emissions, making the deployment of LLMs 765

more sustainable. 766

Beyond efficiency, democratization is another 767

key impact: with drastically reduced hardware re- 768

quirements, powerful LLMs become accessible to 769

a wider range of users and organizations, including 770

those with limited computing resources. This may 771

empower broader participation in AI research and 772

applications, bridging the gap between well-funded 773

institutions and smaller labs or industry players. 774

On the societal side, compressed LLMs can be 775

deployed in edge scenarios such as mobile devices, 776

offline environments, and privacy-sensitive settings, 777

expanding the reach of AI to education, healthcare, 778

and accessibility applications. However, lowering 779

the barriers to deployment also amplifies risks of 780

misuse, such as generating disinformation at scale 781

or enabling harmful applications on inexpensive 782

hardware. Mitigating these risks requires comple- 783

mentary safeguards, responsible governance, and 784

continued community awareness. 785

Overall, we believe our work contributes to the 786

ongoing effort of making LLMs greener, more 787

efficient, and more inclusive, while highlighting 788

the importance of balancing technological progress 789

with responsible use. 790

A.3 Limitations 791

While BIT-BY-BIT improves stability at ultra–low 792

bits, it has several limitations. (i) We observe larger 793

11



performance drops on the Qwen family, these mod-794

els appear harder to quantize, leading to greater795

quantization error, and a deeper analysis is left for796

future work. (ii) The block-wise training schedule797

is less friendly to distributed training than end-to-798

end schemes, requiring nontrivial load-balancing799

and communication engineering. (iii) We have not800

extensively explored direct end-to-end progressive801

training; its convergence behavior and trade-offs802

remain open. (iv) We have not explored directions803

include learning layerwise schedules and split ra-804

tios automatically, extending to MoE and longer-805

context inference (e.g., KV-cache quantization), in-806

tegrating hardware-aware mixed-precision search,807

and combining our training with lightweight distil-808

lation.809

A.4 Ethics statement810

We acknowledge and adhere to the ACL Code of811

Ethics. We have carefully considered the ethical812

implications of our research and paper submission.813

Our work does not involve human subjects, and814

it does not make use of data sets that could raise815

privacy or security concerns. We have ensured that816

our methodology and applications do not introduce817

or perpetuate harmful biases, and we have taken818

care to document our data sources and experimen-819

tal procedures to promote transparency and repro-820

ducibility. We have no known conflicts of interest821

or sponsorship to disclose.822

A.5 Reproducibility statement823

We are committed to providing sufficient detail for824

the academic community to reproduce the results825

presented in this paper. All experiments were per-826

formed on NVIDIA H800 GPU. We utilized the827

official implementations of all baseline methods828

where available, ensuring consistent environment829

configurations. Our evaluations were conducted830

on two major model families: the LLaMA series831

and the Mistral series. Performance was measured832

across seven standard benchmarks: Zero-Shot Rea-833

soning: PIQA, ARC-Easy, ARC-Challenge, Hel-834

laSwag, and Winogrande; Language Modeling:835

WikiText2 and the C4 test set. We took measures to836

align the training cost across all QAT approaches837

for an unbiased evaluation. - EfficientQAT was first838

subjected to the Block-AP stage, utilizing a 4096-839

sample RedPajama subset over 2 epochs, and then840

proceeded to the E2E stage using the entire Alpaca841

dataset. - For BitDistiller, knowledge distillation842

was performed on a 4096-sample Alpaca subset843

synthesized by the teacher model. - ParetoQ’s train- 844

ing budget was limited to 2 epochs, leveraging a 845

combined dataset comprising a 4096-sample Red- 846

Pajama subset and an equal-sized 4096-sample Al- 847

paca subset. Furthermore, because these QAT base- 848

lines were inherently weight-only, we customized 849

the activation quantization for each: EfficientQAT 850

used a dynamic quantizer, BitDistiller relied on 851

asymmetric clipping, and ParetoQ was equipped 852

with a 2-bit SEQ quantizer. We used a 4096-sample 853

subset of RedPajama in our Bit-by-Bit training 854

process. In the process of Weight-Only Quanti- 855

zation, we incorporated the splitting of 10% of 856

weight channels based on the metric at each step. 857

In the process of Weight-Activation Quantization, 858

we maintain the 10% channel splitting rule. 859

B Extended and detail Method 860

B.1 Different Progressive Strategies 861

B.1.1 Precision Progressive Strategies 862

(A) Weights→ Activations (claimed in method). 863

We first lower the weight precision to stabilize the 864

network under weight noise, and only then reduce 865

the activation precision: 866

(w8, a16) → (w4, a16) → (w2, a16) 867

→ (w2, a8) → (w2, a4) → (w2, a2). 868

(B) Activations→Weights. First lower the acti- 869

vation precision then reduce the weights precision: 870

(w16, a8) → (w16, a4) → (w16, a2) 871

→ (w8, a2) → (w4, a2) → (w2, a2). 872

(C) Alternating W/A. We interleave the bit re- 873

ductions of weights and activations: 874

(w8, a16) → (w8, a8) → (w4, a8) 875

→ (w4, a4) → (w2, a4) → (w2, a2). 876

(D) Cyclic Precision (Kim et al., 2022) Unlike 877

monotone schedules, cyclic precision alternates be- 878

tween (k+1)- and k-bit training before committing 879

to k-bit. The idea is to leverage the smoother loss 880

landscape of (k+1)-bit to recalibrate scales and 881

reduce STE bias, while gradually adapting to the 882

coarser k-bit lattice. A typical sequence is 883

(w16, a16)→(w3, a16)→(w2, a16)→ 884

(w3, a16)→(w2, a16) · · · → (w2, a2). 885

In practice, we first warm up from 8-bit down 886

to (k+2)-bit, then run several short cycles between 887
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(k+1) and k, and finally fine-tune at k-bit. This888

