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Abstract

The leak of anomalous information from input condition
poses a great challenge to reconstruction-based anomaly
detection. Recent diffusion-based methods respond to this
issue by suppressing anomaly information for condition in-
jection or in-sampling inversion. However, since they treat
conditions as a time-invariant prior, they fall into a trade-off
problem between anomaly suppression and normal pattern
consistency. To address this problem, we propose Debiasing
Trace Guidance (DTG) framework based on Flow Match-
ing towards debiasing generation for more accurate unsu-
pervised multi-class anomaly detection. Generally, DTG
distills a low-dimensional generation sub-trace robust to
anomalies by Top-down Trace Distillation, and then uti-
lizes its time-varying velocity features to guide a debias-
ing generation by Bottom-up Velocity Alignment. The trace
distillation filters out high-frequency anomalies via learn-
able wavelet filters and reserving structural information
by keeping global consistency across samples using Skin-
horn Distance. Subsequently, the velocity field of origi-
nal trace is aligned with the one of sub-trace through KV-
Injection Attention mechanism. The model is forced to gen-
erate normal details from corresponding low-dimensional
contexts via Alignment Mask. Experimental results on sev-
eral benchmarks and corresponding ablation studies have
demonstrated the effectiveness of the proposed method.

1. Introduction
Unsupervised multi-class anomaly detection (AD) seek to
classify and locate unusual regions of multi-class objects
without relying on their labeled abnormal counterparts. It
has widespread applications in single-modality and mul-
timodal applications such as industrial quality inspection
[1, 42], face anti-spoofing [18], etc. As emerging with great
generative capability, diffusion models [11, 27] have shown
remarkable potential in AD tasks. Treating AD tasks as con-
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ditional generation problem, prior diffusion-based methods
[9, 15, 22, 25, 33, 34, 39] assume they will generate nor-
mal counterparts confined to the learned normal distribution
when conditioned on the given samples by condition injec-
tion [9, 25, 39] and in-sampling inversion [22, 33, 34]. The
reconstruction errors of unknown test samples will provide
measurable cues for anomaly identification.

For conditional diffusion-based AD methods, there ex-
ists a major issue called ”identical shortcut” [15, 34, 35].
That is, abnormal information leaks from the conditioning
input and accumulate through iterative denoising process,
skewing generation results toward an anomalous data man-
ifold. For condition injection, their condition modules are
trained on normal samples and encouraged to absorb all de-
tails, thus leading them to be vulnerable to potential anoma-
lous patterns in test samples. As for in-sampling inversion,
subtle anomalies that cannot be fully masked by noise will
be inadvertently amplified across iterative steps.

Recently, several studies have responded to this is-
sue. For condition injection, VPOT [15] aims to filter out
anomaly information in input conditional image, and learns
prototypes as vague condition via optimal transport. To op-
timize in-sampling inversion, LafitE [34] utilizes memory
bank and weighted integration to narrow the gap of initial
state between conditional input image and learned normal
distribution. However, the manner of prior methods to re-
solve this issue acts as double-edged sword, posing a trade-
off challenge. As stated in [19], excessive suppression of
anomaly information in conditional inputs will also erode
critical details, and thus hinder from preserving consistency
with normal regions. This limitation stems from that prior
methods impose conditions as a time-invariant prior at the
beginning or across the reverse progress.

The key to simultaneously address the ”identical short-
cut” issue and the trade-off challenge, is to design a proper
time-variant condition mechanism. As observed by [13],
condition has time-variant impacts. Condition added in
early sampling have enormous influence on the generation
trajectory, and the one added in relatively later timesteps has
limited effect on overall direction.
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Figure 1. Illustration of the debiasing generation for normal distribution by the proposed Debiasing Trace Guidance when conditioned
on anomaly distribution. Given a noise-data sample pair, top-down trace distillation constructs a low-dimension mapping subtrace with
preserved correspondences, in which anomalous patterns are less distinguishable. Subsequently, bottom-up velocity alignment exploits
latent features from low-dimension velocity field of the subtrace to guide a debiasing generation via KV-Injection Attention mechanism.

With this insight, we propose Debiasing Trace Guidance
(DTG) framework based on Flow Matching [16], towards
higher-precision unsupervised multi-class anomaly detec-
tion. Our core idea, depicted in Fig. 1, is to achieve de-
biasing generation by guiding it with time-varying velocity
features from a distilled and thus anomaly-robust sub-trace.

We first propose Top-down Trace Distillation method
to distill sub-traces in lower dimension from original gen-
eration traces via low-dimension mapping function ω(·).
ω(·) learns to extract general structures from z by learn-
able wavelet filters to filter out potential anomalies, and op-
timized by Skinhorn Distance to narrow the gap between fil-
tered features from the same class in a batch. We predefine
flow trace in straight form following [20]. In this way, ve-
locity fields in different dimension are consistent when the
mappings between noise and data samples are consistent.
Therefore we properly design ω(·) to keep the mapping con-
sistency. That is, given a pair of data sample z and noise
ϵ ∼ N (0, 1), ω(·) ensures the consistent surjection from
ω(z) to ω(ϵ) ∼ N (0, 1). Then we propose Bottom-up Ve-
locity Alignment method based on KV-Injection Attention
with Alignment Mask for debiasing generation. Velocity
features of sub-trace are firstly extract from UNet encoder
at different timestep, and then injected into original high-
dimension one via KV-Injection Attention. Then Alignment
Mask forces the model to generate details of a specific re-
gion based on low-dimension global context from sub-trace
velocity. Extensive experiments are conducted on several
anomaly detection benchmarks, and the results demonstrate
the effectiveness of the proposed DTG.

