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Abstract. Diffusion models have demonstrated significant applications
in the field of image generation. However, their high computational and
memory costs pose challenges for deployment. Model quantization has
emerged as a promising solution to reduce storage overhead and acceler-
ate inference. Nevertheless, existing quantization methods for diffusion
models struggle to mitigate outliers in activation matrices during in-
ference, leading to substantial performance degradation under low-bit
quantization scenarios. To address this, we propose HQ-DM, a novel
Quantization-Aware Training framework that applies Single Hadamard
Transformation to activation matrices. This approach effectively reduces
activation outliers while preserving model performance under quanti-
zation. Compared to traditional Double Hadamard Transformation, our
proposed scheme offers distinct advantages by seamlessly supporting INT
convolution operations while preventing the amplification of weight out-
liers. For conditional generation on the ImageNet 256 x 256 dataset using
the LDM-4 model, our W4A4 and W4A3 quantization schemes improve
the Inception Score by 12.8% and 467.73%, respectively, over the existing
state-of-the-art method.

Keywords: Model Quantization - Single Hadamard Transformation -
Diffusion Models

1 Introduction

In recent years, deep generative models have exhibited remarkable capabilities
across multiple modalities, including image [15}26,27], speech [20}24,31], and
text [2,34]. Among them, diffusion models [1227] have emerged as a mainstream
generative framework due to their superior generative quality and stable train-
ing dynamics. However, the generation process of diffusion models relies on an
iterative, multi-step denoising sampling procedure [12], resulting in prolonged
inference latency and high memory consumption that hinder their deployment
in real-time or resource-constrained scenarios.
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Fig. 1: Overview diagram of the HQ-DM distillation framework, illustrating the ap-
plication of Single Hadamard transformation before activation quantization to reduce
outliers, followed by hardware-efficient implementation of matrix multiplication and
convolution operations using quantized integer matrices.

Model quantization is an effective model compression method that
maps high-precision numerical values to low-bit representations, thereby achiev-
ing significant memory savings and computational acceleration. Existing quanti-
zation approaches are typically categorized into two types: Post-Training Quan-
tization (PTQ) and Quantization-Aware Training (QAT) [44]. PTQ
performs offline discretization of weights and activations after training, offering
ease of deployment and low implementation cost, but it may suffer from no-
table accuracy degradation in complex generative tasks. In contrast, QAT I@,@
introduces quantization noise during training, enabling the model to adapt to
low-precision arithmetic through gradient-based optimization, thereby achieving
a more favorable balance between model accuracy and quantization efficiency.

Nevertheless, applying quantization techniques directly to diffusion models
presents significant and unique challenges. Unlike traditional classification or
generative tasks, the activations of the noise prediction network in diffusion mod-
els exhibit strong non-stationarity during the multi-step denoising process: the
scale of input noise, feature structures, and statistical properties vary substan-
tially across timesteps, leading to continuously shifting activation distributions
throughout sampling . Moreover, the prevalent long-tailed and outlier
characteristics in diffusion models further enlarge the activation dynamic range,
making them susceptible to significant clipping and rounding errors under low-bit
quantization . More critically, these errors accumulate over multiple denoising
steps, resulting in cumulative and amplified degradation of generation quality.
Consequently, the non-stationary and outlier behaviors of activations constitute
the key bottlenecks that hinder accurate quantization of diffusion models, calling
for systematic solutions to mitigate their impact.

Several recent studies have begun to explore the challenges of temporal quan-
tization in diffusion models. For instance, Li et al. identified the issues of tem-
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poral variation in activation distributions and the accumulation of quantization
errors, and proposed a timestep-aware calibration mechanism to mitigate perfor-
mance degradation in PTQ. Similarly, So et al. |[32] further analyzed how tempo-
ral activation dynamics influence quantization interval selection. EfficientDM [9)
introduced a LoRA-based distillation scheme to effectively enhance quantized
model performance, thereby bringing efficient quantization-aware training into
diffusion model quantization. However, due to the lack of further methods to
handle activation outliers, existing approaches still suffer from significant per-
formance degradation under low-bit quantization.

