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When Does Diffusion Purification Amplify Perturbations?
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Abstract

Diffusion-based purification improves adversar-
ial robustness by denoising perturbed inputs be-
fore classification, but the temporal behavior of
the reverse process remains less understood. In
this work, we study the temporal sensitivity of
diffusion purification. Shared-noise clean and
adversarial trajectories show a non-monotonic di-
vergence pattern, increasing during early reverse
stages and partially decreasing near the final out-
put. To move beyond this trajectory-level observa-
tion, we perform controlled perturbation injection
at different reverse steps. We observe that pertur-
bations introduced earlier in the reverse process
tend to have a larger effect on the final purified
output than those introduced later, providing ev-
idence for a temporally non-uniform sensitivity
structure in this purification setting. We further
show that a simple early-stage damping interven-
tion systematically changes the trade-off between
clean preservation and adversarial recovery. Our
results suggest that, in the studied score-based pu-
rification setting, diffusion purification does not
behave as a uniformly stabilizing process across
time; instead, its robustness behavior appears
strongly influenced by early reverse dynamics.

1. Introduction
Deep neural networks are known to be vulnerable to ad-
versarial examples, where small and often imperceptible
perturbations can lead to incorrect predictions (Goodfellow
et al., 2015; Madry et al., 2018). Evidence of such vulnera-
bilities in high-stakes applications, from medical diagnosis
(Finlayson et al., 2019) to autonomous driving (Eykholt
et al., 2018), has made adversarial defense an important
research direction. Adversarial purification offers a test-
time defense strategy: instead of modifying the classifier, it
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attempts to transform a perturbed input back toward the nat-
ural image manifold before classification (Song et al., 2018;
Samangouei et al., 2018; Yoon et al., 2021). With the rapid
progress of diffusion and score-based generative models
(Ho et al., 2020; Song et al., 2021b), diffusion-based purifi-
cation has emerged as a promising direction for adversarial
robustness (Yoon et al., 2021; Nie et al., 2022; Wang et al.,
2022; Carlini et al., 2023). The core idea is to add noise
to an input and then use the reverse diffusion process to
recover a clean image, thereby reducing adversarial effects
before classification.

Despite these encouraging results, relatively less attention
has been paid to the temporal behavior of the reverse dif-
fusion process in adversarial purification. Existing work
mainly evaluates purification through final robust accuracy,
adaptive attacks, or improved guidance mechanisms (Nie
et al., 2022; Lee & Kim, 2023; Lin et al., 2025; Bai et al.,
2024; Li et al., 2025). These studies have significantly ad-
vanced diffusion-based defenses, but they mostly focus on
input-output behavior rather than the internal temporal dy-
namics of the reverse trajectory. In particular, it remains un-
clear whether perturbations are suppressed uniformly across
reverse steps, or whether some stages are more sensitive
than others. This question is important because adaptive
attacks against purification methods often interact with the
reverse process itself (Athalye et al., 2018; Croce & Hein,
2020; Kang et al., 2023).

In this work, we study diffusion purification through the
lens of temporal sensitivity. Rather than only evaluating
the final purified output, we analyze how clean–adversarial
discrepancies evolve along the reverse trajectory. In a score-
based purification pipeline with shared noise, we observe
that the discrepancy is not monotonically reduced, but can
transiently increase during early-to-middle reverse stages be-
fore partially decreasing near the output. We further isolate
this effect using controlled perturbation injection. Pertur-
bations introduced earlier in the reverse process tend to
have a larger influence on the final output than those intro-
duced later, suggesting a reproducible temporal sensitivity
pattern in the studied reverse dynamics. To test whether
this sensitivity affects purification outcomes, we introduce
a simple early-stage damping intervention and find that it
shifts the trade-off between clean preservation and adversar-
ial recovery. Overall, our results suggest that, in the studied
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score-based setting, diffusion purification is not uniformly
stabilizing across time. Instead, early reverse dynamics can
play an important role in the final robustness trade-off.

Our main contributions are:

1 We empirically identify temporal non-uniform sensi-
tivity in score-based diffusion purification.

2 We show through perturbation injection that early re-
verse stages have larger final-output influence than later
stages.

