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Abstract

Diffusion models have demonstrated remarkable effec-
tiveness as generative models, but their high computational
cost, caused by the iterative denoising process and compu-
tationally heavy backbone networks, remains a major bar-
rier to on-device and real-time deployment. Modulated
Diffusion (MoDiff) provides a post-training quantization
framework that supports highly efficient low-bit activation
quantization. However, prior work evaluates the accelera-
tion benefits of MoDiff only through operation-count analy-
sis, without validating them on real hardware. In this paper,
we present a kernel implementation of MoDIiff for practical
hardware acceleration. In particular, we propose a cache-
update fusion paradigm that eliminates additional I/O oper-
ations during inference. Experiments and ablation studies
demonstrate that our implementation achieves up to a 1.8%
runtime speedup over FP32 models and up to a 42.2% re-
duction in memory I/O usage compared to FP32.

1. Introduction

Diffusion models achieve state-of-the-art generative perfor-
mance in both image and language domains [1-3]. They
generate complex outputs by iteratively refining noise sam-
ples via a learned reverse diffusion process [ 1, 4]. However,
this iterative denoising and the use of heavy backbones in-
cur high inference overhead, limiting deployment on edge
devices [3].

Quantization improves efficiency by converting high-
precision floating-point values to low-precision integers,
reducing memory and computation [5, 6]. While weight
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quantization is relatively straightforward, activation quanti-
zation is harder due to wide dynamic ranges and outliers [7].
As a result, mismatched bitwidths between weights and ac-
tivations (e.g., W4A8 or W1A4) often reduce the effective-
ness of hardware acceleration.

Modulated Diffusion (MoDiff) [8] is a recent method
that alleviates the challenges of low-bit activation quanti-
zation. Exploiting redundancy across consecutive genera-
tion steps, MoDiff can be combined with existing schemes
to reduce activation precision from 8 bits to 4 bits without
degrading performance. However, its benefits have so far
been assessed only theoretically, in terms of model size and
binary operations (BOPs), and its practical acceleration has
not been studied.

We address this gap by designing efficient kernel func-
tions for MoDiff. We refine its notation to identify shared
cache memory across the computation pipeline, and de-
velop fused kernels for normalization and convolution lay-
ers to remove extra cache I/O. Experiments with the CUT-
LASS library show up to 1.8 x GPU speedup, moving diffu-
sion models closer to practical edge deployment. Our main
contributions are as follows:

* We identify where cache memory is shared in the forward
pipeline, providing guidance for kernel design.

* We build the kernels using the CUTLASS library and fuse
the cache-update operations into the layer kernels to avoid
excessive I/0O overhead.

* We conducted benchmarking experiments and demon-
strated performance optimizations in both computational
throughput and memory-access efficiency.



2. Related Work
2.1. Diffusion Models

Diffusion models constitute a major advancement in gener-
ative modeling, facilitating notable progress in image syn-
thesis, video generation, and molecular design [2, 9, 10].
These models function by gradually adding noise to data
and then learning to reverse this process to generate new
samples [11]. However, the iterative denoising process of
diffusion models leads to high computational costs, limit-
ing their applicability to edge devices and real-time sce-
narios [9, 12]. To address this issue, numerous studies
have sought to reduce the number of sampling steps by de-
veloping more advanced ODE solvers. For instance, De-
noising Diffusion Implicit Models (DDIMs) propose a non-
Markovian formulation of the diffusion process, thereby
substantially reducing the required sampling steps [13].

2.2. Modulated Diffusion

In contrast to approaches that reduce the number of denois-
ing steps, quantization aims to enhance the inference effi-
ciency of diffusion models by encoding floating-point val-
ues as low-bit integers [14, 15]. Post-training quantization
(PTQ) is particularly appealing because it eliminates the
need for retraining [16]. However, PTQ faces significant
challenges in activation quantization due to the presence of
activation outliers and dynamic input ranges [17-24]. Ad-
ditionally, discrepancies in bitwidth between weights and
activations further diminish the computational efficiency of
quantization on hardware [25].