Hadamard transformation is an orthogonal transformation capable of map-
ping outliers into another linear space, a property that can be leveraged to
address the issue of activation outliers that hinder quantization [1}/39]. Specifi-
cally, QuaRot [1] introduces the Hadamard transformation into PTQ for LLMs,
yet the adjustment of quantization factors following this transformation remains
relatively under-explored. Xi et al. [39] incorporate the Hadamard transforma-
tion into quantization-aware training but do not account for the optimization
of time-step-dependent quantization factors. Moreover, due to its adoption of
the Double Hadamard Transformation, it lacks support for integer convolution
computation modules, and the offline-generated Hadamard-transformed weight
matrices amplify quantization errors.

To tackle these challenges, this paper introduces a Single Hadamard
Transformation-Based Quantization-Aware Training (QAT) method for diffusion
models, which mitigates outlier effects via the Hadamard transformation and in-
tegrates LoRA-based weight fine-tuning with timestep-wise learnable quantiza-
tion factors. This design significantly alleviates the accumulation of quantization
errors under data-free fine-tuning conditions. Experimental results show that our
method substantially improves generation quality at the W4A4 / W4A3 quan-
tization level, demonstrating its practicality and strong generalization potential
for diffusion model quantization. Overall, the main contributions of this paper
are summarized as follows:

(1) We introduce a Single Hadamard Transformation-based distillation frame-
work that reduces activation outliers prior to quantization through Hadamard
transformation, thereby enhancing diffusion model performance under low-bit
quantization settings.

(2) We propose the Single Hadamard Transformation, which is more
implementation-friendly than conventional approach. This transformation ad-
dresses two critical limitations of the conventional Hadamard transformation:
its incompatibility with integer (INT) convolution operations and its tendency
to generate additional outliers in weight matrices during computation.

(3) HQ-DM demonstrates exceptional performance across multiple datasets
and models, surpassing existing SOTA methods, particularly in low-bit activa-
tion quantization scenarios. Under W4A3 quantization with the LDM-4 model
on ImageNet 256 x 256, HQ-DM achieves a 467.73% improvement on IS score,
while under W4A4 quantization it delivers a 12.8% enhancement on IS score
compared to EfficientDM.
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2 Related Work

Quantization of Diffusion Models. Diffusion models represent a class of
generative models that learn data distributions through a progressive denoising
process, typically formulated as a Markov chain that gradually transforms ran-
dom noise into structured samples. Recently, quantization has been extended to
diffusion models to reduce their prohibitive computational and memory over-
head. Early PTQ-based approaches such as PTQ4DM [30] and Q-Diffusion [1§]
leverage data-free calibration by extracting intermediate activations from the de-
noising process. More advanced methods, including PTQD [10], TFMQ-DM [14]
and APQ-DM |35], enhance quantization precision through improved calibration
and temporal feature modeling. However, PTQ-based strategies still exhibit se-
vere performance drops at 4-bit or lower precision due to activation outliers
and the non-stationary feature dynamics across timesteps. To address this issue,
QAT-based methods like EfficientDM [9] and QUEST [36] incorporate fine-tuning
to recover generation quality under low-bit settings. Despite the advancements
achieved by these works in diffusion model quantization, these quantization
schemes lead to severe performance degradation under lower-bit quantization
scenarios.

Activation Outliers and Smoothing Techniques for Model Quan-
tization. Post-training quantization (PTQ) is an effective approach to reduce
model size and inference cost without retraining. However, neural activations of-
ten follow heavy-tailed distributions, where a few large-magnitude outliers dom-
inate the tensor range and severely degrade quantization accuracy [38|. Early
works mitigate this by clipping or architectural transformations such as Outlier
Channel Splitting (OCS) [43], while recent methods for large models introduce
algebraically equivalent scaling to smooth activation distributions without re-
training. Notably, SmoothQuant [40] migrates quantization difficulty from ac-
tivations to weights via scaling, proving that explicit outlier handling is the
key to achieving low-bit quantization. Diffusion models exhibit more complex
outlier behaviors: activation statistics vary significantly across timesteps, and
quantization errors can accumulate during iterative denoising. To address this,
diffusion-specific PTQ methods introduce timestep- or layer-aware smoothing
mechanisms. DMQ [17] analyzes outlier sources in diffusion networks and applies
diffusion-aware transformations to suppress extreme activations, while MPQ-
DM |[7] leverages mixed-precision allocation guided by outlier statistics to main-
tain quality under ultra-low-bit settings. Overall, these studies demonstrate that
timestep-adaptive outlier smoothing—through equivalent scaling or precision al-
location—is essential for stable and accurate quantization of diffusion models.