3 We show that early-stage damping shifts the clean–
adversarial purification trade-off.

2. Related work
2.1. Diffusion-Based Adversarial Purification

Diffusion models generate samples by gradually adding
noise through a forward process and then recovering clean
samples through a learned reverse denoising process, which
can be formulated either as a discrete Markov chain (Ho
et al., 2020) or as a continuous-time stochastic differential
equation (SDE) (Song et al., 2021b). This reverse process
is central to generation quality, controllability, and stability,
and has motivated improvements such as guided diffusion
(Dhariwal & Nichol, 2021), accelerated sampling (Song
et al., 2021a), and timestep respacing. In adversarial purifi-
cation, diffusion models are used as test-time denoisers: a
perturbed input is first noised and then passed through the
reverse process to obtain a purified sample before classifi-
cation (Song et al., 2018; Samangouei et al., 2018; Yoon
et al., 2021; Nie et al., 2022; Wang et al., 2022). A represen-
tative example is DiffPure (Nie et al., 2022), which shows
strong empirical robustness by applying reverse diffusion to
remove adversarial perturbations. Follow-up methods fur-
ther improve purification through guidance mechanisms and
model variants, including adversarial guidance (Lin et al.,
2025), contrastive guidance (Bai et al., 2024), and diffu-
sion bridge models (Li et al., 2025). However, these works
mainly evaluate the final purified output and downstream
classifier accuracy. The internal behavior of the reverse
trajectory, especially how small perturbations evolve across
timesteps, remains less explicitly analyzed.

2.2. Robustness Evaluation of Purification Defenses

Several studies have raised concerns about the robustness
of purification-based defenses and the difficulty of reliable
evaluation. It is well known that defenses relying on gen-
erative models may suffer from obfuscated gradients or
evaluation artifacts (Athalye et al., 2018). Reliable evalu-
ation protocols such as AutoAttack (Croce & Hein, 2020)
have been widely adopted to address these issues.

In the context of diffusion-based purification, recent work
has proposed stronger adaptive attacks that explicitly target
the purification process. For example, DiffAttack (Kang
et al., 2023) demonstrates that diffusion-based defenses can
be bypassed when the attacker accounts for the stochastic
reverse process. Other studies have also highlighted the im-
portance of careful evaluation and the potential gap between
apparent and true robustness (Lee & Kim, 2023).

These findings suggest that understanding the internal dy-
namics of purification is important, as robustness cannot be
fully characterized by final accuracy alone.

2.3. Timestep-Aware and Error-Propagation Analyses
in Diffusion

Recent work has shown that different timesteps in diffu-
sion models can play different roles. For example, P2
weighting reweights the training objective across noise lev-
els and shows that some denoising stages are more important
for learning perceptually meaningful structure (Choi et al.,
2022). Fast samplers such as DDIM and DPM-Solver also
rely on the fact that the reverse process can be modified or
discretized in non-uniform ways while preserving sample
quality (Song et al., 2021a; Lu et al., 2022). Progressive
distillation further reduces the number of sampling steps
by repeatedly distilling a slow sampler into a faster one,
showing that the temporal structure of the reverse process
can be compressed (Salimans & Ho, 2022).

Error propagation has also been studied in diffusion models,
especially in the context of generation quality and model
compression. Li & van der Schaar (2024) analyze how er-
rors accumulate in diffusion models due to their sequential
structure and propose a regularization method to reduce this
effect . In quantized diffusion models, several works ob-
serve that quantization errors can accumulate across denois-
ing steps, and propose timestep-aware correction or cross-
timestep compensation strategies to improve low-precision
sampling (Yao et al., 2024; Chen et al., 2024; Li & Du,
2025; Liu et al., 2025). These studies provide important
evidence that diffusion timesteps are not interchangeable
and that errors may propagate differently across the reverse
process.

However, these analyses are mainly developed for gener-
ation, acceleration, or quantization. They do not directly
study adversarial purification, where the input perturbation
is intentionally structured to affect classification after pu-
rification. In contrast, our work focuses on the temporal
sensitivity of the reverse diffusion process in adversarial
settings. We study how small perturbations introduced at
different reverse steps influence the final purified output,
and how this behavior affects the trade-off between clean
preservation and adversarial recovery.
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Figure 1. Overview of our temporal sensitivity analysis for diffusion purification. The score-SDE implementation uses a full discrete time
grid of size T , while purification starts from a smaller horizon Tpur and runs the reverse process from t = Tpur to t = 0. We study paired
clean/adversarial trajectories under shared noise, controlled perturbation injection at timestep tinj, the resulting robustness impact, and a
minimal early-stage damping intervention.

