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Prompt: a cyberpunk cat holding a huge neon sign that says "SVDQuant is lite and fast", wearing fancy goggles and a black leather jacket.

FLUX.1-dev BF16 
(25 Steps) 

DiT Memory: 22.7 GiB 
E2E Latency: 111.7 s

NF4 (W4A16) 
LPIPS: 0.272 

DiT Memory: 6.9 GiB (3.3× Less) 
E2E Latency: 38.6 s (2.9× Faster)

Naïve INT4 (W4A4) 
LPIPS: 0.322 

DiT Memory: 6.3 GiB (3.6× Less) 
E2E Latency: 12.5 s (8.9× Faster)

SVDQuant INT4 (W4A4) 
LPIPS: 0.223 

DiT Memory: 6.5 GiB (3.5× Less) 
E2E Latency: 12.9 s (8.7× Faster)

PixArt-  FP16 
(20 Steps)

Σ ViDiT-Q (W4A8) 
LPIPS: 0.573

Naïve INT4 (W4A4) 
LPIPS: 0.762

SVDQuant INT4 (W4A4) 
LPIPS: 0.323

Prompt: medium rare steak tenderloin super tasty photo.

Figure 1: SVDQuant is a post-training quantization technique for 4-bit weights and activations that well maintains
visual fidelity. On 12B FLUX.1-dev, it achieves 3.6× memory reduction compared to the BF16 model. By
eliminating CPU offloading, it offers 8.7× speedup over the 16-bit model when on a 16GB laptop 4090 GPU, 3×
faster than the NF4 W4A16 baseline. On PixArt-Σ, it demonstrates significantly superior visual quality over other
W4A4 or even W4A8 baselines. “E2E” means the end-to-end latency including the text encoder and VAE decoder.

ABSTRACT

Diffusion models can effectively generate high-quality images. However, as they
scale, rising memory demands and higher latency pose substantial deployment
challenges. In this work, we aim to accelerate diffusion models by quantizing their
weights and activations to 4 bits. At such an aggressive level, both weights and
activations are highly sensitive, where existing post-training quantization methods
like smoothing become insufficient. To overcome this limitation, we propose
SVDQuant, a new 4-bit quantization paradigm. Different from smoothing, which
redistributes outliers between weights and activations, our approach absorbs these
outliers using a low-rank branch. We first consolidate the outliers by shifting them
from activations to weights. Then, we use a high-precision, low-rank branch to
take in the weight outliers with Singular Value Decomposition (SVD), while a
low-bit quantized branch handles the residuals. This process eases the quantization
on both sides. However, naïvely running the low-rank branch independently
incurs significant overhead due to extra data movement of activations, negating the
quantization speedup. To address this, we co-design an inference engine Nunchaku
that fuses the kernels of the low-rank branch into those of the low-bit branch to cut
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off redundant memory access. It can also seamlessly support off-the-shelf low-rank
adapters (LoRAs) without re-quantization. Extensive experiments on SDXL,
PixArt-� , and FLUX.1 validate the effectiveness of SVDQuant in preserving
image quality. We reduce the memory usage for the 12B FLUX.1 models by 3.5×,
achieving 3.0× speedup over the 4-bit weight-only quantization (W4A16) baseline
on the 16GB laptop 4090 GPU with INT4 precision. On the latest RTX 5090
desktop with Blackwell architecture, we achieve a 3.1× speedup compared to the
W4A16 model using NVFP4 precision. Our quantization library* and inference
engine† are open-sourced.

1 INTRODUCTION

Diffusion models have shown remarkable capabilities in generating high-quality images (Ho et al.,
2020), with recent advances further enhancing user control over the generation process. Trained
on vast data, these models can create stunning images from simple text prompts, unlocking diverse
image editing and synthesis applications (Meng et al., 2022b; Ruiz et al., 2023; Zhang et al., 2023).

Figure 2: Computationvs. param-
eters for LLMs and diffusion mod-
els. LLMs' computation is mea-
sured with 512 context and 256
output tokens, and diffusion mod-
els' computation is for a single
step. Dashed lines show trends.