cyclic back-and-forth helps avoid representation889

collapse at ultra-low bits (e.g., 2-bit) by ensur-890

ing parameters remain quantizable on both lattices.891

While it introduces extra bit switches and hyperpa-892

rameters, it often improves stability compared to a893

one-shot drop.894

Empirical observations. We typically find895

Schedule (A) more stable (smoother loss/PPL de-896

cay, fewer divergence events), likely because it897

avoids simultaneous large shifts in both parame-898

ter and activation distributions. The alternating899

scheme can work but is more sensitive to optimizer900

and clipping hyperparameters and often requires901

longer warmup.902

B.1.2 Block-wise Progressive Strategy903

We adopt a stochastic, depth-aware curriculum over904

transformer blocks. Let the model have L blocks905

indexed from input to output as j = 1, . . . , L. At906

stage t (with target bit bt), we quantize only a sub-907

set St ⊆ {1, . . . , L}, sampled with a bias toward908

earlier blocks and with an increasing coverage over909

stages.910

Depth-biased sampling. Define a per-block sam-911

pling probability912

pj ∝ (L+ 1− j)α, α≥0,913

so earlier blocks (small j) are more likely to be se-914

lected. Given a stage-wise coverage ratio rt∈(0, 1],915

we sample |St| = ⌊rtL⌋ blocks without replace-916

ment according to {pj}.917

Bit schedule. We follow a high-to-low bit cur-918

riculum, e.g.,919

b1 = 8 → b2 = 4 → b3 = 2,920

and optionally apply the same scheme to activations921

after weights. The coverage ratio increases with t922

(e.g., rt linear or cosine from r1≈0.3 to rT =1.0).923

Notes. (1) Depth bias (α) and coverage growth924

(rt) control stability/speed; we find α∈ [0.5, 1] and925

linear rt robust. (2) This stochastic schedule avoids926

large simultaneous distribution shifts and is more927

kernel-friendly than fully per-step rebitting. (3) For928

a deterministic variant, select the first ⌊rtL⌋ blocks929

at each stage instead of sampling.930

Algorithm Block-wise Progressive Strategy

1: Input: blocks 1..L, stages t = 1..T , bits {bt},
ratios {rt}, bias α

2: for t = 1 to T do ▷ progressively lower
precision

3: Compute pj ∝ (L+1−j)α and sample St
with |St| = ⌊rtL⌋

4: for j = 1 to L do
5: if j ∈ St then
6: Quantize block j to bit bt; (others

stay at previous bit)
7: end if
8: end for
9: (Optional) apply OCS to top-rℓ channels

in selected blocks
10: QAT for a fixed budget (steps/epochs) with

short LR warmup
11: end for

B.2 Mixed-precision of down-projection 931

As observed by (Chen et al., 2025), the inputs to 932

the MLP down-projection (FC2 Proj) in Trans- 933

former blocks exhibit persistent activation outliers 934

(high kurtosis). Under ultra–low-bit W/A quanti- 935

zation (e.g., W2A2), these heavy tails dominate 936

the activation quantization error. To remove this 937

bottleneck, we adopt a layer-wise mixed-precision 938

scheme that raises the activation bit-width only for 939

outlier-dominated sites while keeping the rest of 940

the network at low precision. Concretely, we com- 941

pute per-layer activation kurtosis κ on a calibration 942

set and mark layers with κ > τ as outlier-sensitive; 943

for these layers we set w2a4 (with the same group- 944

wise scaling as elsewhere), while all remaining lay- 945

ers use w2a2. This targeted relaxation substantially 946

reduces activation quantization error—especially at 947

coarse group sizes—while incurring minimal over- 948

head and preserves the benefits of ultra–low-bit 949

quantization in the rest of the model. 950

B.3 LoRA for Distribution-Preserving 951

Progression 952

As illustrated in Fig. 4 (a), the higher-bit stage es- 953

tablishes a well-conditioned weight/activation dis- 954

tribution that serves as a strong initialization for 955

subsequent lower-bit stages. To preserve this distri- 956

bution while reducing precision progressively, we 957

insert low-rank adapters (LoRA) (Hu et al., 2022) 958

and restrict updates to these adapters rather than 959

the full quantized backbone. 960
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Concretely, when moving from bitwidth bt to961

bt+1 (bt+1 < bt), we freeze the backbone weights962

W (t) and optimize only a rank-r perturbation963

W (t+1) = W (t) + αA(t)B(t)⊤,964

A(t) ∈ Rd×r, B(t) ∈ Rk×r,965

with the forward pass quantized as966

W (t+1)
q = Qs(t+1)

(
W (t) + αA(t)B(t)⊤).967

To further stabilize the transition, we use a968

light distribution-matching regularizer that anchors969

first/second-order statistics of either weights or ac-970

tivations across stages, e.g.,971

Ldist =
∥∥µ(W (t+1)

q )− µ(W (t)
q )

∥∥
2

972

+λ
∥∥σ(W (t+1)

q )− σ(W (t)
q )