3. Preliminary
Throughout the paper, we use T to denote the full discrete
time grid of the score-SDE implementation. In our exper-
iments, T = 1000. A discrete timestep t ∈ {0, . . . , T} is
mapped to the continuous SDE time by st = t/T . Diffusion
purification does not start from the full noise level t = T ; in-
stead, it starts from a smaller purification horizon Tpur ≤ T .
For example, Tpur = 200 corresponds to continuous time
sTpur

= 0.2.

3.1. Score-Based Denoising

Score-based diffusion models (Song et al., 2021b) describe
the noising and denoising processes through stochastic dif-
ferential equations (SDEs). Let x0 denote a clean data point.
The forward process gradually perturbs x0 into a noisy sam-
ple xs according to dx = f(x, s) ds + h(s) dws, where
f(x, s) is the drift term, h(s) is the diffusion coefficient,
dws is a standard Wiener process, and s ∈ [0, 1] is the
positive time increments. As s increases, the distribution
of xs becomes progressively closer to a simple noise distri-
bution. The reverse process removes noise by solving the
corresponding reverse-time SDE:

dx =
[
f(x, s)− h(s)2∇x log ps(x)

]
ds+ h(s) dw̄s, (1)

where ps is the marginal distribution of noisy samples at
time s, and w̄s denotes the reverse-time Wiener process.
Since the true score ∇x log ps(x) is unknown, score-based
models train a neural network ψθ(x, s) ≈ ∇x log ps(x)

to approximate it. This score points toward directions of
higher data density and therefore provides the denoising
direction during the reverse process. To implement the
reverse process on the discrete time grid, we move from
xt to xt−1, while evaluating the SDE coefficients at the
continuous time st = t/T . Let ∆s = 1/T . Then

xt−1 = xt −
[
f(xt, st)− h(st)

2ψθ(xt, st)
]
∆s+ h(st)

√
∆s z, (2)

where z ∼ N (0, I). Thus, starting from a noisy sample
xt, the next denoised state xt−1 is obtained by combining
three terms: the reverse drift −f(xt, st)∆s, the learned
score-based denoising direction h(st)2ψθ(xt, st)∆s, and a
Gaussian noise term h(s)

√
∆sz.

We use st = t/T to map discrete timesteps t to continuous
values s in [0, 1]. Given x0, the forward process constructs
a noisy state:

xt = ᾱtx0 + σ̄tz := α(st)x0 + σ(st)z, z ∈ N (0, I), (3)

where α(s) and σ(s) are fixed by the chosen SDE schedule.
In our VP-SDE case, α(s) = exp (− 1

2

∫ s

0
β(u)du) and

σ2(s) = 1− exp (−
∫ s

0
β(u)du).

The backward process then iteratively denoises the sample:

xt−1 = Dθ(xt, t) (4)

where Dθ(xt, t) = xt −
[
f(xt, st)− h(st)

2ψθ(xt, st)
]
∆s

+γ̄tz, z ∈ N (0, I) and γ̄t = h(st)
√
∆st. In our VP-SDE

case, f(x, s) = −1
2β(s)x and h(s) =

√
β(s).

3
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Figure 2. Qualitative illustration of clean and adversarial reverse trajectories under shared noise. Each column shows an intermediate
reverse state, starting from the noised state and ending at the purified output. The first two rows show trajectories initialized from the
clean and adversarial inputs, respectively. The last row shows the amplified absolute difference between them. The black box marks the
timestep with the largest clean–adversarial discrepancy in this example.

3.2. Diffusion-Based Purification

Let x ∈ Rd denote a clean image with label y, and let
xadv = x + δ denote its adversarial counterpart, where δ
is a small perturbation generated under a specified threat
model to make a classifier g misclassify on the input x, i.e.
g(x) ̸= g(xadv). Typically δ is constrained by ∥δ∥p ≤ ϵ,
where ϵ is the maximum scale of the perturbation.

To compare the reverse dynamics induced by clean and
adversarial inputs, we initialize both diffusion based purifi-
cation processes using the same forward noise realization.
Specifically, we sample one shared z ∈ N (0, I) and form:

xTpur = ᾱTpurx+ σ̄Tpurz, (5)

xadv
Tpur

= ᾱTpurx
adv + σ̄Tpurz. (6)

We then apply the same reverse diffusion sampler to both
noisy inputs, using shared stochasticity across reverse steps
when applicable. For t = Tpur, Tpur − 1, . . . , 1, we apply
the same reverse denoising update:

xt−1 = Dθ(xt, t) (7)

xadv
t−1 = Dθ(x

adv
t , t). (8)

This produces paired trajectories {xt}0t=Tpur
and

{xadvt }0t=Tpur
. The final purified outputs x0 and xadv

0 are
then passed to a classifier g.