To pursue higher image quality and more precise text-to-image
alignment, researchers are scaling up diffusion models. As shown in
Figure 2, Stable Diffusion (SD) (Rombach et al., 2022) 1.4 only has
800M parameters, while SDXL (Podell et al., 2024) scales this up to
2.6B parameters. AuraFlow v0.1 (fal.ai, 2024) extends this further to
6B parameters, with the latest model, FLUX.1 (Black-Forest-Labs,
2024), pushing the boundary to 12B parameters. Compared to large
language models (LLMs), diffusion models are signi�cantly more
computationally intensive. Their computational costs‡ increase
more rapidly with model size, posing a prohibitive memory and
latency barrier for real-world model deployment, particularly for
interactive use cases that demand low latency.

As Moore's law slows down, hardware vendors are turning to
low-precision inference to sustain performance improvements.
For instance, NVIDIA's Blackwell Tensor Cores introduce a new
4-bit �oating point (FP4) precision, doubling the performance
compared to FP8 (NVIDIA, 2024). Therefore, using 4-bit inference
to accelerate diffusion models is appealing. In the realm of LLMs, researchers have leveraged
quantization to compress model sizes and boost inference speed (Dettmers et al., 2022; Xiao et al.,
2023). However, unlike LLMs–where latency is primarily constrained by loading model weights
on modern GPUs, especially with small batch sizes–diffusion models are heavily computationally
bounded, even with a single batch. As a result, weight-only quantization cannot accelerate diffusion
models. To achieve speedup on these devices, both weights and activations must be quantized to the
same bit width; otherwise, the lower-precision weight will be upcast during computation, negating
potential performance enhancements.

In this work, we focus on quantizing both the weights and activations of diffusion models to 4
bits. This challenging and aggressive scheme is often prone to severe quality degradation. Existing
methods like smoothing (Xiao et al., 2023; Lin et al., 2024), which transfer the outliers between
the weights and activations, are less effective since both sides are highly vulnerable to outliers. To
address this issue, we propose a general-purpose quantization paradigm,SVDQuant. Our core idea is
to use a low-cost branch to absorb outliers on both sides. To achieve this, as illustrated in Figure 3,
we �rst aggregate the outliers by migrating them from activationX to weightW via smoothing.
Then we apply Singular Value Decomposition (SVD) to the updated weight,Ŵ , decomposing it
into a low-rank branchL 1L 2 and a residual̂W � L 1L 2. The low-rank branch operates at 16 bits,
allowing us to quantize only the residual to 4 bits, signi�cantly reducing outliers and magnitude.
However, naively running the low-rank branch separately incurs substantial memory access overhead,

* Quantization library: github.com/mit-han-lab/deepcompressor
†Inference Engine: github.com/mit-han-lab/nunchaku
‡Measured by the number of Multiply-Accumulate operations (MACs). 1 MAC=2 FLOPs.
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Figure 3: Overview of SVDQuant. (a) Originally, both the activationX and weightW contain outliers, making
4-bit quantization challenging. (b) We migrate the outliers from the activation to weight, resulting in the updated
activationX̂ and weightŴ . While X̂ becomes easier to quantize,̂W now becomes more dif�cult. (c)
SVDQuant further decomposeŝW into a low-rank componentL 1L 2 and a residualŴ � L 1L 2 with SVD.
Thus, the quantization dif�culty is alleviated by the low-rank branch, which runs at 16-bit precision.

offsetting the speedup of 4-bit inference. To overcome this, we co-design a specialized inference
engineNunchaku, which fuses the low-rank branch computation into the 4-bit quantization and
computation kernels. This design enables us to achieve measured inference speedup even with
additional branches.

SVDQuant can quantize various text-to-image diffusion architectures into 4 bits, including both
UNet (Ho et al., 2020; Ronneberger et al., 2015) and DiT (Peebles & Xie, 2023) backbones, while
maintaining visual quality. It supports both INT4 and FP4 data types and integrates seamlessly with
pre-trained low-rank adapters (LoRA) (Hsu et al., 2022) without requiring re-quantization. To our
knowledge, we are the �rst to successfully apply 4-bit post-training quantization to both the weights
and activations of diffusion models, and achieve measured speedup on NVIDIA GPUs. On the latest
12B FLUX.1, our 4-bit models largely preserve the image quality and reduce the memory footprint
of the original BF16 model by 3.5×. Furthermore, our INT4 and FP4 model delivers a 3.0× and
3.1× speedup over the NF4 weight-only quantized baseline on the 16GB laptop-level RTX 4090 and
desktop-level RTX 5090 GPU, respectively. See Figure 1 for visual examples.