∥∥
2
,973

optionally combined with a KL term on layer ac-974

tivations. In practice we adopt small ranks (r ∈975

{4, 8}) and reinitialize adapters at each stage. This976

distribution-preserving LoRA update significantly977

mitigates representation drift and reduces instabil-978

ity at ultra-low bits (e.g., 2-bit), while cutting train-979

able parameters to a r(d+k)
dk fraction of full fine-980

tuning. After convergence, adapters are merged981

and requantized or discarded after re-estimating982

scales.983

B.4 Symmetric Microscaling via SEQ984

Our main pipeline uses asymmetric integers for985

simplicity, whereas microscaling formats (e.g.,986

MXFP4/NVFP4) favor symmetric payloads with987

zero-point fixed at 0. To avoid the 2-bit degener-988

ation to ternary under strict symmetric uniform989

grids, we adopt Stretched Elastic Quantization990

(SEQ) (Liu et al., 2025b), an LSQ-style amend-991

ment tailored for low-bit settings.992

WQ = α

(⌊
Clip

(
W
α ,−1, 1

)
· k2 −

1
2

⌋
+ 1

2

k

)
× 2,993

which places centers at half-integers; for b=2 the994

normalized levels are {−3
4 ,−

1
4 ,

1
4 ,

3
4}. Here α ∈995

FP8 is stored/rounded in FP8 per group, and ST ∈996

FP32 is shared per tensor. The dequantized values997

are998

Ŵ = ST ·WQ = ST α ·
(
n+ 1

2

)
999

n ∈
{
− k

2 , . . . ,
k
2 − 1

}
.1000

At b=2, the LUT becomes 1001

CSEQ-2b = ST α · {−1.5,−0.5, 0.5, 1.5}. 1002

This keeps a zero-point–free symmetric path, 1003

matches NVFP4’s FP8 group scale + FP32 master 1004

scale, and fully uses all four codes at 2-bit. 1005

B.5 Muon for Low-bit QAT: Training 1006

Dynamics 1007

We investigated whether the Muon (Liu et al., 1008

2025a; Park et al., 2025) optimizer can stabilize 1009

training dynamics in ultra–low-bit QAT. In our 1010

pipeline, the per-group scale and zero-point are 1011

computed online; thus the only trainable variables 1012

are the full-precision 2D weight matrices, while 1013

quantizer statistics are not explicitly optimized. 1014

Setup. We keep the learning-rate schedule, 1015

batch size, and clipping identical to the AdamW 1016

baseline, and apply STE for quantization with pro- 1017

gressive bit reduction. 1018

Observation. Across models and bit settings, 1019

Muon did not yield consistent gains over AdamW: 1020

convergence speed and final perplexity were com- 1021

parable or slightly worse, and we observed larger 1022

short-horizon oscillations near quantization thresh- 1023

olds in some layers. 1024

Possible causes (hypotheses). (i) Online rescal- 1025

ing induces non-stationary curvature that weakens 1026

Muon’s preconditioning benefits under STE noise; 1027

(ii) gradient signals are dominated by rounding dis- 1028

continuities at ultra–low bits, reducing the utility 1029

of curvature-aware updates; (iii) block/group-wise 1030

statistic updates interact with momentum, amplify- 1031

ing drift. 1032

Next steps. We will explore (a) using Muon 1033

only on LoRA adapters while freezing the back- 1034

bone; (b) scale-aware trust-region or gradient clip- 1035

ping around threshold crossings; (c) layer-wise 1036

Muon/AdamW hybrids. At present, Muon does 1037

not provide a clear advantage for our low-bit QAT 1038

setting. 1039

C Error Estimation for OCS 1040

To justify the efficacy of our Outlier Channel Split 1041

(OCS) strategy, we provide a formal error anal- 1042

ysis comparing our Rounding-aware (RA) split 1043

with a naive half split. Consider a selected outlier 1044

channel m with a weight row Wm: and an input 1045

activation xm. We decompose the weight into two 1046

branches with symmetric half-step offsets relative 1047
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to the (post-split) step size s:1048

Wm: −→ (W (1)
m: ,W

(2)
m: )1049

=
(Wm: − s/2

2
,
Wm: + s/2

2

)
.1050

By nearest rounding, Qs(W
(1)
m: ) + Qs(W

(2)
m: ) =1051

Qs(Wm:). Defining the rounding error function1052

as RoundErr(z) = Round(z) − z ∈ [−1
2 ,

1
2), the1053

resulting error εRA can be derived as:1054

εRA = xm

(
Qs(W

(1)
m: ) +Qs(W

(2)
m: )−Wm:

)
1055

= xm (Qs(Wm:)−Wm:)1056

= xm · s · RoundErr
(
Wm:

s

)
.1057

In contrast, a naive half split (Wm:/2,Wm:/2)1058

forces each branch to be quantized independently1059

without the benefit of offset cancellation. This1060

results in a cumulative error εnaive governed by a1061

coarser quantization scale 2s:1062

εnaive = xm

(
Qs

(
Wm:

2

)
+Qs

(
Wm:

2

)
−Wm:

)
1063

= xm

(
2 · s · Round

(
Wm:

2s

)
−Wm:

)
1064

= xm · 2s · RoundErr
(
Wm:

2s

)
1065

Hence E[|εRA|] = 1
2E[|εnaive|], implying a 4× re-1066

duction in MSE. Assuming the splitting operation1067

effectively halves the dynamic range such that the1068

new step size s ≈ sold/2, our RA split achieves1069

E[|εRA|] ≈ 1
2E[|εbase|], while the naïve split is even1070

with the baseline.1071

Table 5: Performance comparison on complex rea-
soning and instruction following capabilities (GSM8k,
MathQA, MMLU, and IFEval)

Precision Gsm8k MathQA Mmlu Ifeval

Llama2-13B FP16 0.22 0.32 0.52 0.18
BIT-BY-BIT w2a16 0.20 0.32 0.50 0.17
BIT-BY-BIT w2a2 0.11 0.29 0.40 0.16

Qwen2.5-7B FP16 0.80 0.43 0.71 0.28
BIT-BY-BIT w2a16 0.77 0.42 0.70 0.28
BIT-BY-BIT w2a2 0.75 0.38 0.70 0.27

Qwen2.5-14B FP16 0.84 0.52 0.77 0.32
BIT-BY-BIT w2a16 0.84 0.51 0.75 0.30
BIT-BY-BIT w2a2 0.81 0.50 0.75 0.30