2. Related Work
Unsupervised Anomaly Detection. Unsupervised
AD methods can be categorized by methodology into
embedding-based and reconstruction-based methods, or
by learning paradigm into single-class (one model for one
class) and multi-class (one model for all classes) settings.
Embedding-based methods [5, 6, 30] leverage learned rep-

resentations to identify deviations by similarity comparison.
Reconstruction-based methods [23, 31, 35, 37, 40, 41],
primarily built upon generative models, excel in handling
complex anomaly patterns. The basic generative framework
includes Auto-Encoder (AE) [35, 37, 40, 41], Variational
Auto-Encoder(VAE) [23], and Generative Adversarial
Net(GAN) [31]. The known ”identical shortcut” problem
for reconstruction-based methods is that, model could learn
tricks so that anomalies are also restored well. Researchers
have proposed different strategies to tackle this issue.
JNLD [40], DRAEM [37], and OmniAL [41] focus on
sythesis of pseudo-anomaly images. UniAD [35] prevents
the model from learning the shortcut by masking neighbor
tokens when calculating attention maps. With the same
goal, HVQ-Trans [23] explores Vector Quantization to
preserve normal patterns as discrete iconic prototypes.

Diffusion Models for Anomaly Detection. Diffusion mod-
els have represented powerful generative capability, and
thus have been the mainstream [9, 15, 33, 34, 39] of
reconstruction-based AD methods. Conditional genera-
tion of prior methods is mainly conducted through condi-
tion injection and in-sampling inversion. Condition injec-
tion [9, 25, 39] focuses on injecting test samples into the
network through direct concatenation [25, 39], prompting
modules or conditional adapters [9]. In-sampling inversion
[22, 33] adds noise to the test sample till a certain time step
and then recover from it via reverse process, which is ap-
plied in most of AD works to enhance pixel-level consis-
tency with input samples. These two condition manners will
both introduce leaking anomalous information. To tackle
with this ”identical shortcut” problem, prior methods focus
on purify a time-invariant condition in terms of learnable
injected condition or initial status of in-sampling inversion.
VPOT [15] explores optimal transport to learn vague condi-
tons as class-wise prototypes for condition injection, while
LafitE [34] narrow the gap between initial states of learned
distribution and testing images for in-sampling inversion.
However, as stated in [19], they will fall into the trade-off
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between the elimination of anomalies and the consistency
with normal patterns. In this paper, we explore a novel
condition mechanism to adaptively prioritizes anomaly sup-
pression for the early generation timesteps, and turn to de-
tail restoration in the later process.

3. Background
Flow Matching. In this paper, we represent diffusion gen-
eration process in context of flow matching [16]. We con-
sider a generative model that mapping samples x0 from a
tractable noise distribution p0 to samples x1 from data dis-
tribution p1. The noise distribution p0 is usually set to be
normal Gaussian distribution N (0, I), and p1 equals to nor-
mal data distribution q(X). The mapping process is defined
as an iterative denoising process in terms of ordinary differ-
ential equation (ODE) over t ∈ [0, 1],

dxt = u(xt, t)dt, (1)

while generative model u(·, t) defines a time-variant veloc-
ity field to generate a probability path pt between p0 and p1.
Given x0, the integration of velocity over time t is expected
to form a flow trace ϕ(x0, x1, t) that starts from x0 and ends
at x1 ∈ p1, which consists of corresponding midpoints xt.
A specific form of flow trace ϕ(x0, x1, t) determines the
velocity field u(·, t). Thus, prior works tend to predefine
ϕ(x0, x1, t). For the ease of linear Gaussian stochastic pro-
cess, it is common to define ϕ(x0, x1, t) as

xt = ϕ(x0, x1, t) = atx0 + btx1, (2)

where at and bt are hyperparameters that satisfy
ϕ(x0, x1, 0) = x0 and ϕ(x0, x1, 1) = x1. Prior works com-
monly set {a0 = 1, b0 = 0} and {a1 = 0, b1 = 1}.

A network Gθ(·, t) parameterized by θ is used to predict
u(·, t). Marginal vector field u(·, t) is intractable and thus
can not be directly used as training target. Instead, [16] ex-
ploits conditional vector field u(·, t|x0) defined on per sam-
ple and provides equivalent objective. Thus, the regression
objective of Gθ is defined as,

L(θ) = Et,pt(xt|x0),p(x0) ∥u(xt, t|x0)−Gθ(xt, t)∥2 . (3)

Rectified Flow. EDM [12] and Rectified Flow [20] de-
fine the flow trace ϕ(x0, x1, t) as a straight path connecting
noise sample x0 and data sample x1,

ϕ(x0, x1, t) = (1− t)x0 + tx1. (4)

ϕ in Eq. 4 is utilized in this paper for the ease of velocity
alignment, and accelerate generation within fewer steps.