2 RELATED WORK

Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020) have emerged as a powerful class
of generative models, known for generating high-quality samples by modeling the data distribution
through an iterative denoising process. Recent advancements in text-to-image diffusion models (Bal-
aji et al., 2022; Rombach et al., 2022; Podell et al., 2024) have already revolutionized content
generation. Researchers further shifted from convolution-based UNet architectures (Ronneberger
et al., 2015; Ho et al., 2020) to transformers (Peebles & Xie, 2023; Bao et al., 2023) and scaled up
the model size (Esser et al., 2024). However, diffusion models suffer from extremely slow inference
speed due to their long denoising sequences and intense computation. To address this, various
approaches have been proposed, including few-step samplers (Zhang & Chen, 2022; Zhang et al.,
2022; Lu et al., 2022) or distilling fewer-step models from pre-trained ones (Salimans & Ho, 2021;
Meng et al., 2022a; Song et al., 2023; Luo et al., 2023; Sauer et al., 2024; Yin et al., 2024b;a; kan,
2024). Another line of works choose to optimize or accelerate computation via ef�cient architecture
design (Li et al., 2023b; 2020; Cai et al., 2024; Liu et al., 2024a), quantization (Shang et al., 2023;
Li et al., 2023a), sparse inference (Li et al., 2022; Ma et al., 2024c;b), and distributed inference (Li
et al., 2024b; Wang et al., 2024c; Chen et al., 2024b). This work focuses on quantizing the diffusion
models to 4 bits to reduce the computation complexity. Our method can also be applied to few-step
diffusion models to further reduce the latency (see Section 5.2).

Quantization has been recognized as an effective approach for LLMs to reduce the model size
and accelerate inference (Dettmers et al., 2022; Frantar et al., 2023; Xiao et al., 2023; Lin et al.,
2025; 2024; Kim et al., 2024; Zhao et al., 2024d). For diffusion models, Q-Diffusion (Li et al.,
2023a) and PTQ4DM (Shang et al., 2023) �rst achieved 8-bit quantization. Subsequent works re�ned
these techniques with approaches like sensitivity analysis (Yang et al., 2023) and timestep-aware
quantization (He et al., 2023; Huang et al., 2024; Liu et al., 2024b; Wang et al., 2024a). Some
recent works extended the setting to text-to-image models (Tang et al., 2024; Zhao et al., 2024c), DiT
backbones (Wu et al., 2024), quantization-aware training (He et al., 2024; Zheng et al., 2024; Wang
et al., 2024b; Sui et al., 2024), video generation (Zhao et al., 2024b), and different data types (Liu
& Zhang, 2024). Among these works, only MixDQ (Zhao et al., 2024c) and ViDiT-Q (Zhao et al.,
2024b) implement low-bit inference engines and report measured 8-bit speedup on GPUs. In this
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work, we push the boundary further by quantizing diffusion models to 4 bits, supporting both the
integer or �oating-point data types, compatible with the UNet backbone (Ho et al., 2020) and recent
DiT architecture (Peebles & Xie, 2023). Our co-designed inference engine, Nunchaku, further ensures
on-hardware speedup. Additionally, when applying LoRA to the model, existing methods require
fusing the LoRA branch to the main branch and re-quantizing the model to avoid tremendous memory-
access overhead in the LoRA branch. Nunchaku cuts off this overhead via kernel fusion, allowing the
low-rank branch to run ef�ciently as a separate branch, eliminating the need for re-quantization.

Low-rank decompositionhas gained signi�cant attention in deep learning for enhancing computa-
tional and memory ef�ciency (Hu et al., 2022; Zhao et al., 2024a; Jaiswal et al., 2024). While directly
applying this approach to model weights can reduce the compute and memory demands (Hsu et al.,
2022; Yuan et al., 2023; Li et al., 2023c), it often leads to performance degradation. Instead, Yao et al.
(2024) combined it with quantization for model compression, employing a low-rank branch to com-
pensate for the quantization error. Low-Rank Adaptation (LoRA) (Hu et al., 2022) introduces another
active line of research using low-rank matrices to adjust a subset of pre-trained weights for ef�cient
�ne-tuning. This has sparked numerous advancements (Dettmers et al., 2023; Guo et al., 2024; Li et al.,
2024c; Xu et al., 2024b; Meng et al., 2024), which combines quantized models with low-rank adapters
to reduce memory usage during model �ne-tuning. However, our work differs in two major aspects.
First, our goal is different, as we aim to accelerate model inference through quantization, while previ-
ous works focus on model compression or ef�cient �ne-tuning. Thus, they primarily consider weight-
only quantization, resulting in no speedup. Second, as shown in our experiments (Figure 6 and ablation
study in Section 5.2), directly applying these methods not only degrades the image quality, but also in-
troduces signi�cant overhead. In contrast, our method yields much better performance due to our joint
quantization of weights and activations and overhead reduction of our inference engine Nunchaku.