In our analysis, clean and adversarial inputs are purified
using shared randomness, i.e. the same forward noise and
reverse-process stochasticity are used for x and xadv, to re-
move unrelated sampling variation and makes the trajectory

difference more directly reflect the effect of the adversarial
perturbation.

4. Analysis Methods
We analyze diffusion purification as a temporally structured
reverse process rather than a single input-output mapping.
Figure 1 summarizes our analysis pipeline. Starting from
paired clean and adversarial CIFAR-10 inputs, we run dif-
fusion purification with shared noise trajectories and study
how perturbations evolve across reverse timesteps. Our
analysis focuses on three complementary questions: how
clean–adversarial discrepancies evolve, how sensitive dif-
ferent reverse stages are to injected perturbations, and how
early-stage dynamics affect final purification outcomes.

Paired Denoising Trajectory Discrepancy. For each dis-
crete timestep t along the purification trajectory, we measure

dt =
∥∥xcleant − xadvt

∥∥
2
. (9)

The quantity dt describes how the clean–adversarial dis-
crepancy changes along the reverse process. If the reverse
dynamics were uniformly contractive with respect to input
perturbations, then dt−1 ≤ dt, ∀t. So dt decreases mono-
tonically as the reverse process moves from larger t to 0.
However, diffusion purification does not guarantee such
stepwise contraction. We therefore treat dt as an empiri-
cal diagnostic and ask whether the reverse process actually
suppresses perturbations uniformly across time.

Figure 2 provides a qualitative example. Because the clean
and adversarial inputs are noised with the same Gaussian
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sample, their initial difference at large t is scaled by the
signal coefficient and can be small when the noise level
is high. As denoising recovers image structure, the clean
and adversarial trajectories may separate before partially
reconverging near the final output. This suggests that pertur-
bations are not necessarily removed uniformly; instead, the
reverse dynamics may amplify differences at some stages
and suppress them at others.

Step-wise Perturbation Amplification Ratio. Trajec-
tory discrepancy measures the behavior of actual clean-
adversarial pairs, but it does not isolate the sensitivity of a
particular reverse step. To directly test step-wise sensitivity,
we introduce a controlled perturbation at a chosen timestep.

Let tinj denote the discrete score-SDE timestep at which we
inject a perturbation:

x̃tinj = xtinj + δ, ∥δ∥2 = ϵinj. (10)

where δ is a small perturbation with fixed norm. We
then continue the same reverse process from both
xtinj

and x̃tinj
, using shared future randomness, to ob-

tain final outputs x0 and x̃0. This yields two de-
noising trajectories {xT , · · · ,xtinj+1,xtinj , · · · ,x0} and
{xT , · · · ,xtinj+1, x̃tinj

, · · · , x̃0}.

Define the amplification ratio for an injection at timestep
tinj as

R(tinj) =
∥x̃0 − x0∥2∥∥x̃tinj − xtinj

∥∥
2

=
∥x̃0 − x0∥2

ϵinj
. (11)

R(tinj) > 1 indicates that the remaining reverse process
amplifies the injected perturbation, while R(tinj) < 1 indi-
cates that it attenuates the perturbation. Comparing R(tinj)
across different tinj therefore reveals whether some reverse
timesteps have a larger influence on the final purified output
than others.

This controlled injection complements the clean-adversarial
pair trajectory analysis. The trajectory discrepancy mea-
sures how real adversarial perturbations evolve, while the
amplification ratio R(tinj) measures the local sensitivity of
the remaining reverse process to perturbations introduced at
timestep tinj.

Early-Step Damping Intervention. The preceding analy-
ses measure how perturbations propagate along the reverse
trajectory. We next analyze whether this temporal sensitivity
has direct consequences for the final purified output. In par-
ticular, since early reverse steps may strongly amplify small
perturbations, we test whether modifying only these early
updates changes the trade-off between clean preservation
and adversarial recovery.

For the denoising trajectory {xTpur , · · · ,x0}, we construct
a damped trajectory {x̂Tpur , · · · , x̂t,xt−1, · · · ,x0} by:

x̂t = x̂t+1 + α (Dθ(x̂t+1, t+ 1)− x̂t+1) , (12)

where 0 < α ≤ 1 and α = 1 recovers the original reverse
process, while smaller values make the early reverse up-
dates more conservative by reducing the step size along the
original update direction. After the first K reverse steps, we
resume the unmodified reverse process.

