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Abstract—Accurate and efficient 3D photoresist simulation is
essential for optical lithography at advanced technology nodes.
Existing methods that predict 3D resist profiles from aerial images
either rely on analytical reaction—diffusion solvers, which are
slow, or on high-capacity 3D generative models, which are costly
to train and deploy. We instead formulate 3D resist prediction as
a depth-wise 2D generation task conditioned on the aerial image.
DiffResist introduces a physics-constrained diffusion model whose
reverse steps are aligned with resist exposure physics: a two-
stage noise schedule connects physically meaningful layers to
a Gaussian prior, and boundary conditions at the resist-air
interface are injected to suppress error propagation. Combined
with a lightweight super-resolution module, DiffResist achieves
state-of-the-art accuracy on a public benchmark with over 10x
faster inference than 3D diffusion baselines.

I. INTRODUCTION

Optical lithography dominates both the cost and perfor-
mance of modern integrated-circuit manufacturing, accounting
for a large fraction of total fabrication cost [1]-[5]. Accurate,
fast simulation is therefore indispensable for yield control
and turnaround time reduction, and the photoresist process is
especially critical: imperfect resist modeling directly translates
into edge-placement errors at advanced nodes.

Resist simulation is commonly divided into 2D and 3D
modeling. 2D approaches predict top-down or cross-sectional
profiles from pre-computed aerial images using threshold-
based or data-driven models [3], [6]-[10]. They are lightweight
but cannot capture complex photo-chemical phenomena in
thick resists and EUV settings. 3D models simulate volumetric
resist profiles via coupled reaction—diffusion equations and
related analytical formulations [11]-[14]. While physically
interpretable, such solvers are slow to evaluate and increasingly
difficult to calibrate at nanoscale dimensions.

Learning-based methods offer an attractive alternative. The
task can be viewed as predicting a sequence of 2D inhibitor
concentration maps along depth, conditioned on a given aerial
image, reminiscent of video prediction [15]-[18]. Direct 3D
diffusion models are computationally heavy, while purely
sequential predictors (e.g., recurrent or autoregressive models)
suffer from error accumulation along depth [19], [20]. Unlike
open-ended video generation, 3D resist simulation benefits
from well-studied exposure physics that can act as strong priors
to regularize learning and control error propagation.

To exploit these physical priors while maintaining efficiency,
we propose DiffResist, a physics-constrained diffusion frame-
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work for 3D photoresist profile simulation. Instead of learning
a full 3D mapping, DiffResist performs diffusion on a down-
sampled 2D grid and aligns each reverse step with one physical
layer in the resist stack. A two-stage noise schedule separates
physically meaningful layers from auxiliary warm-up steps that
connect the bottom layer to a Gaussian prior. Boundary con-
ditions at the resist—air interface are injected into the reverse
process to correct the top layer, and a lightweight residual
super-resolution network upsamples the low-resolution stack
to the target resolution.

In short, DiffResist (i) reformulates volumetric prediction
as a physics-aligned 2D diffusion process, (ii) integrates resist
exposure physics and a two-stage noise schedule to mitigate
error accumulation along depth, and (iii) uses a small super-
resolution head to reconstruct high-resolution 3D profiles,
achieving state-of-the-art accuracy with over 10x faster in-
ference than 3D diffusion baselines.

II. DIFFRESIST: PHYSICS-CONSTRAINED DIFFUSION
A. Overview and Physics

We consider a standard positive-tone resist exposure
model [21], where light intensity I(h,¢) and normalized in-
hibitor concentration M (h,t) € [0, 1] satisfy coupled reaction—
diffusion equations along depth h and time ¢ [11], [12]. The
aerial image R(z,y) acts as a boundary condition at the resist
surface h = 0. In particular, for a given exposure duration 7',
the top-layer inhibitor at the air—resist interface has the closed
form My(R) = exp(—RCT') for a known material constant
C. Classical simulators step these equations in time and then
apply a bulk development model [22] to derive the final resist
profile, which is accurate but time-consuming.

DiffResist instead directly predicts the final fractional in-
hibitor volume M (h,T) along depth, discretized as slices
My, ...,Mp_1 from the resist surface to the bottom. As
shown in Fig. 1, the method has two stages: a physics-
constrained 2D diffusion model that predicts a low-resolution
3D inhibitor stack, and a lightweight super-resolution network
that reconstructs the final high-resolution volume.

B. Depth-Wise 2D Diffusion

We represent the 3D inhibitor volume as a stack of D 2D
slices M, € [0, 1]%*W and run diffusion on a down-sampled
grid. During training, slices {M$*#}1" ! are available from a
simulator. The forward process is defined so that physical lay-
ers My.p—1 remain deterministic (equal to simulator outputs),

while an extra short segment of length Dp is diffused towards



a Gaussian prior, following the DDPM construction [23]. The
last state in this segment approximates N(0, I).

The reverse process starts from this Gaussian state and
sequentially predicts My from M, conditioned on the aerial
image R. We use a noise-prediction network €y(My, d, R) and
a closed-form Gaussian update as in DDPM, but with one
key change: the top layer is always anchored to the analytic
boundary condition instead of being fully learned. The reverse
update at step d is

My = /ag—1 My(R) + kqg€g(Mg,d,R) + 04z, (1)

where &1 and k4 are pre-computed scalars, z ~ N(0, I),
the first term injects the exact surface profile My(R), and the
second term provides a learned directional correction.