3 QUANTIZATION PRELIMINARY

Quantization is an effective approach to accelerate linear layers in networks. Given a tensorX , the
quantization process is de�ned as:

QX = round
�

X
sX

�
; sX =

max(jX j)
qmax

: (1)

Here,QX is the low-bit representation ofX , sX is the scaling factor, andqmax is the maximum
quantized value. For signedk-bit integer quantization,qmax = 2 k � 1 � 1. For 4-bit �oating-point
quantization with 1-bit mantissa and 2-bit exponent,qmax = 6 . Thus, the dequantized tensor can be
formulated asQ(X ) = sX � QX . For a linear layer with inputX and weightW , its computation
can be approximated by

XW � Q(X )Q(W ) = sX sW � QX QW : (2)

The same approximation applies to convolutional layers. To speed up computation, modern commer-
cial GPUs require bothQX andQW using the same bit width. Otherwise, the low-bit weights need
to be upcast to match the higher bit width of activations, or vice versa, negating the speed advantage.
Following the notation in QServe (Lin et al., 2025), we denotex-bit weight,y-bit activation as WxAy.
“INT” and “FP” refer to the integer and �oating-point data types, respectively.

In this work, we focus on W4A4 quantization for acceleration, where outliers in both weights
and activations place substantial obstacles. Traditional methods to suppress these outliers include
quantization-aware training (QAT) (He et al., 2024) and rotation (Ashkboos et al., 2024; Liu et al.,
2024c; Lin et al., 2025). QAT requires massive computing resources, especially for tuning models
with more than 10B parameters such as FLUX.1. Rotation is inapplicable due to the usage of adaptive
normalization layers (Peebles & Xie, 2023) in diffusion models. The runtime-generated normalization
weights preclude the of�ine rotation with the weights of projection layers, while online rotation of
both activations and weights incurs signi�cant runtime overhead.

4 METHOD

In this section, we �rst formulate our problem and discuss where the quantization error comes from.
Next, we present SVDQuant, a new W4A4 quantization paradigm for diffusion models. Our key
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Figure 4: Example value distribution of inputs and weights in PixArt-� (Chen et al., 2024a)� is the smooth
factor. Red indicates the outliers. Initially, both the inputX and weightW contain signi�cant outliers. After
smoothing, the range of̂X is reduced with much fewer outliers, whilêW shows more outliers. Once the SVD
low-rank branchL 1L 2 is subtracted, the residualR has a narrower range and is free from outliers.

idea is to introduce an additional low-rank branch that can absorb quantization dif�culties in both
weights and activations. Finally, we provide a co-designed inference engine Nunchaku with kernel
fusion to minimize the overhead of the low-rank branches in the 4-bit model.

4.1 PROBLEM FORMULATION

Consider a linear layer with inputX 2 Rb� m and weightW 2 Rm � n , wherebrepresents the batch
size, andm andn denote the input and output channels, respectively. The quantization error can
be de�ned as

E(X ; W ) = kXW � Q(X )Q(W )kF ; (3)

wherek � kF denotes Frobenius Norm.

Proposition 4.1(Error decomposition). The quantization error can be decomposed as follows:

E(X ; W ) � k X kF kW � Q(W )kF + kX � Q(X )kF (kW kF + kW � Q(W )kF ): (4)

See Appendix A.1 for the proof. From the proposition, we can see that the error is bounded by
four elements – the magnitude of the weight and input,kW kF andkX kF , and their respective
quantization errors,kW � Q(W )kF andkX � Q(X )kF . To minimize the overall quantization
error, we aim to optimize these four terms.