This intervention is designed as a minimal diagnostic probe
of early-stage dynamics. It does not change the diffusion
model, add extra denoising steps, introduce external infor-
mation, or modify the downstream classifier. Instead, it
only rescales the magnitude of the early reverse updates.
Therefore, if varying α or K changes the final clean accu-
racy or adversarial accuracy, this indicates that the early
portion of the reverse trajectory has outcome-level influence
on purification.

We evaluate this intervention by comparing the final clas-
sification performance of purified clean and adversarial
inputs under different damping strengths. The resulting
clean–robust accuracy trade-off reveals whether early re-
verse dynamics primarily help preserve clean semantic con-
tent, remove adversarial perturbations, or amplify harmful
trajectory differences.

5. Experimental Results
Our experiments are designed to answer three questions.
First, does the clean–adversarial discrepancy decrease mono-
tonically during purification? Second, are different reverse
stages equally sensitive to small perturbations? Third, do
temporally sensitive stages affect the final clean/adversarial
trade-off? We study these questions through four experi-
ments. Section 5.1 compares clean and adversarial reverse
trajectories under shared randomness. Section 5.2 uses
controlled perturbation injection to measure step-wise sen-
sitivity. Section 5.3 evaluates how the purification horizon
affects final classification outcomes. Section 5.4 applies a
minimal early-stage damping intervention to test whether
early reverse dynamics have outcome-level effects.

We empirically study the temporal behavior of diffusion-
based purification on CIFAR-10 (Krizhevsky et al., 2009).
We use the VP-SDE score-based diffusion model from Song
et al. (2021b). Unless otherwise stated, adversarial exam-
ples are generated by a 20-step PGD attack under the ℓ∞
threat model with perturbation budget ϵ = 8/255, step size
2/255, and random initialization. We denote the purifica-
tion horizon by Tpur. Larger Tpur corresponds to stronger
forward noising followed by a longer reverse denoising pro-
cess. For trajectory-based experiments, paired runs use the
same forward Gaussian noise and the same reverse-process
stochasticity. This coupling reduces unrelated sampling vari-
ation and makes trajectory differences more directly reflect

5



275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

When Does Diffusion Purification Amplify Perturbations?

the input perturbation.

5.1. Paired Denoising Trajectory Discrepancy

We first examine whether actual adversarial perturbations
are uniformly suppressed along the reverse trajectory. For
each clean image and its adversarial counterpart, we
run diffusion purification under shared randomness and
measure the paired clean–adversarial discrepancy at each
recorded reverse state. We use Tpur = 200, evaluate 1000
clean/adversarial image pairs, and extract the full reverse
trajectory with 200 recorded states.

Figure 3. Clean-vs-adversarial trajectory discrepancy under shared
reverse stochasticity. The curve shows the mean discrepancy over
1000 CIFAR-10 image pairs, with a shaded band showing the
range between the median and the 90th percentile across samples.
The discrepancy first increases sharply. The peak occurs around
diffusion timestep t ≈ 138 when Tpur = 200. This indicates
that adversarial differences are not monotonically removed during
diffusion purification.

Figure 3 shows that the clean–adversarial discrepancy is
not monotonically reduced. The discrepancy increases
sharply during the early reverse process, reaches its maxi-
mum around t ≈ 138, and then gradually decreases. In our
run, the mean discrepancy increases from approximately
2.1 at the first recorded state to approximately 26.0 at its
peak, and remains approximately 10.7 at the final output.
This transient amplification suggests that the reverse process
does not behave as a uniformly stabilizing denoiser.

5.2. Controlled Perturbation Injection

The trajectory experiment measures how real clean–
adversarial differences evolve. We next isolate the sen-
sitivity of individual reverse stages using the controlled per-
turbation injection procedure. This experiment asks whether
small perturbations injected at different reverse positions
have comparable influence on the final purified output. For
visualization and comparison across purification horizons,
we also report the injection location using the normalized
reverse position:

Table 1. Controlled perturbation injection across purification hori-
zons and injection magnitudes. For each setting, we report the
mean amplification ratio in early reverse steps, late reverse steps,
and their ratio. Larger Rearly/Rlate indicates stronger temporal
non-uniformity. All results are computed over 500 CIFAR-10 im-
ages.