4. Preliminaries
Let X and Y denote normal sample set and anomalous sam-
ple set respectively, containing multiple instance categories.

q(X) and q(Y ) are their corresponding data distribution.
Let Z = {zX , zY } be a mixed set where zX ∼ q(X) and
zY ∼ q(Y ). For every z ∈ Z, there exists ẑ ∼ q(X)
which keeps pixel-level consistency with z, except in sus-
pect anomalous regions defined by m̂, given by

ẑ = z − m̂, ẑ ∼ q(X). (5)

where deviation m̂ provides cues for anomaly detection and
localization. In this paper, we focus on the debiasing gen-
eration to accurately reconstruct ẑ ∈ X from z ∈ Z under
unsupervised limited access to normal samples zX .

ẑ is usually obtained via modeling conditional distri-
bution q(ẑ|z) by parameterized pθ(ẑ|z), where θ denotes
model weights. However, for our task, q(ẑ|z) can only be
indirectly estimated since p(z) and ẑ are both intractable for
unsupervised setting. Thus, we first model q(ẑ|zX) by flow
matching with condition injection, and then utilize it to in-
directly estimate q(ẑ|zY ) by in-sampling inversion. Given
z ∈ Z with unknown label, suppose ẑt = ϕ(ϵ, ẑ, t) and
zt = ϕ(ϵ, z, t) are intermediate points obtained by the same
ϕ and ϵ. ϕ is set to straight flow trace in Eq. 4. ϵ is sampled
from N (0, 1), and ẑ0 = ϵ. ẑ is approximated as follows,

ẑ = ẑt=1 = ẑt0 +

∫ 1

t0

u(ẑt, z[0], t)dt,

ẑt0 := (1− t0)ϵ+ t0z.

(6)

The indirect estimation of q(ẑ|z) poses ”identical short-
cut” challenge and trade-off problem to both condition in-
jection and in-sampling inversion, which can be addressed
by our proposed trace distillation and velocity alignment.

5. Methodology

Overview of the proposed Debiasing Trace Guidance
framework is shown in Fig. 2.

5.1. Top-down Trace Distillation
To provide guidance for debiasing velocity, we need first to
construct a generation sub-trace robust to anomalies from
the original trace. Then we finetune a siamese denois-
ing unet on this distilled trace, and thus features at differ-
ent timesteps can be extracted from the unet encoder as
temporally-adaptive conditions. The difficulty of narrowing
the gap between ẑt0 and zY,t0 is that there is no prior infor-
mation about anomalous regions. Recent works [3, 32] ap-
ply average pooling to reserve the basic structure of images
as generation guidance. The removal of high-frequency
components will reduce the impacts of anomalies. Thus, for
our task, it is suggested to find a low-dimension mapping
function ω(·) for top-down distillation, i.e., approximating
the flow trace ẑt in a low-dimension subspace.
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Guidelines for Low-dimension Mapping. Since genera-
tion trace is predefined as straight path as in Eq. 4, veloci-
ties in different dimensions are consistent when the trace is
consistent. Given the pair of z and ϵ, the velocity field is
tractable, i.e., ut = z − ϵ. ω(ut) is expected to be a good
approximation of ω(ût) for ẑ, and we state that it should
satisfy following three guidelines:
• ω(·) should ensure the mapped low-dimension flow to be

a surjection from data samples ω(z[1]) to normal Gaus-
sian distribution N (0, 1), so that we can conduct bottom-
up alignment to utilize this mapped ω(ut) for the guid-
ance of the higher-dimension ut.

• ω(·) should learn to reserve the basic structure of z that
also shared by ẑ.

• Additional conditions should be incorporated to avoid
ω(·) collapsing to singular solutions like all-zero output.
The first guideline indicates that ω(·) should satisfy dis-

tributive property, i.e.,

ω(ut) = ω(z[1]− ϵ) = ω(z[1])− ω(ϵ), (7)

which suggests to design ω(·) based on convolutional filter.
Besides, ω(ϵ) ∼ N (0, 1) requires the sum of squares for
kernel weights of ω(·) should equal to 1 for convolution.

Learnable Convolutional Filter ω(·). Given above con-
ditions, ω is proposed as convolutional filter based on
learnable wavelet decomposition under some elaborate con-
straints. Let define the lowpass filter used by ω as h ∈
R1×K , which is implemeted by 1D convolution kernel of
length=K and stride=2. As stated in Corollary 1 and 2 of
[2], there is

∑
k h[k] =

√
2 for energy preservation. Be-

sides, ∥h∥22 = 1 to satisfy the orthogonality of the solution
for basic recursion equation, as stated in Eq 3.13 of [2].
Notably, the unit ℓ2 norm of wavelet lowpass kernel h just
satisfies the 1-st guideline.