4.2 SVDQUANT : ABSORBINGOUTLIERS VIA LOW-RANK BRANCH

Migrate outliers from activation to weight. Smoothing (Xiao et al., 2023; Lin et al., 2024) is an
effective approach for reducing outliers. We can smooth outliers in activations by scaling down the
inputX and adjusting the weight matrixW correspondingly using a per-channel smoothing factor
� 2 Rm . As shown in Figure 4(a)(c), the smoothed inputX̂ = X � diag(� ) � 1 exhibits reduced
magnitude and fewer outliers, resulting in lower input quantization error. However, in Figure 4(b)(d),
the transformed weight̂W = W � diag(� ) has a signi�cant increase in both magnitude and the
presence of outliers, which in turn raises the weight quantization error. Consequently, the overall
error reduction is limited.

Absorb magni�ed weight outliers with a low-rank branch. Our core insight is to introduce a 16-bit
low-rank branch to further migrate the weight quantization dif�culty. Speci�cally, we decompose
the transformed weight aŝW = L 1L 2 + R , whereL 1 2 Rm � r andL 2 2 Rr � n are two low-rank
factors of rankr , andR is the residual. ThenXW can be approximated as

XW = X̂ Ŵ = X̂L 1L 2 + X̂R � X̂L 1L 2| {z }
16-bit low-rank branch

+ Q(X̂ )Q(R )
| {z }

4-bit residual

: (5)

Compared to direct 4-bit quantization, i.e.,Q(X̂ )Q(W ), our method �rst computes the low-rank
branchX̂L 1L 2 in 16-bit precision, and then approximates the residualX̂R with 4-bit quantization.
Empirically, r � min(m; n), and is typically set to 16 or 32. As a result, the additional parameters
and computation for the low-rank branch are negligible, contributing onlymr + nr

mn to the overall costs.
However, it still requires careful system design to eliminate redundant memory access, which we will
discuss in Section 4.3.
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Figure 6: (a) Naïvely running low-rank branch with rank 32 will introduce 57% latency overhead due to extra
read of 16-bit inputs inDown Projectionand extra write of 16-bit outputs inUp Projection. Our Nunchaku
engine optimizes this overhead with kernel fusion. (b)Down ProjectionandQuantizekernels use the same input,
while Up Projectionand4-Bit Computekernels share the same output. To reduce data movement overhead, we
fuse the �rst two and the latter two kernels together.

From Equation 5, the quantization error can be expressed as





 X̂ Ŵ � (X̂L 1L 2 + Q(X̂ )Q(R ))








F
=






 X̂R � Q(X̂ )Q(R )








F
= E(X̂ ; R ); (6)

whereR = Ŵ � L 1L 2. According to Proposition 4.1, sincêX is already free from outliers, we only
need to focus on optimizing the magnitude ofR , kR kF and its quantization error,kR � Q(R )kF .

Proposition 4.2(Quantization error bound). For any tensorR and quantization method described in
Equation 1 asQ(R ) = sR � QR . Assuming the elements ofR follow a distribution that satis�es the
following regularity condition: There exists a constantc such that

E [max(jR j)] � c � E [kR kF ] : (7)

Then, we have

E [kR � Q(R )kF ] �
c
p

size(R )
qmax

� E [kR kF ] (8)

wheresize(R ) denotes the number of elements inR . Especially if the elements ofR follow a normal

distribution, Equation 7 holds forc =
q

log( size(R )) �
size(R ) .

Figure 5: First 64 singular values
of W , Ŵ , andR . The �rst 32
singular values ofŴ exhibit a
steep drop, while the remaining
values are much more gradual.

See Appendix A.2 for the proof. From this proposition, we obtain
the intuition that the quantization errorkR � Q(R )kF is bounded
by the magnitude of the residualkR kF . Thus, our goal is to �nd the

optimalL 1L 2 that minimizeskR kF =





 Ŵ � L 1L 2








F
, which can

be solved by Singular Value Decomposition (SVD) (Eckart & Young,
1936; Mirsky, 1960). Given the SVD of̂W = U � V , the optimal
solution isL 1 = U � :;:r andL 2 = V:r; :. Figure 5 illustrates the
singular value distribution of the original weightW , transformed
weightŴ and residualR . The singular values of the original weight
W are highly imbalanced. After smoothing, the singular value
distribution ofŴ becomes even sharper, with only the �rst several
values being signi�cantly larger. By removing these dominant values,
the magnitude of the residualR is dramatically reduced, askR kF =q P min( m;n )

i = r +1 � 2
i , compared to the original magnitude






 Ŵ








F
=

q P min( m;n )
i =1 � 2

i , where� i is the

i -th singular value ofŴ . Furthermore, Figure 4(d)(e) show thatR exhibits fewer outliers with a
substantially compressed value range compared toŴ . In practice, we further reduce quantization
errors by iteratively updating the low-rank branch through decomposingW � Q(R ) and adjusting
R accordingly for several iterations, and then picking the result with the smallest error.