D Results on advanced reasoning and1072

instruction following dataset1073

Table 5 presents the evaluation results on advanced1074

reasoning and instruction-following benchmarks,1075

including GSM8k, MathQA, MMLU, and IFE- 1076

val. The Qwen2.5 family significantly outperforms 1077

Llama2-13B across all metrics, demonstrating su- 1078

perior mathematical reasoning and general knowl- 1079

edge capabilities. notably, Qwen2.5 models ex- 1080

hibit remarkable robustness to quantization. While 1081

Llama2-13B suffers a severe performance drop in 1082

the w2a2 setting (e.g., GSM8k score halving from 1083

0.22 to 0.11), the Qwen2.5-14B maintains near- 1084

lossless performance, dropping only from 0.84 to 1085

0.81. This indicates that the newer architecture 1086

is much more resilient to low-bit quantization in 1087

complex reasoning tasks. 1088

E Ablation Study on W2A2 Setting 1089

To further validate the robustness and scalability of 1090

the Bit-by-Bit framework under extreme quantiza- 1091

tion regimes, we provide a complementary ablation 1092

analysis under the W2A2 (2-bit weight, 2-bit ac- 1093

tivation) setting. For these experiments, we train 1094

each configuration for only one epoch to facilitate 1095

rapid analysis. The results, including WikiText2 1096

and C4 perplexity (PPL), are summarized in Ta- 1097

ble 6. 1098

Effectiveness of Progressive Strategy. As 1099

shown in Table 6, the baseline model without any 1100

of our proposed components fails to converge, re- 1101

sulting in a catastrophic perplexity (e.g., 2 × 105 1102

on WikiText2). While the introduction of block- 1103

wise optimization reduces the error, the perplexity 1104

remains unusable at 1441.9. Crucially, the addition 1105

of our progressive training strategy brings the 1106

WikiText2 PPL down to 42.2, representing a mas- 1107

sive improvement in stability. This confirms that 1108

for ultra-low bit-widths like W2A2, the smooth op- 1109

timization trajectory provided by the nested lattice 1110

structure is indispensable. 1111

Comparison of Outlier Metrics. We examine 1112

several metrics for identifying outlier channels 1113

for OCS. In the W2A2 regime, we observe that 1114

activation-based metrics are particularly effective. 1115

While the weight-only metric (wmax) achieves 1116

36.75 PPL, the activation-centric metric xmax 1117

yields better robustness (32.34 PPL). This suggests 1118

that as activation precision drops to 2-bit, captur- 1119

ing and splitting activation outliers becomes more 1120

critical than in weight-only quantization. The joint 1121

metric ∥x∥2 ·max |w| also performs competitively 1122

at 32.48 PPL. 1123
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Table 6: Ablation study on LLaMA-3.2-1B under the W2A2 setting. All models are trained for one epoch. “-”
indicates the component is disabled.

Block-wise Progressive Ocs Metric Calibration group size WikiText2 ppl C4 ppl

- - - - - 32 2.0e5 1.0e6
✓ - - - - 32 1441.9 4592.8
✓ ✓ - - - 32 42.2 120.2
✓ ✓ ✓ Kurtosis WikiText2 32 41.8 127.4
✓ ✓ ✓ wmax WikiText2 32 36.75 97.66
✓ ✓ ✓ ∥x∥2 · |w| WikiText2 32 32.48 79.95
✓ ✓ ✓ xmax WikiText2 32 32.34 76.79

✓ ✓ ✓ xmax RedPajama 32 31.82 72.63
✓ ✓ ✓ xmax C4 32 32.18 74.21
✓ ✓ ✓ xmax WikiText2 64 121.87 534.78
✓ ✓ ✓ xmax WikiText2 128 261.28 1191.11