Then let us introduce the implementation of ω(·). Given
input data z, suppose F(z;K, l) denotes quad-tree 2D
wavelet decomposition with kernel set K = {h, g} and de-
composition level l. g denotes a highpass filter which can
be constructed from h as a conjugate mirror filter [8, 24],

g[k] = (−1)nh[K − 1− k]. (8)

F(·;K, l) conducts separable 1D wavelet transform
along vertical and horizontal axises for l levels, as follows,

F(z;K, l) = z
s
⊛
i=1

K ≜ z⊛K ⊛K ⊛ · · ·⊛K︸ ︷︷ ︸
l times

,

z ⊛K=(z∗h∗hT )⊕(z∗h∗gT )⊕(z∗g∗hT )⊕(z∗g∗gT ),
(9)
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where ⊛ denotes decomposition operation, ∗ represents
convolution operation, and ⊕ denotes concatenation oper-
ation along channel dimension. F−1(·; ·) denotes wavelet
reconstruction process with inverse kernel K′ satisfying
z = F−1(F(z;K, l);K′, l). The application of multiple
{h, g} pairs like multiple experts will facilitate the capa-
bility to capture anomaly-robust features in low-dimension
subspace. We rewrite K as K = [K1,K2, ...,Km, ...,KM ]
where M denotes the number of paired wavelet decompo-
sition filters. In this way, ω(·; l) at level l is calculated by,

ω(z) =
1

M

∑
m

αmF(z;Km, l)[0], (10)

where F(·; ·, ·)[0] means to return the first element along
stacked channels, namely cascaded recursion of z ∗ h ∗ hT .
α ∈ RM denotes learnable score vector initialized with
value 1. ω(z) spatially compresses z with downsampling
factor 2l, reserving necessary global structure from z.
Optimization of Top-down Distillation. We first guide
ω(·) to learn to narrow the gap between ω(ẑ) and ω(z).
As Perlin noise is ideal for mimicking anomalies due to its
smooth, natural and controllable patterns, we follow [39]
and mimic m̂ by Perlin noise mp filled with textures from
DTD dataset [4]. Thus, the distillation loss LD for training
samples zX ∈ X is

LD(K, z) =
∑
i

D(ω(zX,i[1] +mp), ω(zX,i[1])), (11)

where D denotes Skinhorn Distance. To avoid K collapsing
to singular solutions, loss LRec for wavelet reconstruction
is applied. It also forces ω(z) to incorporate global context
at level l, namely whole information of next level l + 1.

LRec(K, z) =
∑

i ∥zX,i −F−1(F(zX,i;K, l);K′, l)∥22. (12)

To maintain surjection of distilled trace from data to
N (0, 1), we impose constraint on kernel weights of h by
coefficient loss LCoe as follows,

LCoe(K) = ∥
∑
k

h[k]−
√
2∥1+∥

∑
k

(h[k])2−1∥1. (13)

The final loss function Lω to learn a proper ω(·) is,

Lω = LD(K, z) + LRec(K, z) + LCoe(K). (14)

5.2. Bottom-up Velocity Alignment
Based on distillation function ω(·) to approximate ω(ût)
by ω(ut), the estimation of ẑ with ut can be improved via
aligning ut with ω(ut). Aligned ut is expected to restore
details from zt0 and incorporate global context information
from ω(ut) simultaneously. To achieve this, we propose
KV-Injection Attention mechanism with Alignment Mask,

which forces the model to generate detailed information for
a specific region based on low-dimensional global context.
KV-Injection Attention. Assume aH ∈ RN×C is seri-
alized token feature of U-Net which is encoded from in-
put data z, and aL ∈ Rn×C is encoded from ω(z). N
and n denote token length, and C denotes channel dimen-
sion. Based on attention modules in latent diffusion net-
work, global structure from aL is injected by concatenated
with aH for key and value of self-attention module. Query,
key, and value are generated as follows,

QH =
aH ·WQ√

C

KHL = (aH ⊕ aL) ·WK

VHL = (aH ⊕ aL) ·WV ,

(15)

where WQ, WK , and WV ∈ RC×C are all learnable param-
eters of the same shape, · denotes matrix multiplication, and
⊕ denotes spatial concatenation here.
Alignment Mask for KV-Injection Attention. To force ut

aligned ω(ut), Alignment Mask M(·) is proposed to pro-
mote the transmission of global structure from aL to aH .
The injected output aHL ∈ RN×C is

aHL = σ(M(QH ·KT
HL)) · VHL, (16)

where σ(·) denotes Softmax function. To illustrate M(·),
we first define three types of indexes. Suppose iN denotes
a index set {i | i = 0, 1, 2, ..., N}, and iM denotes a subset
of iN . iN−M denotes the rest valid indexes. M(·) applies
random mask operation on attention scores of aH by Eq.
17, and thus force the corresponding token of aHL to be
a interpolation of aL by Eq. 18. Rewriting QH · KT