4.3 NUNCHAKU : FUSING LOW-RANK AND LOW-BIT BRANCH KERNELS

Although the low-rank branch introduces negligible computation in theory, running it as a separate
branch incurs large latency overhead—approximately 50% of the 4-bit branch latency, as shown in
Figure 6(a). This occurs because, for a small rankr , even though the computational cost decreases
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signi�cantly, the input and output activation sizes remain unchanged, shifting the bottleneck from
computation to memory access. This issue worsens, especially when the activation cannot �t into the
GPU L2 cache. For example, in the diffusion transformer block, the up projection in the low-rank
branch for QKV projection is much slower since its output exceeds the available L2 cache, resulting
in the extra DRAM load and store operations. Fortunately, the down projectionL 1 in the low-rank
branch shares the same input as the quantization kernel in the low-bit branch, while the up projection
L 2 shares the same output as the 4-bit computation kernel, as illustrated in Figure 6(b). By fusing the
down projection with the quantization kernel and the up projection with the 4-bit computation kernel,
the low-rank branch can share the activations with the low-bit branch, eliminating the extra memory
access and halving the number of kernel calls. As a result, our low-rank branch adds only 5� 10%
latency, making it nearly cost-free.

5 EXPERIMENTS

5.1 SETUPS

Models. We benchmark our methods using FLUX.1 (Black-Forest-Labs, 2024), PixArt-� (Chen
et al., 2024a), SANA (Xie et al., 2025), Stable Diffusion XL (SDXL) (Podell et al., 2024) and
SDXL-Turbo (Sauer et al., 2024), including both the UNet (Ronneberger et al., 2015; Ho et al., 2020)
and DiT (Peebles & Xie, 2023) backbones. See Appendix B for more details.

Datasets.Following previous works (Li et al., 2023a; Zhao et al., 2024c;b), we randomly sample the
prompts in COCO Captions 2024 (Chen et al., 2015) for calibration. To evaluate the generalization
capability of our method, we sample 5K prompts from the MJHQ-30K (Li et al., 2024a) and the
summarized Densely Captioned Images (sDCI) (Urbanek et al., 2024) for benchmarking. See
Appendix C for more details.

Baselines.We compare SVDQuant against the following post-training quantization (PTQ) methods:

• 4-bit NormalFloat (NF4) is an information-theoretically optimal 4-bit data type for weight-only
quantization (Dettmers et al., 2023), which assumes that weights follow a normal distribution.
We use the community-quantized NF4 FLUX.1 models (Lllyasviel, 2024) as the baselines.

• ViDiT-Q (Zhao et al., 2024b) uses per-token quantization and smoothing (Xiao et al., 2023) to
alleviate the outliers across different batches and tokens and achieves lossless 8-bit quantization
on PixArt-� .

• MixDQ (Zhao et al., 2024c) identi�es the outliers in the begin-of-sentence token of text embedding
and protects them with 16-bit pre-computation. This method enables up to W4A8 quantization
with negligible performance degradation on SDXL-Turbo.

• TensorRT contains an industry-level PTQ toolkit to quantize the diffusion models to 8 bits. It uses
smoothing and only calibrates activations over a selected timestep range with a percentile scheme.

Metrics. Following previous works (Li et al., 2022; 2024b), we evaluate image quality and image
similarity with respect to the 16-bit models' results. For image quality assessment, we use Fréchet
Inception Distance (FID, lower is better) to measure the distribution distance between the generated
images and the ground-truth images (Heusel et al., 2017; Parmar et al., 2022). Besides, we employ
Image Reward (higher is better) to approximate the human rating of the generated images (Xu et al.,
2024a). We use LPIPS (lower is better) to measure the perceptual similarity (Zhang et al., 2018) and
Peak Signal Noise Ratio (PSNR, higher is better) to measure the numerical similarity of the images
from the 16-bit models. Please refer to our Appendix E.1 for more metrics (CLIP IQA (Wang et al.,
2023b), CLIP Score (Hessel et al., 2021) and SSIM§).

Implementation details. Please refer to Appendix D fore more details.

