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Symmetric and Asymmetric Binarization

sign 𝑥 = ቊ
+1, if 𝑥 ≥ 0,
−1,  others.

𝐖𝑏 = 𝛼 ⋅ sign(𝐖𝑓)

𝐖𝑏 = 𝛼 ⋅ sign 𝐖𝑓 − 𝜇 + 𝜇

sym.

asym.

• Typically, we define 𝜇 = mean(𝐖𝑓).

• Let 𝐁 = sign 𝐖𝑓 − 𝜇 , ෩𝐖 = 𝐖𝑓 − 𝜇.

• Objective of Binarization:

arg min
𝛼,𝐁

෩𝐖 − 𝛼𝐁
𝑭

𝟐

• Least square solution for the scaling factor:

𝛼 = 𝐁⊤𝐁 −1𝐁⊤ ෩𝐖

• Typically, for row-wise binarization (also referred to as per-channel binarization), we have

𝛼 =
1

𝑚
𝐁⊤ ෩𝐖, where 𝐁 ∈ ℝ𝑚
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Binarization alone row-column axes

sign 𝑥 = ቊ
+1, if 𝑥 ≥ 0,
−1,  others.

𝐖b = 𝛼r𝛼𝑐
T ⋅ sign(𝐖f)

• Here, we assume symmetric quantization, so we define 𝜇 = 0.

• Let 𝐁 = sign 𝐖𝑓 .

• Objective of Binarization:

arg min
𝛼r,𝛼c,𝐁

෩𝐖 − (𝛼r𝛼c
T)⨀𝐁

𝐅

𝟐

• Typically, for Binarization alone row-column axes, we have

𝛼𝑟 =
1

𝑚
𝐁⊤ ෩𝐖, where 𝐁 ∈ ℝ𝑚

𝛼c =
1

n
𝐁⊤(diag(𝛼r)−1 ෩𝐖), where 𝐁 ∈ ℝn
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A toy example

𝐖𝑓 𝐖𝑏

binarize

𝐁

𝐑 = 𝐖𝑓 − 𝐖𝑏

residual / loss

𝛼c

𝛼r

𝐑 ≠ 0，Higher-order Binarization is required 

to further minimize the quantization error!
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1st-order and knd-order Binarization

• Definition
• 1st-order binarization: ෡𝐖 = (𝛼r𝛼c

T)⨀𝐁

• knd-order binarization: ෡𝐖 = σ(𝛼r,k𝛼c,k
T )⨀ 𝐁𝐤

• Optimization

• 1st-order binarization: 𝐁 = sign 𝐖f , 𝛼𝑟 =
1

m
𝐁⊤ ෩𝐖, and 𝛼c =

1

n
𝐁⊤(diag(𝛼r)−1 ෩𝐖)

• knd-order binarization: how to obtain the optimal 𝛼r,1, 𝛼r,k, 𝛼c,1, 𝛼c,k, 𝐁𝟏, and 𝐁𝐤?

• Objective of Binary Residual Approximation:

arg min
𝛼r,1,𝛼c,1,𝐁𝟏

𝐖 − (𝛼r,1𝛼c,1
T )⨀𝐁𝟏 𝐅

𝟐
, arg min

𝛼r,k,𝛼c,k,𝐁𝐤

𝐑𝐤−𝟏 − (𝛼r,k𝛼c,k
T )⨀𝐁𝐤 𝐅

𝟐

where 𝐑𝟎 = 𝐖, 𝐑𝐤 = 𝐑𝐤−𝟏 − (𝛼r,k𝛼c,k
T )⨀𝐁𝐤.

For outliers, it's more accurate 
but uses more memory.
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LLaDA
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Dream



Introduction

Observation

1. Static calibration creates a distribution mismatch with the dynamic masked activations of diffusion LLMs.

2. The optimization of binarization parameters 𝛼𝑟 and 𝛼c does not adequately reflect the real-world 

scenario, as it does not account for the input data 𝐗.

3. Uniform bit-width allocation ignores the column-wise clustering of highly salient weights.

Solution

1. Masked Calibration Simulation (MCS): To reduce the distribution mismatch, MCS generates timestep-aware, 

partially visible calibration inputs that mirror the model's native diffusion denoising process.

2. Data-aware Any-order Quantizer (DAQ): To incorporate input data 𝐗, DAQ optimizes a data-aware objective 

that directly minimizes output activation error.

3. Adaptive Blockwise Mixed Precision (ABMP): To address uneven salience, ABMP calculates block-wise 

importance scores to dynamically assign mixed precision.
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Overview
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Masked Calibration Simulation (MCS)

Conventional PTQ calibration assumes:

• Autoregressive activations.

• Fully visible tokens.

• Static token distribution.