Impact of Calibration and Group Size. Our1124

analysis of calibration sets shows that using a sam-1125

pled RedPajama subset yields the best alignment1126

(31.82 PPL), likely due to its distribution being1127

well-aligned with the data used during QAT. Re-1128

garding granularity, the W2A2 setting is highly sen-1129

sitive to the group size. Increasing the group size1130

from 32 to 128 leads to a sharp performance degra-1131

dation, with WikiText2 PPL surging from 32.341132

to 261.28. This underscores the necessity of fine-1133

grained microscaling (e.g., group size 32) to main-1134

tain accuracy when both weights and activations1135

are heavily quantized.1136

F Implementation details and More1137

Results on GEMV1138

This appendix provides low-level implementation1139

details for our custom W2A2 GEMV kernel and1140

the W2A16 kernel based on the Marlin framework,1141

together with the exact test settings used in our1142

evaluation. We focus on the matrix-vector multi-1143

plication (GEMV) case during the decode stage,1144

where a single activation vector multiplies a weight1145

matrix:1146

y = xW where x ∈ R1×K , W ∈ RK×N1147

F.1 GEMV kernel Implementation1148

F.1.1 W2A2 GEMV kernel1149

Bit packing format and unpack with lop3. To1150

maximize memory throughput, we store both1151

weights and activations in a 2-bit packed format.1152

Concretely, four 2-bit values are encoded into a1153

single byte (int8).1154

We unpack packed 2-bit values into int8 lanes us- 1155

ing a lightweight routine based on the lop3.b32 in- 1156

struction, processing four elements per instruction. 1157

This significantly reduces the cost of unpacking in 1158

the W2A2 kernel. 1159

Compute core: DP4A accumulation After un- 1160

packing, we compute dot products using integer 1161

SIMD instructions. Specifically, we use dp4a to 1162

accumulate products into an 32-bit accumulator 1163

before applying scaling and writing bf16 outputs. 1164

This design keeps the compute pipeline lightweight 1165

while matching the packed 2-bit data layout. 1166

F.1.2 W2A16 GEMV kernel 1167

Our W2A16 kernel is built upon the Marlin frame- 1168

work, extending its optimized tiling and coalescing 1169

strategies to 2-bit regimes. The implementation 1170

stages activation and packed-weight tiles through 1171

shared memory with asynchronous copy, performs 1172

on-the-fly dequantization, and uses tensor-core 1173

MMA to accumulate in FP32 before applying per- 1174

column scales and writing FP16 outputs. 1175

F.2 Test setting and more results 1176

Test setting. Our GEMV kernel is fully written 1177

in CUDA 12.1 and compiled for NVIDIA Ada 1178

GPUs. All performance evaluations are conducted 1179

on a single NVIDIA RTX 4090 GPU. During our 1180

performance evaluations, we generate weights (W) 1181

and activations (A) corresponding to the designated 1182

low-bit precisions while keeping the effective com- 1183

pute shape identical across methods. Taking W2A2 1184

as an example, we sample 2-bit weights and acti- 1185