HL as
MAttn, Alignment Mask is represented by

M(MAttn) → MAttn[iM, 0 : N − 1] = −∞. (17)

where [·] denotes index operation here. The assigning of
negative infinity value leads the attention scores of aH [i]
to be zero after Softmax function σ(·). Corresponding part
aHL[i] of output tensor can be equivalently rewritten as

aHL[iM] = σ(MAttn[iM, N : N+n−1]) ·aL ·WV , (18)

where the obtained aHL guarantees that, for randomly sam-
pled iM elements of aH which representing specific local
areas in input image, it is forced to incorporate global con-
text from aL in training phase. In this way, the output ve-
locity field ut is aligned with ût for debiasing generation.
Generation of Alignment Mask iM. In training phase,
iM are randomly sampled from iN by ratio rM, whose size
equals to rounded number of rMN . In inference phase, the
generation trace of anomalies tend to represent larger cur-
vature than normal areas as in Fig. 3. Thus, iM are selected
as the feature tokens with top-rM highest curvature, which
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Figure 3. Analysis on generation trace curvatures of finetuned
InstaFlow[21] for normal and anomalous samples in CASIA-
SURF CeFA[18]. Trace curvature is represented by cosine value
of average angle between predicted velocity vectors of adjacent
timesteps. Generation are started from t = 0.1 for 18 steps.

are more likely to be anomalous. The curvature is calcu-
lated on the fly as cosine value of average angle between
predicted velocity vectors of past D adjacent timesteps, and
lower value means higher curvature. D = 3 for practice.
Velocity vector denotes a latent token ∈ R1×C from aHL.

6. Experiments

6.1. Datasets and Evaluation Metrics

Datasets. DTG is evaluated following unsupervised
multi-class setting on three benchmarks, including single-
modality datasets MVTec-AD [1] and VisA [42], and cross-
modal dataset CASIA-SURF CeFA [18] (CeFA), which
jointly learns across different categories within one model.

MVTec-AD dataset is a widely-used benchmark for in-
dustrial anomaly detection, containing over 5,354 image
samples across 15 object and texture categories with pixel-
level defect annotations. VisA dataset provides a larger
scale and more diverse defect types, containing 10,821
images across 12 industrial categories, emphasizing com-
plex structural anomalies as well as multi-object scenarios.
CeFA dataset focuses on multi-modal cross-ethnicity face
anti-spoofing, containing 1,607 subjects captured in RGB,
infrared, and depth modalities with 2D/3D attack types and
ethnicity labels. Notably, for cross-modal setting, we ex-
tract CLIP [26] token from RGB modal for condition injec-
tion at prompting module. The trace distillation and gener-
ation are conducted on Infrared modality.
Evaluation Metrics. Following prior works [15], we em-
ploy Area Under the Receiver Operating Characteristic
curve (AUROC) for evaluation on MVTec-Adversarial and
VisA. Image-level AUROCcls for detection and pixel-level
AUROCseg for localization are both applied. As for CeFA,
it only has class label, and thus only detection task is con-
ducted. Following [14, 18], we evaluate Average Classifica-
tion Error Rate (ACER), Attack Presentation Classification
Error Rate (APCER), and Bona Fide Presentation Classifi-
cation Error Rate (BPCER) on CeFA dataset.

6.2. Implementation Details
Network Settings. We utilize InstaFlow [21] based on Sta-
ble Diffusion 1.5 [28] with rectified flow trace. The unets
for low- and high-dimension traces share the same structure,
and are finetuned by learnable prompts and unfrozen atten-
tion weights. For trace distillation, kernel length K of h is
6, level l is set to 2, and M = 8 paired filters are utilized for
K. For velocity alignment, we extract low-dimension ve-
locity features after the self-attention layer of the encoder.
They are first embedded by a linear layer and then concate-
nated with high-dimension counterpart for key and value
tokens. Learnable prompts are also inserted to two unets
for finetuning. For single-modality settings, we add NCLS

prompting tokens h∗
c to learn class-related embeddings fol-

lowing textual inversion, which is inserted in the text tem-
plate ”a photo of h∗

c object.”. NCLS denotes the number
of categories. Instead, for multi-modal settings, we stack
one learnable linear layer with frozen CLIP [26] to extract
prompting tokens from the conditional modality.
Data Preprocess. Input RGB images are resized to 256 ×
256 and augmented by random flip and rotation. Then they
are encoded by VAE into 32×32×3. For CeFA, the channel
dimension of infrared images are duplicated to 3, and the
values are normalized into [−1, 1].
Training Settings. We divide training into three stages.
Sampling z ∈ X and ϵ pairs, we first learn the mapping
function ω with Lω . Then ω is fixed, and we learn the dis-
tilled traces by finetuning attention weights of a unet on
pairs of ω(z) and ω(epsilon). After that, the encoder of
unet is preserved and frozen as a conditional encoder. We fi-
nally finetune another unet for high-dimension velocity pre-
diction with unfrozen attention weights and the guidance
from the conditional encoder. We train for 400 epochs on
a single NVIDIA L40 with a batch size of 16. AdamW is
applied as optimizer with 1e-5 learning rate. The number of
timesteps for training is set to 1000, consistent with [28].
Inference Settings. In inference phase, the number of gen-
eration timesteps is set to 20, and initial generation time t0
is set to 0.5. Thus, we generate ẑ within 10 timesteps. Mask
ratio rM for KV-Interpolation is set to 0.4. Following [33],
anomaly score maps are calculated through both L1-Norm
and perceptual-level distance, and processed by a Gaussian
filter with kernel size = 5 for smooth.