Modulated Diffusion Models (MoDiff) [8] introduce a
general framework to address activation-quantization chal-
lenges in PTQ methods. By exploiting redundancy through-
out the generation process and incorporating error compen-
sation mechanisms, MoDiff reduces quantization error and
prevents error accumulation. As a result, MoDiff reduces
activation quantization from 8§ bits to 4 bits without com-
promising performance relative to existing baselines. Nev-
ertheless, the original evaluation of MoDiff is limited to the-
oretical bit-operation (BOP) analysis and does not include
empirical hardware-acceleration results.

3. Method

This section details the kernel implementation of MoDiff.
We begin by refining the notation of MoDiff to clearly dis-
tinguish integer operations from floating-point operations.
We then describe how the kernels are fused with cache up-
dates in the U-Net architecture.

3.1. Integer Arithmetic Formulation

Diffusion Models. sing Denoising Diffusion Probabilis-
tic Models (DDPMs) as an example [9], the forward process
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Figure 1. Kernel Design for MoDiff. The quantization opera-

tion and the update of éil) are fused into the normalization layers,

while the dequantization operation and the update of 6?) are fused
into the computational layers.

incrementally adds noise to the image at each step, gradu-
ally transforming the data distribution into a standard Gaus-
sian distribution:

q(x¢|xe—1) = N(x¢; /1 — Bixe—1, Be]). (D

Meanwhile, the reverse process progressively denoises the
Gaussian distribution, reconstructing the original image dis-
tribution step by step with a denoising network:

p@(xt71|Xt> :N<thl;,u9(xt7t)7o-152])a (2)

where 119 (x¢, t) is predicted by a neural network, while o} is
typically set to 3;. With this parametrization, the sampling
process can be expressed as:

Xt—1 =

1
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where @; = []'_, (1 — B:), and eg(x, t) represents a U-Net
that predicts the noise.

Quantization. Given FP input x, the quantizer () converts
x into an integer X;,, and the dequantizer ) converts it back
to the floating-point numbers Xgeq:

Xim = Q(x) = clamp( m $20,2 1), @

Xdeq = Q(Xint) = S(Xint - z)u (5)



where b represents the quantization bitwidth, and clamp(-)
enforces value cut-offs between two integer bounds. The
parameters s and z correspond to the scale factor and zero
point, respectively. For notational simplicity, we denote in-
teger numbers with INT8/INT4 and floating-point numbers
with FP32, where the numbers indicate the bitwidth.

Modulated Diffusion. Modulated diffusion operates on
linear operators in the denoising network, such as linear and
convolutional layers. We take the [-th convolutional layer as

an example. Its weight tensor is quantized, and for simplic-

ity we denote the quantized weight as wl(rll)t We use * to

denote FP convolution and ® to denote INT convolution.

At time step t, the input and output of the [-th convolutional

layer are denoted by agl) and ogl) = wl(rll)t * agl), respec-

tively. Since the temporal difference agl) — a§21 is more
amenable to quantization, modulated quantization applies
the activation quantizer Q) to this difference and uses it to

approximate ogl) with 6,@:
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where t =T — 1,...,1, and égl) serves as an intermedi-

ate variable to prevent error accumulation during genera-
tion by ensuring 6,@ = A(éﬁl)). The process is initialized
with égf) = ag) and 655) = wl(rll)t * ag). The rewrite shows
that all convolutional operations are performed using inte-
ger arithmetic. Although this approach is effective, intro-
ducing the caches éil) and 6§l) necessitates accumulating
historical computations, which poses challenges for kernel

design in hardware acceleration.