Tpur ϵinj Rearly Rlate ρ

100 1 × 10−4 61,875.0 27,438.7 2.255
100 3 × 10−4 20,684.0 9,168.0 2.256
100 1 × 10−3 6,196.8 2,756.3 2.248

200 1 × 10−4 92,413.8 40,378.6 2.289
200 3 × 10−4 30,738.3 13,445.7 2.286
200 1 × 10−3 9,193.7 4,015.9 2.289

300 1 × 10−4 119,105.0 50,518.9 2.358
300 3 × 10−4 39,642.4 16,797.8 2.360
300 1 × 10−3 11,865.5 5,010.7 2.368

400 1 × 10−4 146,817.0 59,682.4 2.460
400 3 × 10−4 49,254.0 19,901.4 2.475
400 1 × 10−3 14,764.8 5,913.4 2.497

q =
Tpur − tinj
Tpur

. (13)

Small q corresponds to early reverse stages near the
noised input, while large q corresponds to late reverse
stages near the purified output. We inject perturbations
at q ∈ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}. We eval-
uate Tpur ∈ {100, 200, 300, 400} and ϵinj ∈ {10−4, 3 ×
10−4, 10−3}. For each pair (Tpur, ϵinj), we evaluate 500
images and scan the nine normalized injection positions.
Unless otherwise stated, each trajectory is extracted with
the same number of recorded reverse states as the purifica-
tion horizon. To summarize each sensitivity curve, we report
Rearly as the average amplification ratio over early positions
q ∈ {0.1, 0.2, 0.3}, and Rlate as the average over late po-
sitions q ∈ {0.7, 0.8, 0.9}. Their ratio ρ = Rearly/Rlate

measures the strength of temporal non-uniformity.

Table 1 shows a consistent pattern across all tested horizons
and injection magnitudes. Perturbations injected early in the
reverse process produce much larger final deviations than
perturbations injected late. The ratio ρ is always greater than
2, showing that early-stage perturbations have more than
twice the final-output influence of late-stage perturbations.

Figure 4 shows the full amplification curves for ϵinj = 10−3.
For every tested horizon, the amplification ratio is largest
near the beginning of the reverse process and decreases
toward later reverse positions. In our tested score-based
purification setting, this indicates a temporally non-uniform
sensitivity pattern: perturbations introduced at early reverse
stages have a disproportionately large effect on the final
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Figure 4. Controlled perturbation injection across different pu-
rification horizons. We inject perturbations with ϵinj = 10−3 at
normalized reverse positions q, and report the amplification ra-
tio R(tinj). The y-axis shows R(tinj) in units of 103. Across all
tested horizons, perturbations injected earlier in the reverse process
lead to larger final deviations than perturbations injected later.

purified output.

5.3. Purification Horizon and Output Trade-off

The previous experiments analyze the internal behavior of
the reverse process. We now ask whether these temporal
effects are reflected in final classification outcomes. We eval-
uate how the purification horizon Tpur affects both clean-
image preservation and adversarial-image recovery. This
experiment is not intended to claim state-of-the-art robust-
ness; it serves as an outcome-level check of how the amount
of purification changes the final clean/adversarial trade-off.

We report purified clean accuracy, purified adversarial ac-
curacy, clean damage rate, and Both purified correct. Clean
damage rate measures the fraction of clean images that are
correctly classified before purification but incorrectly classi-
fied after purification. Both purified correct, computed as
1
N

∑N
i=1 1

[
f(PTpur

θ (xi)) = yi∧ f(PTpur

θ (xadvi )) = yi

]
, is

a paired metric that counts an image pair as successful only
when both the purified clean image and the corresponding
purified adversarial image are classified correctly. This met-
ric is stricter than reporting clean and adversarial accuracy
separately because it requires purification to preserve the
clean input and recover the corresponding adversarial input
simultaneously.

Table 2 shows a clear clean–adversarial trade-off across
purification horizons. At Tpur = 100, purification gives
the best balance among the tested settings: it substantially
recovers adversarial examples while keeping clean-image
degradation moderate. In contrast, larger horizons such as
Tpur = 300 and Tpur = 400 apply stronger purification but
introduce more distortion, leading to lower purified clean

accuracy and lower Both Pur Correct.

These results show that stronger purification is not always
better. The final performance depends on where the reverse
process is initialized and how much of the reverse trajectory
is used. This supports the view that diffusion purification
is a temporally structured process rather than a uniformly
stabilizing denoiser.