QuaRot [1] introduces Hadamard transformation into Post-Training Quanti-
zation (PTQ) for large language models to mitigate outliers and enhance model
performance under low-bit quantization. Similarly, Xi et al. [39] incorporate the
Hadamard transformation into the training framework of large models to re-
duce outliers and improve performance. However, these works do not optimize
time-step-dependent quantization factors as training objectives. Moreover, the
proposed Double Hadamard Transformation suffers from two critical limitations:
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Fig.2: Channel-wise analysis of outlier distribution in activations from the in-
put_block, middle block and output block layer at timestep 0, comparing before
and after Hadamard Transformation states. Given that the minimum abs value of each
channel in the matrix is zero, the maximum value of each channel can be considered
as the outlier for that channel.

incompatibility with integer-based convolution operations and the introduction
of additional outliers in weight matrices, thereby hindering its effective applica-
tion in diffusion models.

3 Background

Diffusion Model Diffusion Models (DMs) learn to reverse a gradual noising
process, transforming a simple Gaussian prior into complex data distributions
through iterative denoising [1227]. Formally, the forward diffusion process pro-
gressively adds Gaussian noise to a clean data sample zy over T timesteps:

q(z¢ | me—1) = N(24;1/1 — Br i1, Be]) (1)

where (; controls the noise variance at each timestep. During training, a
denoising network eg (¢, t) is optimized to predict the added noise by minimizing
the simplified objective:

»Csimple = Emg,t,e “|€ - 69(@!&) + v 1- Qi €, t)Hz:I (2)

where a; = H§=1(1 — Bi). To accelerate sampling, several variants have been
proposed. DDIM introduces deterministic sampling to reduce inference steps,
while Latent Diffusion Models (LDMs) [27] perform diffusion in a compressed
latent space, greatly improving efficiency.

Model Quantization Quantization refers to the process of mapping high-
precision numbers to low-bit representations. A typical quantization method is
linear mapping quantization, which maintains a stable quantization step size and
uniformly maps values within the dynamic range to integer numbers. The for-
mula for symmetric quantization from floating-point numbers to N-bit integers
is as follows:

X ~
X, = clawp (| 32| minmas ) X =8 X 3)
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where | -] represents the rounding function, and clamp denotes truncation within
the integer range representable by N-bit precision. S represents the quantization
scale factor, which is a trainable parameter in this paper. Asymmetric quanti-
zation involves adding an offset (zero-point) after dividing X by the scale factor
S, which alters the dynamic range of the value distribution. To overcome the
non-differentiability of the rounding and clamping functions during the QAT
process, we adopt the Straight-Through Estimator (STE) convention:

8Rognd(x) _1 dClamp(x) S A— (4)
x ox

Outliers hold significant implications in model quantization, referring to large
values that substantially exceed the magnitude of other values. Due to the pres-
ence of these outliers, it becomes challenging to simultaneously preserve infor-
mation from both normal values and outliers after quantization, consequently
leading to substantial performance degradation in low-bit quantization scenarios.
Compared to weight values, activations typically exhibit more frequent occur-
rences of outliers [4,[38/41]. Therefore, to maintain model performance under
low-bit quantization, it is crucial to mitigate the impact caused by these outlier
values.

Hadamard Transformation An orthogonal matrix is defined as a real square
matrix Q satisfying QQT = I. The linear transformation corresponding to an
orthogonal matrix preserves both vector lengths and angles between vectors,
making it particularly suitable for performing linear transformations on matrices.
A Hadamard matrix represents a special class of orthogonal matrices, satisfying
the following recurrence relation:

1 |:Hk—1 Hk_l} (5)

Hy=1[1], Hpy=—
o =1l T2 Hion —Hy
The matrix Hy, is of size 2% x 2% and possesses both orthogonality and rotational
symmetry. Consequently, it satisfies

HH =1 and H, =H] (6)
It can be observed that the orthonormal Hadamard matrix is defined as
H, =27 %2 Hp (7)

where H}* is the unnormalized Hadamard matrix with all entries in {41, —1}.
This decomposition is crucial for integer-only quantized inference, ensuring that
the matrix multiplication after transformation can be performed entirely within
integer arithmetic. For any matrix-vector multiplication of the form Hyx, the
computational complexity is O(k-2*) operations. The Hadamard transformation
is a linear transformation that uses a Hadamard matrix as its transform kernel.