3.2. Kernel Fusion

We design specialized kernel fusion methods for MoD-
iff to integrate cache accumulation into layer computation,
thereby avoiding additional I/O overhead [26-28]. Specifi-
cally, in the backbone, each convolutional layer is preceded
by a GroupNorm layer. Therefore, we fuse the quantizer )
and the update of the cache &, into the GroupNorm layer.
We further fuse the dequantization operation Q and the up-
date of the cache 6, into the post-accumulation stage of
the convolutional layer. As shown in Figure 1, the Group-
Norm layer takes the FP32 input agl) and the cache égﬂzl
as inputs, and produces two outputs: the integer activa-

tion Q) (agl) — églle) for the subsequent forward com-

putation, and the FP32 cache aﬁ” for the next diffusion

step. The convolutional layer then takes the integer in-
put QW (aﬁl) — égl) together with the cache 6&21, and

outputs the FP32 activation 69 for forward propagation,

which is also stored as the cache for the next step. Our de-
sign avoids additional I/O operations for the cache, improv-
ing the efficiency of the low-bit inference pipeline [27].

4. Experiments

In this section, we evaluate the performance of our imple-
mentation on benchmark tasks. We begin by introducing
the experimental settings. We then present the main results
with runtime measurements. Finally, we conduct ablation
studies for a fine-grained analysis of the acceleration.

4.1. Experimental Settings

Dataset, Model, and Measurement. We conduct exper-
iments on the LSUN-Church-Outdoor dataset at a resolu-
tion of 256 x 256 [29]. For the model, we use a Latent
Diffusion Model with a downsampling factor of 8, denoted
LDM-8 [30]. We use the DDIM sampler with 200 sampling
steps and n = 0 [13]. To assess the model’s efficiency, we
measure the runtime per generated sample and the DRAM
transfer volume. We also report the Fréchet Inception Dis-
tance (FID) [31] evaluated on 50k generated images to as-
sess the generation quality.

Quantization Method. We apply channel-wise static
MSE quantization for the weights and dynamic tensor-wise
quantization for the activations. To better handle activation
outliers, we integrate SmoothQuant using training images
from LSUN-Churches [23].

Hardware and Computation Platform. We conduct
experiments on an NVIDIA A40 GPU running Ubuntu
22.04 Server. Our software environment uses CUDA
12.4.1, Python 3.11, and PyTorch 2.4.0.

4.2. Main Results

We generate 128 images with a batch size of 32 to evalu-
ate runtime efficiency. Our experiments are conducted un-
der FP32, INT8, and INT4 settings. For notational simplic-
ity, we denote each configuration by its quantization method
and precision. For instance, the method without modulated
computation under INT8 precision is denoted as “Baseline
INT8”, while the method with modulated computation is
denoted as “MoDiff INT8”. We draw the following conclu-
sions from the results.

Running Time Speedup. As shown in Table 1, MoDiff
achieves significant speedups over FP32 generation. Specif-
ically, INT8-quantized generation with MoDiff achieved a
speedup of 1.668 x, while INT4-quantized generation with
MoDiff achieved a speedup of 1.800%. It demonstrates the
effectiveness of the optimizations and highlights MoDiff’s
potential to accelerate deep learning models.

Efficient Memory Usage. As shown in Table 1, the
DRAM transfer is substantially lower than that of FP32. For



Table 1. Running time and DRAM transfer comparison on LSUN-Churches. DRAM transfers include weight, activation, output, cache
read, and cache write. Speedup and DRAM transfer reduction are calculated against FP32.

Runtime ‘ DRAM Transfer (GB)
Mode ms/Sample  Speedup ‘ Weight Act Output Cache Rd Cache Wr Total  Ratio
FP32 613.4 1.000x 2192 263 19.2 0.0 0.0 264.6 100%
Baseline INT8 333.0 1.842x 66.2 263 19.2 0.0 0.0 111.6 422%
MoDiff INTS8 (Ours) 367.7 1.668 < 66.2 263 19.2 51.6 36.9 200.2 75.6%
Baseline INT4 306.2 2.003 % 426 263 19.2 0.0 00 88.0 332%
MoDiff INT4 (Ours) 340.9 1.800 % 426 263 19.2 51.6 369 176.6 66.7%

Table 2. Component-wise time cost and speedup. The speedup is
compared to FP32.