vations as integer tensors with values in {0,1,2,3}, 1186
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Table 7: Latency comparison for weight matrices ap-
pearing in the decode layers of LLaMA models.

Model Shape (N,K) W2A2 (µs) BF16 (µs)

Llama3.2-3B (1024, 3072) 8.93 6.45
(3072, 3072) 8.64 16.04
(3072, 8192) 8.70 32.80
(8192, 3072) 8.94 20.76

Llama3-8B (1024, 4096) 8.58 6.87
(4096, 4096) 8.64 29.73

(4096, 14336) 11.56 133.49
(14336, 4096) 11.50 131.29

Llama3-70B (1024, 8192) 9.34 8.57
(8192, 8192) 9.02 150.15

(8192, 28672) 18.62 509.98
(28672, 8192) 19.39 516.95

Table 8: Throughput comparison on Llama3-8b

Sequence Length BF16 (tokens/s) W2A2 (tokens/s)

64 49.02 76.59
128 48.85 75.13
256 48.59 74.97
512 47.87 74.17

and bit-pack them into a byte-packed 2-bit repre-1187

sentation (i.e., four 2-bit values are stored in one1188

byte) to form the packed activation/weight buffers1189

before launching the custom kernel. For each con-1190

figuration, we run the kernel 50 times and report1191

the average latency. As a baseline, we time bf161192

GEMV using torch.matmul with matched shapes.1193

Results on more shapes. We benchmark a col-1194

lection of (N,K) shapes corresponding to projec-1195

tion layers in Llama3 family models. There are1196

seven linear weight matrices: Wdown, Wup, Wgate1197

in the MLP layer, and Wq, Wk, Wv, Wo in the1198

self-attention layer. Although there are seven dis-1199

tinct weights, they only instantiate four unique ma-1200

trix shapes. Specifically, Wk and Wv share the1201

same shape, Wq and Wo have identical shapes,1202

and Wup and Wgate also share the same dimen-1203

sions, resulting in four distinct shapes in total when1204

including Wdown.1205

Table 7 reports kernel latency for these four rep-1206

resentative shapes across Llama 3.2-3B, Llama 3-1207

8B and Llama3-70B models. For matrices with rel-1208

atively small output dimensions (e.g., N = 1024),1209

W2A2 exhibits slightly higher latency compared to1210

the bf16 baseline. This behavior is primarily due to1211

fixed CUDA kernel launch overheads and the extra1212

bit-level work required to unpack 2-bit operands,1213

which dominate execution time in these regimes.1214

In contrast, for larger models and FFN-expanded1215

shapes with large output dimensions, the workload 1216

exposes more parallelism, allowing W2A2 to bet- 1217

ter amortize launch overheads. The acceleration 1218

effect becomes significantly pronounced, exceed- 1219

ing 10× speedup in some cases. Furthermore, as 1220

table 8 shows, we evaluate the end-to-end decoding 1221

performance on the LLaMA3-8B model to demon- 1222

strate the practical efficacy of W2A2 in inference 1223

scenarios. Inference Speed (tokens/s) is calculated 1224

as: 1225

Speed =
tokensprompt + tokensgeneration

time
1226

We use a batch size of 1 and the minimum number 1227

of GPUs possible for evaluation. The speed is 1228

averaged over three runs. 1229
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