5.4. Minimal Early-Stage Damping

The trajectory and injection experiments show that early
reverse stages are especially sensitive. We next test whether
modifying only these stages changes the final purifica-
tion outcome. This experiment uses the damping in-
tervention as a diagnostic probe rather than a fully op-
timized defense method. We fix Tpur = 200, evalu-
ate 500 clean/adversarial image pairs, and vary K ∈
{20, 40, 60, 80}, α ∈ {0.5, 0.7, 0.9}. For each setting, the
first K reverse updates are damped with scale α, and the re-
maining updates use the original reverse process. We report
purified clean accuracy, purified adversarial accuracy, clean
damage rate, and Both Pur Correct.

Table 3 shows that changing the early reverse dynamics
changes the final clean/adversarial trade-off. No single set-
ting dominates all metrics. For example, K = 40, α = 0.9
gives the strongest adversarial recovery in this grid, while
K = 60, α = 0.5 gives the best clean preservation and the
highest Both Pur Correct score. Thus, early-stage damp-
ing shifts the operating point of purification rather than
uniformly improving every metric.

Together, these results provide evidence that early-stage
dynamics have outcome-level influence in this purification
pipeline. The trajectory and injection experiments show
that early reverse stages are especially sensitive, while the
damping experiment shows that modifying these stages can
change final classification outcomes. These findings suggest
that diffusion purification should not always be viewed as a
uniformly stabilizing denoiser; in our setting, its robustness
behavior is shaped by temporally non-uniform sensitivity
along the reverse process.

6. Conclusion
We studied diffusion-based purification through the tempo-
ral dynamics of its reverse process. Paired clean–adversarial
trajectories show that adversarial discrepancies are not
monotonically removed, but can instead be amplified dur-
ing early reverse stages before partially decreasing near
the final output. Controlled perturbation injection further
shows that early reverse stages have a disproportionately
large influence on the purified sample. These temporal ef-
fects also appear in final classification outcomes: changing
the purification horizon or damping early reverse updates

7



385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439

When Does Diffusion Purification Amplify Perturbations?

Table 2. Purification impact across different purification horizons. We report clean-image preservation, adversarial-image recovery, and
the resulting trade-off. The adversarial examples are generated by 20-step PGD under the ℓ∞ threat model with ϵ = 8/255.

Tpur Input Clean Acc Input Adv Acc Pur Clean Acc Pur Adv Acc Clean Dam Rate Both Pur Corr

100 0.946 0.000 0.896 0.886 0.076 0.840
200 0.946 0.000 0.815 0.796 0.165 0.710
300 0.946 0.000 0.638 0.642 0.342 0.490
400 0.946 0.000 0.476 0.460 0.514 0.310

Table 3. Minimal early-stage damping intervention. We apply
the damped update to the first K reverse steps with scale α. All
results are evaluated on 500 CIFAR-10 clean/adversarial pairs
using Tpur = 200.

α K Pur Clean Acc Pur Adv Acc Clean Dam Rate Both Pur Corr

0.5

20 0.776 0.786 0.205 0.686
40 0.776 0.800 0.203 0.688
60 0.820 0.790 0.154 0.710
80 0.802 0.808 0.180 0.708

0.7

20 0.782 0.794 0.197 0.680
40 0.784 0.784 0.190 0.690
60 0.796 0.790 0.184 0.698
80 0.820 0.766 0.163 0.692

0.9

20 0.778 0.802 0.203 0.702
40 0.784 0.814 0.197 0.700
60 0.788 0.786 0.184 0.676
80 0.788 0.772 0.195 0.686

shifts the trade-off between clean preservation and adver-
sarial recovery. Overall, our results suggest that, in the
studied score-based purification setting, diffusion purifica-
tion should not be viewed as a uniformly stabilizing denoiser.
Instead, it can exhibit temporally non-uniform sensitivity,
with early reverse dynamics playing an important role in the
final robustness trade-off.
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A. Additional controlled injection results.
In the main text, we show controlled injection curves for different purification horizons using ϵinj = 10−3. Here we
provide the full set of injection-magnitude comparisons. Figure 5 shows that, for each fixed purification horizon, the same
early-to-late decreasing pattern appears under all three injection magnitudes. Figure 6 further summarizes this trend using
the early-to-late ratio. Across all tested settings, Rearly/Rlate > 1, confirming that perturbations injected near the beginning
of the reverse process have consistently larger final-output influence than perturbations injected near the end.