The order k of the base Hadamard matrix Hy, is directly related to its outlier-
diffusion capability: larger k leads to stronger diffusion of dominant outliers
across all coordinates. Fundamentally, the Hadamard transformation maps input
vectors into a linear subspace with fewer extreme values, thereby significantly
improving model performance under low-bit quantization.
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Fig. 3: Schematic diagrams of Single Hadamard Transformation (a) and Double
Hadamard Transformation (b). The key distinction lies in whether the offline Hadamard
transformation is applied to the weights.

4 Method

In the context of low-bit quantization for diffusion models, we employ the Hadamard
transformation to suppress outliers and thereby enhance model performance un-
der aggressive quantization. In this section, we present our Hadamard-based
LoRA fine-tuning framework—termed HQ-DM (Single Hadamard Transformation-
Based Quantization Aware Training on Diffusion Models)—which applies quan-
tization to both activations and weights, as illustrated in Figure

4.1 LoRA-based Distillation

Inspired by EfficientDM [9], we retain the LoRA-based distillation framework.
The core idea of Low-Rank Adaptation (LoRA) is to freeze the original pre-
trained weight and only train a pair of low-rank update matrices that are adapted
to it [5L13]. This strategy drastically reduces the number of trainable parameters
while preserving a sufficiently expressive parameter space, as the adaptation
is concentrated on the dominant principal components of the weight updates.
Formally, consider a linear transformation Y = X - W, where X € R7*% and
W € RE*C_ Under LoRA, the adapted weight matrix becomes

W =W+B-A (8)

where B € RY*" and A € R"*% are trainable low-rank matrices with r <
min(C;, C,). In the distillation process, at denoising timestep ¢, the same noisy
input x; is fed into both the full-precision (FP) teacher model and the quantized
student model, and the mean squared error (MSE) between their outputs is
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Fig. 4: Comparison of max absolute value, kurtosis, and outlier ratio (values exceeding
30) before and after Hadamard transformation on output_blocks0.attn2.k.weight in
LDM-4. “Original” corresponds to the Single Hadamard Transformation (no weight
transformation), while “Hadamard” denotes the Double Hadamard Transformation.

minimized:
Lo = Ext lewp (xe,6) = cquant (51, £) ] 9)

Prior work has shown that in diffusion models, the activation distributions vary
significantly across timesteps. To address this, LSQ [6[9] introduces timestep-
aware quantization scales and optimizes them independently for each denoising
step. We adopt this strategy unchanged for both weight and activation quanti-
zation in our framework.

4.2 Hadamard Transformation to smooth outliers

We utilize Single Hadamard Transformation to reduce outliers in the activations,
while avoiding the introduction of additional outliers in the weights that typically
arises from the conventional Double Hadamard Transformation. As shown in
Figure [2] the outliers in the activation values are significantly reduced after the
transformation.

Matrix Multiplication The Hadamard transformation is applied to a 2D in-
put matrix by multiplying the matrix to be quantized with a Hadamard matrix.
Since the input channel dimension C; is not necessarily a power of two, we con-
struct a block-diagonal Hadamard matrix H € R“*% composed of m identical
submatrices Hy, i.e.,

H = BlockDiag(Hy, Hy, ..., Hy), where C;=m 2", (10)
N——

m blocks

This block-diagonal structure preserves orthogonality, satisfying HH'™ = H? =
I. In cases where the number of input channels is smaller than the base order k
(e.g., during the initial projection of image features), we set H = I, effectively
bypassing the transformation. Given the orthogonality of the Hadamard matrix
(HT = H™! = H), the original activation matrix X can be exactly recovered
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from its transformed and quantized form via inverse transformation followed
by dequantization. Specifically, let (XH);,¢ denote the integer-valued quantized
representation of the transformed activations XH, and let Sxg be the corre-
sponding floating-point quantization scale. Then the dequantized output is:

X = Sxu - (XH)i - H (11)

Consequently, for a linear layer Y = XW, we insert the identity HH™ = I to
obtain:

Y=XH-H'W = (XH) -H-W ~ Sxu Sw - (XH)in: - H- Wipe)  (12)

In practice, the normalization factor 2—%/2 (arising from the orthonormal defi-
nition Hy, = 27/ 2H!*) is absorbed into the floating-point quantization scales.
As a result, the core computation (XH);, - H- Wiy, involves only integer matrix
multiplication, enabling efficient inference on hardware accelerators.