To reflect that My.p_1 are deterministic given R, we use
a two-stage variance schedule: for steps corresponding to
physical layers we set 02 ~ 0 (removing sampling noise
and preventing error accumulation along depth), whereas for
the auxiliary warm-up segment we gradually increase o3 to
connect the bottom layer to the Gaussian prior. Training
follows the standard DDPM noise-prediction objective [23]. At
inference, we start from a Gaussian sample, apply Equation (1)
for all steps, and finally take the first D slices as the predicted
low-resolution 3D inhibitor volume.

C. Lightweight Super-Resolution

To further reduce cost, DiffResist operates on spatially
down-sampled inputs and predicts a low-resolution stack
Moy € [0,1]7 "XW'XD The resist inhibitor field is smoother
than natural images, so high-resolution reconstruction from
Moy is feasible. We employ a lightweight residual super-
resolution network of the form

Mhigh - g(MQW7 R) + UP(Mlow)v

where g is a small CNN conditioned on the aerial image R, and
UP denotes non-parameterized bilinear interpolation. Down-
sampling by factors (Mg, Aw, Ap) along height, width, and
depth yields an approximate Ay Ay Ap reduction in compute.
After super-resolution, the final printed pattern is obtained via
a bulk development model [22], using Mgy as input.

III. EXPERIMENTS AND CONCLUSION

We evaluate DiffResist on LithoBench [24], which con-
tains 16,472 tiles with ground-truth 3D resist profiles from
the analytical simulator TorchResist [25]. We use its 2000-
step outputs as references. The simulator produces inhibitor
volumes at 7 nm/pixel with size (75,147,147); in DiffResist,
we down-sample by (Mg, Aw, Ap) = (3,3,5) to (15,49, 49),
set D = 15 physical layers and a short warm-up segment, and
adopt a U-Net backbone [26] with a two-stage noise sched-
ule. A small dual-branch residual super-resolution network is
conditioned on the aerial image.

We compare against two direct 3D diffusion baselines, 3D-
DDPM [23] and 3D-DDIM [27], and two sequential baselines,
SVG [16] and SVG-RNN [28]. All methods operate on the
same down-sampled volume and use bilinear upsampling when

Forward Process

Fixed Steps
Noise Scheduler 1
Photoresist Modeling

Extended Steps
Noise Scheduler 2 ]
Initialization Estimation |
|

F--

- o -
. - - -
- | -
' - (> - -1 -1
- - -
= - | - -
| Aerial Image R M, M, Mp_; Mp.p,-1

Boundary Constraint Correction from Constraint

Regular Reverse Step

Reverse Process

Fig. 1 Overview of DiffResist. A physics-constrained 2D
diffusion model predicts a low-resolution 3D inhibitor volume,
which is then upsampled by a super-resolution network.

TABLE I Results on LithoBench [24]. PD: Pixel Difference;
EPE in nm.

Method | MSE PD EPE-max EPE-mean
3D-DDPM 4.14 x 10~2 19.10% 40.47 10.17
3D-DDIM 3.79 x 102 18.54% 39.52 9.86

SVG 1.41 x 10~3 2.18% 19.14 7.73
SVG-RNN 7.39 x 10~4 1.02% 17.06 4.62
DiffResist 417 x 10~ 0.85% 13.64 2.56

needed. We report mean squared error (MSE) between pre-
dicted and reference inhibitor volumes, Pixel Difference (PD)
between binarized printed images [25] in percent, and edge
placement error (EPE-mean and EPE-max, in nm) [6].

TABLE 1 summarizes the quantitative results. Direct 3D
diffusion methods (3D-DDPM and 3D-DDIM) incur relatively
large errors (MSE ~ 4 x 1072, PD ~ 19%, EPE-mean
~ 10 nm) despite using large 3D models. Sequential baselines
(SVG and SVG-RNN) are more efficient and substantially
more accurate, but their purely autoregressive design is still
affected by error accumulation along depth.

In contrast, DiffResist achieves the best accuracy on all
metrics while keeping the model compact. It reduces MSE
to 4.17 x 10~* and PD to 0.85%, and lowers EPE-mean from
4.62nm (SVG-RNN) to 2.56 nm and EPE-max from 17.06 nm
to 13.64nm. In terms of runtime, 3D-DDPM needs 6.45 s per
tile with EPE-mean 10.17 nm, whereas DiffResist attains EPE-
mean 2.56 nm in about 0.44 s per tile, i.e., over 10x faster for
markedly better accuracy.

DiffResist reforms 3D photoresist profile prediction as a
physics-constrained 2D diffusion problem. By aligning diffu-
sion steps with physical depth, injecting the resist—air boundary
condition into the reverse process, and confining stochasticity
to a short warm-up segment, it mitigates error accumulation
that plagues generic sequential models. A lightweight resid-
ual super-resolution network further reduces computational
cost by operating on down-sampled volumes. Experiments on
LithoBench with TorchResist references show that DiffResist
achieves state-of-the-art accuracy and over 10x faster infer-
ence than 3D diffusion baselines; extending the framework
with additional physical priors and to transient or stochastic
resist processes is a promising direction for future work.
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