6.3. Comparison with State-of-the-Art Methods
We conduct comparisons with state-of-the-art methods in-
cluding feature embedded-based and reconstruction-based
methods. Image-level and pixel-level accuracy metrics for
anomaly detection are evaluated.
Single-modality Anomaly Detection. We first evaluate
anomaly detection accuracy on MVTeC and VisA datasets.
As shown in Table 1, our proposed DTG outperform pre-
vious works in both image-level and pixel-level accuracy
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Category Feature Embedding-based Reconstruction-based
Non-Diffusion Diffusion

MKD [30] RD [6] PatchCore [29] DREAM [37] UniAD [35] InvAD [38] DiffAD [39] MDPS [33] DiAD [9] LafitE [34] VPOT [15] Ours
Multi-class Setting - - - - ✓ ✓ - - ✓ ✓ ✓ ✓

Object

Bottle 98.7 / 91.8 98.7 / 78.7 100 / 98.6 99.1 / 86.5 99.7 / 98.1 100 / 98.0 100 / 98.8 100 / 98.6 99.7 / 98.4 100 / 98.4 100 / 98.6 100 / 98.7
Cable 78.2 / 89.3 97.4 / 52.8 99.5 / 98.4 94.7 / 52.4 95.2 / 97.3 97.8 / 98.6 94.6 / 96.8 98.3 / 95.8 94.8 / 96.8 97.2 / 97.3 97.8 / 98.1 99.4 / 98.2

Capsule 68.3 / 88.3 98.7 / 45.3 98.1 / 98.8 94.3 / 49.4 86.9 / 98.5 98.9 / 96.1 97.5 / 98.2 91.4 / 93.6 89.0 / 97.1 96.8 / 98.9 97.0 / 98.8 98.3 / 97.5
Hazelnut 97.1 / 91.2 98.9 / 61.2 100 / 98.7 99.7 / 92.9 99.8 / 98.1 100 / 100 100 / 99.4 99.8 / 98.6 99.5 / 98.3 100 / 98.4 99.9 / 98.7 98.1 / 97.6
Metal Nut 64.9 / 64.2 97.3 / 79.5 100 / 98.4 99.5 / 96.3 99.2 / 94.8 99.7 / 95.4 100 / 99.4 99.9 / 97.7 99.1 / 97.3 99.8 / 96.8 98.9 / 96.0 99.0 / 98.6

Pill 79.7 / 69.7 98.2 / 78.5 96.6 / 97.4 97.6 / 48.5 93.7 / 95.0 98.6 / 98.4 97.7 / 97.7 96.8 / 99.2 95.7 / 95.7 98.0 / 96.7 97.9 / 96.4 98.3 / 97.5
Screw 75.6 / 92.1 99.6 / 53.3 98.1 / 99.4 97.6 / 58.2 87.5 / 98.3 99.0 / 96.6 97.2 / 99.0 96.7 / 98.9 90.7 / 97.9 95.4 / 99.5 95.5 / 99.3 97.7 / 98.9

Toothbrush 75.3 / 88.9 99.1 / 50.5 100 / 98.7 98.1 / 44.7 94.2 / 98.4 98.9 / 96.9 100 / 99.2 100 / 98.8 99.7 / 99.0 92.9 / 98.8 94.6 / 98.8 98.8 / 99.1
Transistor 73.4 / 71.7 92.5 / 55.1 100 / 96.3 90.9 / 50.7 99.8 / 97.9 98.3 / 97.7 96.1 / 93.7 100 / 94.7 99.8 / 95.1 99.6 / 97.4 99.7 / 99.1 98.9 / 97.2

Zipper 87.4 / 86.1 98.2 / 57.0 99.4 / 98.8 98.8 / 81.5 95.8 / 96.8 99.7 / 99.2 100 / 99.0 100 / 98.5 95.1 / 96.2 99.4 / 98.3 99.0 / 98.0 99.1 / 98.2

Texture

Carpet 69.8 / 95.5 98.9 / 56.8 98.7 / 99.0 95.5 / 53.5 99.8 / 98.5 99.5 / 99.1 98.3 / 98.1 99.6 / 94.4 99.4 / 98.6 99.8 / 98.7 100 / 98.8 98.7 / 98.4
Grid 83.8 / 82.3 99.3 / 49.6 98.2 / 98.7 99.7 / 65.7 98.2 / 96.5 100 / 96.3 100 / 99.7 100 / 99.4 98.5 / 96.6 99.9 / 98.5 98.6 / 98.0 100 / 99.4

Leather 93.6 / 96.7 99.4 / 47.7 100 / 99.3 98.6 / 75.3 100 / 98.8 100 / 99.3 100 / 99.1 100 / 99.5 99.8 / 98.8 100 / 99.2 100 / 99.2 99.6 / 99.7
Tile 89.5 / 85.3 95.6 / 53.2 98.7 / 95.6 99.2 / 92.3 99.3 / 91.8 100 / 94.2 100 / 99.4 100 / 96.4 96.8 / 92.4 100 / 93.2 100 / 94.5 100 / 99.1

Wood 93.4 / 80.5 95.3 / 48.8 99.2 / 95.0 96.4 / 77.7 98.6 / 93.2 97.7 / 95.1 100 / 96.7 99.1 / 95.7 99.7 / 93.3 98.7 / 94.3 98.2 / 95.3 99.3 / 98.3
Mean 81.9 / 84.9 97.8 / 57.9 99.1 / 98.1 97.3 / 68.4 96.5 / 96.8 98.9 / 98.2 98.7 / 98.3 98.8 / 97.3 97.2 / 96.8 98.5 / 97.6 98.4 / 97.8 99.0 / 98.4

Table 1. Comparison on MVTec-AD [1] with AUROCcls/AUROCseg metrics for anomaly detection / localization. Best results are bold.