Convolution For a convolutional layer, let the input activation tensor be
X, € RBxCinxhxw and the convolutional kernel be W, € RCout XxCinxLxL ‘where
Cin and Cyy¢ denote the input and output channel dimensions, and A X w and
L x L are the spatial resolutions of the activations and the kernel. To apply the
Hadamard transformation on convolution, we first reshape X, into a 2D matrix
X, € R(B-Cinh)xw by merging the batch, input-channel, and height dimensions.
We then compute the transformed activations as the matrix product (X.H,),
where H, € R¥*% is a block-diagonal Hadamard matrix. This design ensures
that the Hadamard transformation operates only along the last (width) dimen-
sion and that H. is square—allowing compatibility with standardized Hadamard
orders. Due to the orthogonality of H. (H! = H_! = H.), the original acti-
vations can be recovered from the quantized transformed representation via in-
verse transformation and dequantization. Specifically, let (X.H. )iy denote the
integer-valued quantized form of the product XCHC, and let Sf(er be its asso-
ciated floating-point quantization scale. The dequantized result is:

Xc = Sf(cHC ) (XCHc)int -H, (13)

Consequently, the convolution operation can be rewritten using the identity
HCHZ =1 as:

Y = Conv((X.H.) - He, We) ~ Sg_; Sw, - com((fccHC)int CH., (Wc)int) (14)

Similarly, in practical implementation, the normalization factor of the Hadamard
matrix 27%/2 can be merged with the preceding floating-point quantization fac-
tors, so that the convolution operation is performed only on integer matrices.

Single Hadamard Transformation For any standard basis vector e; € R2*
(i.e., a vector with a single entry equal to 1 and all others 0), the product eZTH;C
yields a constant vector:

el H, =27%2 15, where 1o =(1,1,...,1)7 € R, (15)
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This property implies that when the input vector contains a dominant outlier—
i.e., one coordinate significantly larger than the rest—the Hadamard transforma-
tion effectively maps it to a uniform (flat) vector. Such a structure is highly favor-
able for quantization, as the resulting equal-valued entries simplify the quantiza-
tion process and improve its efficiency. However, similarly, applying a Hadamard
transformation to a vector with uniformly distributed elements will increase the
outliers in its distribution. For example, a vector with all elements equal to 1 (i.e.
15:) yields (2¥/2,0,0,...,0) after transformation, which significantly amplifies
the outliers in the resulting vector.

1. H, = 2F/2e] (16)

While previous research has employed Hadamard transformation to enhance
model performance, the Hadamard transformation utilized in HQ-DM differs
significantly from conventional approaches: we designate our method as the Sin-
gle Hadamard Transformation, in contrast to the conventional Double Hadamard
Transformation (see Figure[3|(a) (b)). The primary distinction lies in the compu-
tational methodology. Conventional Double Hadamard Transformation attempts
to insert Hadamard transformation between the operations of X and W, en-
abling online quantization of XH while performing H' W quantization offline.
This approach introduces two critical limitations: 1) inadequate support for con-
volution operations in diffusion models (due to the non-applicability of matrix
multiplication distributive property to convolutions, especially for multi strides),
and 2) increased outliers in the weight matrix W when computing H'W with
originally low-outlier W matrices, consequently amplifying quantization errors
and degrading model performance (see Figure. Our proposed Single Hadamard
Transformation not only minimizes outlier introduction in weight matrices but
also provides excellent convolution support. More importantly, by extracting the
floating-point factor 27%/2, the H}*" matrix becomes a sparse integer matrix, en-
abling efficient hardware implementation of intermediate results through integer
matrix multiplication.

Implementation-Friendly Scheme Single Hadamard Transformation pos-
sesses the following characteristics: its transformation of activation matrices
renders activations more amenable to quantization, thereby achieving high efli-
ciency for low-bit integer arithmetic. In contrast to several existing approaches
that employ asymmetric quantization for activations (like EfficientDM), HQ-
DM adopts symmetric quantization for activations, ensuring compatibility with
hardware acceleration for integer matrix multiplication. While this approach ef-
fectively reduces the available quantization bits by one compared to asymmetric
quantization in extreme cases, experimental results still demonstrate the sub-
stantial advantages of HQ-DM. Furthermore, as previously discussed, the Single
Hadamard Transformation enables direct execution of integer matrix multipli-
cation and convolution operations without requiring subsequent dequantization,
establishing it as a hardware-friendly scheme.
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Method  Bit (W/A) IS T FID | sFID | Precision(%)t