Component FP32 ‘ INT8  Speedup ‘ INT4 Speedup
Conv2d 1410.0 | 1355.3 1.04x | 1126.3 1.26x
Attention 1378.5 | 750.4 1.77x | 268.8 1.84x
Linear 69.4 | 5524 0.13x | 547.1 0.13x
GroupNorm 75 1.7 0.98x 60.1 1.00x
SiLU 21.1 444 0.48x 166.2 0.35x%

example, MoDiff INT4 uses only 66.7% of the memory re-
quired by FP32. Although the DRAM transfer increases
slightly relative to the baseline due to additional cache 1/O,
the overall memory savings remain promising.

Generation Quality. We evaluate the generation qual-
ity under different precision settings. With our kernels, the
FID for FP32 is 5.73, for INT8 is 5.85, and for INT4 is
14.80. It shows that low-precision activations can still pre-
serve generation quality, aligning with the results reported
in the MoDiff paper.

4.3. Ablation Study

We conduct ablation studies to provide a fine-grained anal-
ysis of the performance gains achieved by our kernels. We
first partition the model into its individual components and
evaluate the runtimes. We then investigate how different
shapes affect the acceleration achieved in convolution.

Computational Cost Breakdown. As shown in Ta-
ble 2, most of the runtime accounts for the convolutional
and linear layers. Our kernels reduce the runtime of both
convolutional and linear layers. However, the remaining
non-quantized layers still contribute significantly to the total
computation, which explains why the overall optimization
does not achieve the theoretical optimum.

Layer-Wise Analysis. To study the fine-grained accel-
eration behavior, we report the runtime for convolutional
layers with different shapes. As shown in Table 3, most
convolutional layers in LDM have a large number of chan-
nels. With these layers accounting for the majority of the
computation, the achieved acceleration is substantial. The

Table 3. Layer-wise speedup analysis across convolutional lay-
ers with different shapes. Here, C;,, denotes the number of input
channels, C,,,; denotes the number of output channels, and K de-
notes the kernel size. Count indicates how many times each layer
shape appears in the model. The speedup is compared to FP32.

(Cin, Cout, X)  Count | FP32 | INT8 Speedup | INT4 Speedup
(1536, 768, 3) 5103677 | 01452 2.53x | 0.0802  4.59x
(768, 768, 3) 23 | 0.2220 | 0.0791 2.81x | 0.0439  5.06x
(384,384, 3) 21 | 0.1508 | 0.0518  291x | 0.0332  4.54x
(192, 192, 3) 9 | 0.1434 | 0.0802 1.79x | 0.0479  2.99x
(576,192, 3) 1] 0.0712 | 0.0654 1.09% | 0.0373 1.91x
(768,384, 1) 41 0.0370 | 0.0251 1.47x | 0.0218 1.70x
(384,192, 1) 2| 0.0353 | 0.0228 1.55% | 0.0213 1.65x

(b) INT8 .

(a) FP32 (c) INT4

Figure 2. Generation Results Visualization.

results demonstrate that our kernels provide significant im-
provements in computational efficiency.

4.4. Visualization

We provide the visualization of the generated images in
Fig. 2. The results show that the low-bit quantization can
still preserve the generation quality.



5. Conclusion

In this paper, we present a practical kernel implementation
of MoDiff to bridge the gap between theoretical quantiza-
tion efficiency and real hardware acceleration for diffusion
models. By introducing a cache-update fusion paradigm,
our method eliminates additional I/O overhead during in-
ference and enables efficient low-bit activation quantiza-
tion in practice. Extensive experiments and ablation studies
show that our implementation achieves up to 1.8x runtime
speedup over FP32 models and reduces memory 1/O usage
by up to 42.2%, demonstrating its effectiveness for accel-
erating diffusion model inference on hardware. These re-
sults highlight the promise of hardware-aware post-training
quantization for improving the deployability of diffusion
models in on-device and real-time scenarios. In future
work, we will extend our evaluation to more datasets and
model architectures, and compare against a broader set of
quantization baselines to further validate the generality and
effectiveness of our approach.
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