5.2 RESULTS

Visual quality results. We report the quantitative results in Table 1 across various models and
precision levels, and show some corresponding 4-bit qualitative comparisons in Figure 7. Among
all models, our 8-bit results can perfectly mirror the 16-bit results, achieving PSNR higher than 21,
beating all other 8-bit baselines. On FLUX.1-dev, our INT8 PSNR even reaches 27 on MJHQ.

§https://en.wikipedia.org/wiki/Structural_similarity_index_measure
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Table 1: Quantitative quality comparisons across different models. RTN stands for round-to-nearest. IR means
ImageReward. Our 8-bit results closely match the quality of the 16-bit models. Moreover, our 4-bit results
outperform other 4-bit baselines, effectively preserving the visual quality of 16-bit models.

MJHQ sDCI

Backbone Model Precision Method Quality Similarity Quality Similarity

FID (#) IR (" ) LPIPS (#) PSNR(" ) FID (#) IR (" ) LPIPS (#) PSNR (" )

DiT

FLUX.1
-dev

(50 Steps)

BF16 – 20.3 0.953 – – 24.8 1.02 – –

INT W8A8 Ours 20.4 0.948 0.089 27.0 24.7 1.02 0.106 24.9

W4A16 NF4 20.6 0.910 0.272 19.5 24.9 0.986 0.292 18.2
INT W4A4 Ours 19.9 0.935 0.223 21.0 24.2 1.01 0.240 19.7

NVFP W4A4 Ours 20.4 0.937 0.208 21.4 24.7 1.01 0.218 20.2

FLUX.1
-schnell
(4 Steps)

BF16 – 19.2 0.938 – – 20.8 0.932 – –

INT W8A8 Ours 19.2 0.966 0.120 22.9 20.7 0.975 0.133 21.3

W4A16 NF4 18.9 0.943 0.257 18.2 20.7 0.953 0.263 17.1
INT W4A4 Ours 18.3 0.951 0.258 18.3 20.1 0.979 0.260 17.2

NVFP W4A4 Ours 19.0 0.968 0.227 19.0 20.5 0.979 0.226 18.1

PixArt-�
(20 Steps)

FP16 – 16.6 0.944 – – 24.8 0.966

INT W8A8 ViDiT-Q 15.7 0.944 0.137 22.5 23.5 0.974 0.163 20.4
INT W8A8 Ours 16.3 0.955 0.109 23.7 24.2 0.969 0.129 21.8

INT W4A8 ViDiT-Q 37.3 0.573 0.611 12.0 40.6 0.600 0.629 11.2
INT W4A4 ViDiT-Q 412 -2.27 0.854 6.44 425 -2.28 0.838 6.70
INT W4A4 Ours 19.2 0.878 0.323 17.6 25.9 0.918 0.352 16.5

NVFP W4A4 Ours 16.6 0.940 0.271 18.5 22.9 0.971 0.298 17.2

BF16 – 20.6 0.952 – – 29.9 0.847 – –

SANA INT W4A4 RTN 20.5 0.894 0.339 15.3 28.6 0.807 0.371 13.8
-1.6B INT W4A4 Ours 19.3 0.935 0.220 17.8 28.1 0.846 0.242 16.2

(20 Steps) NVFP W4A4 RTN 19.7 0.932 0.237 17.3 29.0 0.829 0.265 15.6
NVFP W4A4 Ours 20.0 0.955 0.177 19.0 29.3 0.846 0.196 17.3

UNet

SDXL
-Turbo

(4 Steps)

FP16 – 24.3 0.845 – – 24.7 0.705 – –

INT W8A8 MixDQ 24.1 0.834 0.147 21.7 25.0 0.690 0.157 21.6
INT W8A8 Ours 24.3 0.845 0.100 24.0 24.8 0.701 0.110 23.7

INT W4A8 MixDQ 27.7 0.708 0.402 15.7 25.9 0.610 0.415 15.7
INT W4A4 MixDQ 353 -2.26 0.685 11.0 373 -2.28 0.686 11.3
INT W4A4 Ours 24.6 0.816 0.262 18.1 26.0 0.671 0.272 18.0

NVFP W4A4 Ours 24.4 0.832 0.231 18.9 25.2 0.688 0.238 18.9

SDXL
(30 Steps)

FP16 – 16.6 0.729 – – 22.5 0.573 – –

INT W8A8 TensorRT 20.2 0.591 0.247 22.0 25.4 0.453 0.265 21.7
INT W8A8 Ours 16.6 0.718 0.119 26.4 22.4 0.574 0.129 25.9