Category Non-Diffusion Diffusion

JNLD [40] OmniAL [41] DRAEM [37] UniAD [35] HVQ-Trans [23] PatchCore [29] DiAD [9] VPOT [15] Ours
Multi-class Setting - ✓ - ✓ ✓ - ✓ ✓ ✓

Complex
Structure

PCB1 82.9 / 98.0 77.7 / 97.6 83.9 / 94.0 95.4 / 99.3 96.7 / 99.4 98.5 / 94.3 88.1 / 98.7 98.2 / 99.6 98.8 / 99.2
PCB2 79.1 / 95.0 81.0 / 93.9 81.7 / 94.1 93.6 / 97.8 93.4 / 98.0 97.3 / 89.2 91.4 / 95.2 97.5 / 98.8 98.3 / 98.6
PCB3 90.1 / 98.5 88.1 / 94.7 87.7 / 94.1 88.6 / 98.3 92.0 / 98.3 97.9 / 90.9 86.2 / 96.7 94.5 / 98.7 97.2 / 98.3
PCB4 96.2 / 97.5 95.3 / 97.1 87.1 / 72.3 99.4 / 97.9 99.5 / 97.7 99.6 / 90.1 99.6 / 97.0 99.9 / 97.8 99.9 / 99.2

Multiple
Instances

Capsules 91.4 / 99.6 90.6 / 99.4 89.6 / 96.6 72.0 / 98.3 77.1 / 99.0 81.6 / 85.5 58.2 / 97.3 79.5 / 99.1 89.1 / 97.4
Candle 85.4 / 94.5 86.8 / 95.8 70.2 / 82.6 96.8 / 99.2 96.8 / 99.2 98.6 / 94.0 92.8 / 97.3 97.2 / 99.4 98.4 / 99.1

Macaroni 1 90.5 / 93.3 92.6 / 98.6 68.6 / 89.8 92.2 / 99.3 93.1 / 99.4 97.5 / 95.4 85.7 / 94.1 97.5 / 99.6 90.5 / 99.3
Macaroni 2 71.3 / 92.1 75.2 / 97.9 60.3 / 83.2 85.9 / 98.0 86.2 / 98.5 78.1 / 94.4 62.5 / 93.6 85.7 / 99.0 98.4 / 96.5

Single
Instance

Cashew 82.5 / 94.1 88.6 / 95.0 67.3 / 68.5 92.4 / 98.7 94.9 / 99.2 97.3 / 94.5 91.5 / 90.9 99.0 / 98.0 98.2 / 97.9
Chewing Gum 96.0 / 98.9 96.4 / 99.0 90.0 / 92.7 99.4 / 99.2 99.4 / 98.8 99.1 / 84.6 99.1 / 94.7 99.0 / 98.6 99.1 / 98.7

Fryum 91.9 / 90.0 94.6 / 92.1 86.2 / 83.2 89.8 / 97.7 90.4 / 97.7 96.2 / 85.3 89.8 / 97.6 92.0 / 98.6 96.3 / 97.2
Pipe Fryum 87.5 / 92.5 86.1 / 98.2 87.1 / 72.3 97.4 / 99.2 98.5 / 99.4 99.8 / 95.7 96.2 / 99.4 98.8 / 99.4 98.6 / 99.1

Mean 87.1 / 95.2 87.8 / 96.6 80.5 / 87.0 91.9 / 98.6 93.2 / 98.7 95.1 / 91.2 86.8 / 96.0 94.2 / 98.9 96.6 / 98.3

Table 2. Comparison on VisA [42] with AUROCcls/AUROCseg metrics for anomaly detection / localization. Best results are bold.

for MVTeC. DTG has taken a lead of 0.3 imcrement in
AUROCcls and 0.1 imcrement in AUROCseg , when com-
pared to prior best recorded method DiAD [9]. Notably,
DTG has shown impressive performance for Cable and
Capsule, suppressing DiAD by 4.8/0.8 in AUROCcls re-
spectively. This can be attributed to temporally-adaptive
debiasing guidance of DTG, which effectively filters out
anomalies while be consistent with normal patterns. Ac-
curacy comparison on VisA with more complex scenarios
is shown in Table 2. DTG outperforms the second-best
method VPOT [15] by 2.4 increment in AUROCcls. Espe-
cially for multiple instances, DTG gains average 4.1 incre-
ment in AUROCcls. It can be ascribed to that the guidance
from preserved global structure by trace distillation facili-
tates multi-instance generation.
Crossmodal Anomaly Detection. We also evaluate the
generalization of DTG via CeFA dataset with gray infrared
maps and the guidance from RGB modality. As shown
in Table 3, DTG gains the lowest error rate, and signifi-
cantly outperforms the second-best method SpoofTrace[14]
by 52.0%/54.8% in ACER for Protocol 1/3 respectively.
Visualization. Fig. 4 demonstrates that DTG effectively
eliminates potential anomalies and preserves normal details.