FP 32/32  365.35 11.22 7.78 93.68
Q-Diffusion 8/8 350.93 10.60 9.29 92.46
PTQD 8/8 359.78 10.05 9.01 93.00
EfficientDM 8/8 362.34 11.38 8.04 93.77
HQ-DM 8/8 363.22 11.01 7.76 93.46
Q-Diffusion 4/8 336.80 9.29 9.29 91.06
PTQD 4/8 344.72 8.74 798 91.69
EfficientDM 4/8 351.97 9.96 7.80 92.48
HQ-DM 4/8 355.59 10.07 7.14 93.07
PTQD 8/4 1.93 262.01 111.10 0.54
EfficientDM 8/4 252.00 6.75 8.48 84.90
HQ-DM 8/4 292.76 7.68 9.93 88.68
PTQD 4/4 2.57 258.11 124.33 0.69
QuEST 4/4 202.45 5.98 - -

EfficientDM 4/4 220.20 6.63 9.80 80.97
HQ-DM 4/4 248.30 6.58 9.60 84.44
PTQD 4/3 1.62 297.88 150.46 0.31
EfficientDM 4/3 8.74 99.78 65.79 27.48
HQ-DM 4/3 49.62 33.47 12.09 54.87

Table 1: Performance comparisons of fully-quantized LDM-4 models on ImageNet
256 x 256 dataset. The sampling process employs 20 denoising steps. We evaluate IS
(higher is better), FID (lower is better), sFID (lower is better), Precision (higher is
better) on these quantized models.

5 Experiments

5.1 Experiments Settings

We conduct experiments on conditional generation using ImageNet 256 x 256 [3]
and unconditional generation on both LSUN-Bedrooms 256 x 256 and LSUN-
Churches 256 x 256 [42]. For our backbone architectures, we employ both U-
Net-based Latent Diffusion Models (LDM) [27] and Transformer-based Diffusion
Models (DiT) [25]. To adhere to the standard configurations of these models, the
denoising process is executed using the DDIM sampler 33| for LDM and the de-
fault Improved DDPM sampler |23| for DiT. Trainable parameters are optimized
using the AdamW optimizer [16}21], with distinct initial learning rates assigned
to activation quantization factors, weight quantization factors, and LoRA low-
rank matrices. For evaluation, we utilize generated sample batches of 50,000
images from each model and compute metrics against reference batches. The
primary evaluation metrics include Inception Score (IS) [29], Fréchet Inception
Distance (FID) [11], sFID [22], Precision and Recall. We compare our results
with several prominent works in the field, including Q-Diffusion |18, PTQD |10],
QuEST [36], TFMQ-DM [14], and EfficientDM [9]. Our experiments cover mul-
tiple quantization bit configurations, where WxAy denotes x-bit weight quan-
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tization and y-bit activation quantization respectively. More comparisons and
details can be found in Appendix.

5.2 Experiment Results

Conditional generation on LDM We evaluate the performance of HQ-DM
on ImageNet 256 x 256 using LDM-4. The results in Table [I| demonstrate that
HQ-DM outperforms existing methods across these bit configurations, with this
advantage becoming increasingly pronounced at lower activation quantization
bit-widths. For the W4A4 configuration, HQ-DM surpasses the current SOTA
method EfficientDM by 12.76% in Inception Score. Compared to EfficientDM,
HQ-DM achieves performance improvements exceeding 100% across all four met-
rics under the W4A3 configuration, with approximately 99.7% enhancement in
precision, thereby highlighting HQ-DM’s potential for ultra-low-bit quantization.

Method Bit (W/A) FID | sFID | Precision(%) 1 Recall(%) 1

FP 32/32 756  14.06 51.95 41.18
TFMQ-DM 8/4 226.08 105.91 0.04 0.00
EfficientDM 8/4 17.91  19.44 40.40 37.86
HQ-DM 8/4 12.35 16.27 47.31 37.44
TFMQ-DM 4/4 234.20 108.42 0.04 0.00
EfficientDM 4/4 16.81  20.81 41.42 29.66
HQ-DM 4/4 13.15 17.53 45.32 36.34
TFMQ-DM 3/4 227.64 107.44 0.06 7.32
QuEST 3/4 19.08  32.75 - -
EfficientDM 3/4 20.92  22.78 38.57 29.38
HQ-DM 3/4 19.22 19.29 38.32 31.92
TFMQ-DM 2/4 245.85 130.20 0.06 0.00
QuEST 2/4 24.92  36.33 - -
EfficientDM 2/4 33.68 27.19 28.76 20.34
HQ-DM 2/4 28.50  30.17 32.64 18.76
EfficientDM 4/3 26.80  24.01 33.43 29.02
HQ-DM 4/3 21.88 22.15 34.52 29.10

Table 2: Performance comparisons of fully-quantized LDM-4 models on LSUN-
Bedrooms 256 x 256 dataset. The sampling process employs 100 denoising steps.