INT W4A4 Ours 20.6 0.601 0.288 21.0 26.2 0.477 0.307 20.7
NVFP W4A4 Ours 18.3 0.640 0.250 21.8 23.9 0.502 0.261 21.7

For 4-bit quantization, NVFP4 outperforms INT4, thanks to the native hardware support of smaller
microscaling group size on Blackwell. On FLUX.1, our SVDQuant consistently surpasses the
NF4 W4A16 baseline regarding all metrics. For the dev variant, our method even exceeds the
original BF16 model regarding Image Reward, suggesting stronger human preference. On PixArt-� ,
while our INT4 method shows slight degradation, our NVFP4 model achieves a comparable
score to the FP16 model. This is likely due to PixArt-� 's highly compact model size (600M
parameters), which bene�ts from a smaller group size. Remarkably, our INT4 and NVFP4 models
signi�cantly outperform ViDiT-Q's W4A8 results by a large margin across all metrics. Note that
our FP16 PixArt-� model differs slightly from ViDiT's, though both offer the same quality. For
fair comparisons, ViDiT-Q's similarity results are calculated using their FP16 results.

For UNet-based models, on SDXL-Turbo, our 4-bit models substantially outperform MixDQ W4A8,
and our FID scores are on par with the FP16 models, indicating no quality loss. On SDXL, our
INT4 and NVFP4 results achieve comparable quality to TensorRT's W8A8 performance, which
represents the 8-bit SoTA. As shown in Figure 14 in the Appendix, our visual quality only shows
minor degradation.

Memory save and speedup.In Figure 8, we report measured model size, memory savings, and
speedup for FLUX.1. Our INT4 and NVFP4 quantization reduce the original transformer size from
22.2 GiB to 6.1 GiB, including a 0.3 GiB overhead due to the low-rank branch, resulting in an
overall 3.6× reduction. Since both weights and activations are quantized, compared to the NF4
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Figure 7: Qualitative visual results on MJHQ. Image Reward is calculated over the entire dataset. On FLUX.1
models, our 4-bit models outperform the NF4 W4A16 baselines, demonstrating superior text alignment and
closer similarity to the 16-bit models. For instance, NF4 misses the swinging chair in the top right example.
On PixArt-� and SDXL-Turbo, our 4-bit results demonstrate noticeably better visual quality than ViDiT-Q's
and MixDQ's W4A8 results.

Figure 8: SVDQuant reduces the 12B FLUX.1 model size by 3.6× and cuts the 16-bit model's memory usage
by 3.5×. With Nunchaku, our INT4 model runs 3.0× faster than the NF4 W4A16 baseline on both desktop and
laptop NVIDIA RTX 4090 GPUs. Notably, on the laptop 4090, it achieves a total 10.1× speedup by eliminating
CPU of�oading. Our NVFP4 model is also 3.1× faster than both BF16 and NF4 on the RTX 5090 GPU.

weight-only-quantized variant, our inference engine Nunchaku even saves more memory footprint.
It offers a 3.0× speedup on both desktop- and laptop-level NVIDIA RTX 4090 GPUs with INT4
precision and a 3.1× speedup on the RTX 5090 GPU with NVFP4 precision, compared to both NF4
and the original 16-bit models. Notably, while the original BF16 model requires per-layer CPU
of�oading on the 16GB laptop 4090, our INT4 model �ts entirely in GPU memory, resulting in a
10.1× speedup by avoiding of�oading.

Integrate with LoRA. Previous quantization methods require fusing the LoRA branches and
re-quantizing the model when integrating LoRAs. In contrast, our Nunchaku eliminates redundant
memory access, allowing adding a separate LoRA branch. In practice, we can fuse the LoRA branch
into our low-rank branch by slightly increasing the rank, further enhancing ef�ciency. In Figure 9,
we exhibit some visual examples of applying LoRAs of �ve different styles (Realism, Ghibsky
Illustration, Anime, Children Sketch, and Yarn Art) to our INT4 FLUX.1-dev model. Our INT4
model successfully adapts to each style while preserving the image quality of the 16-bit version.
For more visual examples, see Appendix E.2. For FLUX.1-schnell, we further support LoRAs from
one-step conditional model pix2pix-turbo (Parmar et al., 2024), enabling additional controls like
sketch. An interactive demo is available here.
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