Figure 5. Controlled perturbation injection curves under different injection magnitudes. Each panel fixes a purification horizon Tpur

and compares ϵinj ∈ {10−4, 3 × 10−4, 10−3}. The x-axis is the normalized reverse position q = (Tpur − tinj)/Tpur, where small q
corresponds to early reverse stages near the noised input and large q corresponds to late stages near the purified output. The y-axis reports
the amplification ratio R(tinj) in units of 103. Across all horizons and injection magnitudes, the amplification ratio decreases from early
to late reverse positions.

B. Additional Results for Clean-vs-Adversarial Trajectory Divergence
Figure 7 provides three complementary views of the clean–adversarial trajectory discrepancy. First, Figure 7a compares
the mean discrepancy at the first recorded state, the final output, and the peak point. The peak discrepancy is much larger
than both the initial and final discrepancies, while the final discrepancy remains above the initial value. Second, Figure 7b
shows the distribution of per-image peak positions along the recorded reverse trajectory. Most samples reach their maximum
discrepancy around recorded reverse positions 60–65, corresponding roughly to discrete score-SDE timesteps t ≈ 135–140
when Tpur = 200. Third, Figure 7c reports the mean, median, and 90th percentile trajectories. These curves follow the
same overall pattern: the clean–adversarial discrepancy first increases, reaches a clear peak, and then partially decreases.

Together, these additional results support the conclusion that the clean–adversarial discrepancy is not monotonically removed
during reverse diffusion. Instead, it can be transiently amplified during the early-to-middle reverse process before being
partially reduced later.

Figure 8 and Figure 9 provide additional qualitative examples of clean and adversarial reverse trajectories under shared
noise. These examples follow the same visualization format as Figure 2: the first two rows show the clean and adversarial

10



550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

When Does Diffusion Purification Amplify Perturbations?

Figure 6. Heatmap of the early-to-late amplification ratio Rearly/Rlate across purification horizons and injection magnitudes. Here Rearly

averages R(tinj) over early normalized positions q ∈ {0.1, 0.2, 0.3}, while Rlate averages over late positions q ∈ {0.7, 0.8, 0.9}. All
tested settings have ratios well above 1, showing that early reverse stages are consistently more sensitive than late reverse stages.

trajectories, while the last row shows the amplified absolute difference between them. Across different samples, we observe
a similar non-monotonic pattern: the clean–adversarial discrepancy becomes more visible during the early reverse process
and is later partially reduced near the final purified output.

C. Additional results for early-stage damping.
In Section 5.4, we report the main intervention results in table form. Here we visualize the full grid over K and α. Figure 11
shows heatmaps for purified adversarial accuracy, clean damage rate, and Both Purified Correct. Figure 12 further shows the
clean–adversarial trade-off across all intervention settings. These plots confirm that early-stage damping changes the final
purification behavior, but does not produce a single universally best setting across all metrics.

Figure 12 visualizes the clean–adversarial trade-off across all early-stage damping settings. The scatter plot shows that the
intervention changes the operating point of purification rather than uniformly improving all metrics.

(a) First / last / peak divergence. (b) Distribution of peak steps. (c) Mean, median, and 90th percentile tra-
jectories.

Figure 7. Additional statistics for clean–adversarial trajectory divergence. All results are computed over 1000 CIFAR-10 clean/adversarial
image pairs with Tpur = 200.
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Figure 8. Additional qualitative trajectory examples, part I. Each block shows clean trajectory, adversarial trajectory, and amplified
absolute difference.
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Figure 9. Additional qualitative trajectory examples, part II. The examples show that intermediate clean–adversarial divergence is
consistently more pronounced than the final discrepancy.
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Figure 10. Purification impact across different purification horizons. Here Tpur denotes the starting discrete score-SDE timestep for
purification. Larger Tpur applies stronger forward noising before reverse denoising. As Tpur increases, clean and adversarial purified
accuracies both decrease, while the clean damage rate increases, showing the clean–adversarial preservation trade-off induced by the
purification horizon.

(a) Purified adversarial accuracy. (b) Clean damage rate. (c) Both purified correct.

Figure 11. Full grid of early-stage damping interventions. Each heatmap varies the early damping length K and scale α. The intervention
changes adversarial recovery, clean damage, and paired correctness in different ways, showing that early reverse dynamics affect the final
purification trade-off.
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Figure 12. Clean–adversarial trade-off under early-stage damping. Each point is one (K,α) setting. The x-axis shows purified clean
accuracy, and the y-axis shows purified adversarial accuracy. Marker size corresponds to Both Purified Correct, and color corresponds to
clean damage rate. The grid shows that early-stage damping changes the operating point of diffusion purification rather than uniformly
improving all metrics.
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