Unconditional generation on LDM Following conventional practice, we em-
ploy the LDM-4 model for unconditional image generation on LSUN-Bedrooms
256 x 256 in Table [2, and the LDM-8 model for unconditional generation on
LSUN-Churches 256 x 256 in Table |3} On LSUN-Bedrooms, HQ-DM surpasses
existing quantization schemes across multiple bit configurations, achieving FID
reductions of 5.56, 3.66 and 4.92 for W8A4, W4A4 and W4A3 settings, respec-
tively. It is noteworthy that since HQ-DM exclusively processes activations, the
accuracy of the quantized model depends on weight stability. In other words,
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Method Bit (W/A) FID | sFID | Precision(%) 1 Recall(%) 1
FP 32/32 6.17 20.98 59.96 48.54
EfficientDM 4/4 12.83  30.04 52.61 33.69
HQ-DM 4/4 9.64 28.46 57.10 35.91
Efficient DM 4/3 2097  36.56 46.25 26.06
HQ-DM 4/3 14.67 31.94 53.22 27.08

Table 3: Performance comparisons of fully-quantized LDM-8 models on LSUN-
Churches 256 x 256 dataset. The sampling process employs 100 denoising steps.

the closer the quantized weights remain to the original floating-point model, the
lower the activation quantization loss achieved by HQ-DM. On LSUN-Churches,
HQ-DM also outperforms EfficientDM at low quantization bit-widths. Compared
to EfficientDM, HQ-DM reduces the FID by 3.19 under the W4A4 configura-
tion and by 6.3 under W4A3. It is noteworthy that these improvements were
achieved while employing hardware-friendly symmetric quantization, which typ-
ically incurs an adverse impact on performance. Across both LSUN datasets, we
consistently observe that the performance gains from HQ-DM become increas-
ingly pronounced as activation quantization bit-width decreases.

Conditional generation on DiT We implement the conditional generation of
HQ-DM on the DiT-XL model and compare it against the EfficientDM method
in Table [d Under the W4A4 quantization configuration, HQ-DM consistently
outperforms EfficientDM across all metrics. For instance, on DiT-XL (ImageNet
256 x 256), HQ-DM achieves a relative improvement of 60.92% in IS and 13.79%
in precision. Meanwhile, in terms of FID and sFID, HQ-DM reduces the scores
by 0.79 and 3.72, respectively, compared to EfficientDM. These results demon-
strate the robust scalability and effectiveness of our method on mainstream
Transformer-based architectures beyond U-Net.

Model (Dataset) Method Bit (W/A) 1St FID | sFID | Precision(%) 1

DIT-XL FP 32/32 47751 1686 11.08 93.25
ImaseNot 35 PfficientDM  4/4 221,07 1041 13.90 77.45
& HQ-DM 4/4  355.74 9.62 10.18 88.13
. FP 32/32  451.68 17.71 8.40 83.60
Ile’Il‘\;)ilélz EfficientDM  4/4 193.00 9.91  14.72 82.03
agene HQ-DM 4/4  278.90 9.04 11.84 84.34

Table 4: Performance comparisons using DiT-XL models on ImageNet dataset using
50 denoising steps.

Distillation Training Performance Figure [5| (a) (b) illustrates the conver-
gence characteristics of HQ-DM under W4A4 and W4A3 distillation training
settings. The results indicate that HQ-DM achieves more stable convergence
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Fig. 5: (a-b) Training loss curves for W4A4 and W4A3 configurations on the ImageNet
256 x 256 dataset. We observe the loss change at step 0, as the first step of the training
process corresponds to the final step of the inference denoising output. (¢) Comparison
of time costs for training or calibration across different quantization methods.

compared to EfficientDM, with accelerated convergence rates. As the activa-
tion quantization bit-width decreases, the acceleration and stability of train-
ing become increasingly pronounced. Figure [5| (¢) compares the calibration and
training time costs of various quantization schemes on a single A100 GPU. The
results demonstrate that HQ-DM achieves a training efficiency comparable to
Efficient DM, with both requiring significantly lower time costs. This further
indicates that the computational overhead introduced by the sparse Hadamard
transformation (i.e. Hi*V) is negligible. Consequently, this underscores that HQ-
DM is a highly eflicient quantization solution.