In diffusion LLM:

• Token visibility depends on timestep.

• Activation distribution changes over 

denoising steps.

distribution mismatch

simulate the timestep-dependent masking pattern
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Masked Calibration Simulation (MCS)

• Pseudocode of Masked Calibration Simulation
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Data-aware Any-order Quantizer (DAQ)

• Knd-order binarization

• knd-order binarization: ෡𝐖 = σ(𝛼r,k𝛼c,k
T )⨀ 𝐁𝐤

• Quantization Error

• weight-activation: ℒ2 = 𝐖𝐗 − ෡𝐖𝐗
𝐹

2
, where 𝐗 ∈ ℝ𝐵×𝐿×𝑚 is a small calibration set.

• Reformulation of 𝓛𝟐

• Let 𝐒 = σ𝑏 𝐗𝑏
⊤𝐗𝑏 and 𝐑 = 𝐖 − ෡𝐖, where 𝐒 ∈ ℝ𝑚×𝑚.

• Then ℒ2 = 𝐖𝐗 − ෡𝐖𝐗
𝐹

2
= 𝐒, 𝐑⊤𝐑 𝐹 = Tr(𝐑𝐒𝐑⊤).

• Consider MCS
• Then ℒ2 = Tr((𝐖 − ෡𝐖)𝐒MCS(𝐖 − ෡𝐖)⊤).

S𝐗
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Data-aware Any-order Quantizer (DAQ)

• Data-aware Objective Reformulation (DOR)

• Quantization error is not uniformly distributed but concentrates on a small, critical subset 

of weights.

• Importance matrix 𝐙 ∈ ℝn×m = 𝐖𝐃−1 ⊙ 𝐖𝐃−1 , where 𝐃 = diag (𝐒MCS+γ𝐈)−1 .

• Then standardize ෨𝐙 = (𝐙 − μ) ⊘ σ.

• Importance mask 𝚲 = 𝟏 + λ − 1 𝚷, where 𝚷 = 𝐈(|෨Z| > 3).

• Reformulation of ℒΛ

• ℒΛ = 𝚲 ⊙ (𝐖 − ෡𝐖)
𝐹

2
= 𝚲 ⊙ (𝐖 − σ(𝛼r,k𝛼c,k

T )⨀ 𝐁𝐤)
𝐹

2
.
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Data-aware Any-order Quantizer (DAQ)

• Row-column Successive Re-scaling (RSR)

⓪ Initialize

𝐁 ≔ sign(𝐖)

𝛼𝑟 =
1

𝑚
𝐁⊤ ෩𝐖, where 𝐁 ∈ ℝ𝑚

𝛼c =
1

n
𝐁⊤(diag(𝛼r)−1 ෩𝐖), where 𝐁 ∈ ℝn

① Re-scale row factor:

𝛼𝑟 ←
(𝚲2 ⊙ 𝐖 ⊙ 𝐁)αc

𝚲2 diag αc αc + ε𝐈

② Re-scale column factor:

𝛼𝑐 ←
(𝚲2 ⊙ 𝐖 ⊙ 𝐁)T αr

𝚲2 diag αr αr + ε𝐈

𝝏𝓛𝚲

𝝏𝜶𝒓
= 𝟎

𝝏𝓛𝚲

𝝏𝜶𝒄
= 𝟎

Su
cc

es
si

ve
 

R
e-

sc
al

in
g

ℒΛ = 𝚲 ⊙ (𝐖 − (αrαc
T) ⊙ 𝐁)

F

2
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Data-aware Any-order Quantizer (DAQ)
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Adaptive Blockwise Mixed Precision (ABMP)
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Q&A Datasets
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Mathematical & Scientific Reasoning



Experiments

19

Ablation Study

a) Effectiveness of our Masked 

Calibration Simulation.

b) Effectiveness of Adaptive 

Blockwise Mixed Precision.

c) Both Data-aware Objective 

Reformulation and Row-

column Successive Re-scaling 

can improve the performance.

d) Quant-dLLM remains stable 

across varying calibration set 

sizes.
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More Result
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Memory

• Compressed Memory

• Quant-dLLM achieves the smallest model size 

among all schemes, thanks to the memory-

efficient row–column scaling factor design.
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Contribution

• We propose Quant-dLLM , a novel post-training extreme low-bit quantization framework 

for dLLMs.

• We present Masked Calibration Simulation, reducing the distribution mismatch of calibration.

• We introduce Data-aware Any-order Quantizer, including Data-aware Objective Reformulation 

(DOR) and Row-column Successive Re-scaling (RSR). 

• We propose Adaptive Blockwise Mixed Precision, concentrating representational capacity on 

the most critical model components.

• Quant-dLLM outperforms SOTA 2-bit PTQ methods while requiring less memory.

Thanks!
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