5.3 Ablation Study

Method/Variant LSQ LoRA Hada. ISt  FID] sFID| Prec.(%)t
FP32 Baseline 365.35 11.22 7.78 93.68
Efficient DM v v 220.20 6.63  9.80 80.97
Naive PTQ + LSQ v 5.09 193.59 67.24 3.38
Naive PTQ + LSQ + Hada. Vv v 33.29 68.16 48.86 26.50
Naive QAT + LSQ v 159.24 7.69  8.38 76.85
Naive QAT + LSQ + Hada. v Y 203.69 6.47 1098 82.53
LoRA only v 185.51 855 10.46 73.25
LoRA -+ Hada. v v 229.75 6.52 10.72 79.55
HQ-DM (Full) v v v 248.30  6.58  9.60 84.44

Table 5: W4A4 Ablation study of fully-quantized LDM-4 models on ImageNet 256 x
256. We evaluate the impact of LSQ (timestep-aware learning quantization scales),
LoRA (LoRA-based distillation), and our Hadamard Transformation (Hada.).

Component Study Table [f] presents a component-wise ablation study of HQ-
DM on the LDM-4 model (ImageNet 256 x 256) under W4A4 quantization.
The evaluation demonstrates that the Hadamard transformation operates inde-
pendently of distillation adjustments. For example, it significantly enhances the
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Method ~ Bit (W/A) IS FID | sFID | Precision(%) 1 (SL/Z‘;ZII‘;i) 1 Speedup +
FP 32/32  365.35 11.22 7.78 93.68 : -
DHQ-DM _ 8/8 5.72 178.07 36.17 24.92 1.0688 1.00x
HQ-DM  8/8  363.22 11.01 7.76 93.46 0.9419  1.13x
DHQ-DM  4/8 6.13 199.00 35.48 14.41 1.1510 1.00x
HQ-DM  4/8  355.59 10.07 7.14 93.07 1.0257  1.12x
DHQ-DM  8/4 174 167.97 42.42 18.75 1.0677 1.00x
HQ-DM  8/4 292.76 7.68 9.93 88.68 0.9391  1.14x
DHQDM  4/4 437 179.40 49.20 14.63 1.1585 1.00x
HQ-DM  4/4  248.30 6.58 9.60 84.44 1.0581  1.10x

Table 6: Performance and efficiency comparisons between DHQ-DM (Double
Hadamard Transformation) and HQ-DM on ImageNet 256 x 256. Latency is measured
per sample. Speedup is calculated relative to DHQ-DM within each bit-width.

Naive PTQ scheme (where LSQ here denotes the application of timestep-aware
static scales) by elevating the IS from 5.09 to 33.29 and lowering the FID by
125.43. Furthermore, the experiments without learnable LSQ confirm that HQ-
DM’s gains are not reliant on LSQ, as it maintains robust performance (e.g.,
6.52 FID in the LoRA-+Hada. variant) even with a fixed scale.

Transformation Scheme Table[0] provides a detailed comparison between the
traditional Double Hadamard Transformation and the Single Hadamard Trans-
formation using the LDM-4 model on ImageNet 256 x 256 dataset. Since Double
Hadamard Transformation is inherently incompatible with convolutions, these
layers are regressed to the Single Hadamard Transformation for a fair compari-
son. It is observed that the Double Hadamard Transformation consistently lags
in performance across all quantization settings, with an inference latency over-
head exceeding 10%. This performance degradation aligns with our earlier asser-
tion: imposing Hadamard transformation on weights containing minimal outliers
can exacerbate quantization noise, which then propagates through the iterative
sampling process. Additional ablation results are provided in the Appendix.

6 Conclusion

We propose HQ-DM, a novel framework that enables low-bit quantization for
diffusion models. To address the outlier issue in activation values during diffu-
sion model computation, HQ-DM employs a Single Hadamard Transformation
to reduce activation outliers, thereby enhancing quantized model performance.
Furthermore, this hardware-friendly framework is capable of supporting integer
convolution operations without amplifying outliers in the weights during com-
putation, thereby enhancing performance.
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