6.4. Ablation Study
Ablation studies are mainly conducted on MVTeC dataset.
Contribution of proposed components. Table 4 demon-
strates the effectiveness of the proposed top-down trace dis-
tillation and bottom-up velocity alignment. The baseline in
first row is implemeted by only finetuning the attention lay-
ers of InstaFlow [21]. Compared to baseline, DTG boosts
accuracy by a 1.2 increment in AUROCcls and 0.8 incre-
ment AUROCseg . The fourth row demonstrates the signifi-
cance of guidenline restraint on ω, as discussed in Sec. 5.1.
Besides, the second row suggests that learnable promptings
can facilitate generation quality.
Manners of Trace Distillation. For third row in Table 4,
we set the same downsampling factor for average pooling
with ω(·). The result indicates that the main contribution of
DTG lies in velocity guidance from a low-dimension trace,
since a simple average pooling can boost 0.3 increment in
AUROCcls. The proposed trace distillation further improve
the debiasing guidance with 0.5 increment in AUROCcls.
Decomposition Level for ω. We further dive into the de-
composition level for ω. Larger level l means to extract
more global structure information from input condition, and
will provide less details. Since the resolution of encoded la-
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Method
Protocols

Cross-Ethnicity Cross-PAI Cross-Ethnicity&PAI

ACER(%) APCER(%) BPCER(%) ACER(%) APCER(%) BPCER(%) ACER(%) APCER(%) BPCER(%)
PSMM-Net[18] 3.5 2.4 4.6 5.4 7.7 3.1 6.7 7.8 5.5
MC-PixBis[10] 15.1 1.4 28.7 5.9 10.6 1.2 15.9 19.0 12.8
FaceBagNet[17] 17.4 2.1 32.7 7.9 15.5 0.9 26.7 37.9 15.4

CDCN[36] 6.8 0.0 13.6 1.2 0.0 2.5 9.7 0.5 19.0
CMFL[7] 13.5 3.7 23.4 2.2 3.6 0.9 15.2 11.6 19.0

SpoofTrace[14] 5.0 2.1 7.9 0.9 0.2 1.5 6.2 1.3 11.1
Ours 2.4 1.2 3.5 2.0 0.6 3.4 2.8 2.3 3.3

Table 3. Comparison on CeFA [18] dataset for anomaly detection. Average ACER/APCER/BPCER metrics are evaluated on three protocols
from CeFA. Lower metric value denotes better face anti-spoofing accuracy.

Anomaly

Image  𝒛

Ground

Truth

Predicted

Normal ො𝒛

Anomaly

Score Map

Bottle Cable Capsule Carpet Grid Leather Wood Tile

Figure 4. Visualization of reconstructed ẑ conditioned z by DTG and corresponding anomaly score map on MVTeC dataset.

Condition Distillation Condition Injection Manner Accuracy
Avg Pooling Trace Distillation LRec + LCoe Prompting Velocity Alignment

- - - - - 97.8 / 97.6
- - - ✓ - 98.2 / 97.8
✓ - - ✓ ✓ 98.5 / 98.1
- ✓ - ✓ ✓ 97.1 / 96.8
- ✓ ✓ ✓ ✓ 99.0 / 98.4

Table 4. Ablation study on proposed components of DTG with
AUROCcls/AUROCseg metrics for MVTeC. ✓means being uti-
lized.

Level of ω l=1 l=2 l=4
Accuracy 98.8 / 98.4 99.0 / 98.4 98.5 / 98.2
Mask ratio rM for inference 0.2 0.4 0.6
Accuracy 98.8 / 98.3 99.0 / 98.4 98.3 / 97.9

Table 5. Ablation studies on decomposition level l of ω(·) and
mask ratio rM with AUROCcls/AUROCseg metrics for MVTeC.

tents by VAE is 32 × 32 for 256 × 256 input, excessive
downsampling factor is also harmful. As shown in Table 5,
l = 2 is a proper selection.
Alignment Extent via Mask Ratio rM. Mask ratio rM
adjust the extent to which the high-dimension velocity is
aligned with the lower-dimension counterpart. The sec-

ond row of Table 5 suggests that, rM lower than a specific
threshold will facilitate the debiasing guidance from a ro-
bust distilled velocity field to the original one. And thus we
choose rM = 0.4 for practice.

7. Conclusion

In this paper, we propose a novel Debiasing Trace
Guidance (DTG) framework, which introduces debiasing
generation to address ”identical shortcut” issue towards
higher-precision unsupervised multi-class anomaly detec-
tion. DTG resolves trade-off between suppressing anoma-
lies and preserving normal details. First, Top-down Trace
Distillation is proposed to construct a sub-trace from the
main trace that preserves global structural information ro-
bust to anomalies and the correspondence of noise-sample
pairs. Then, DTG proposes Bottom-up Velocity Alignment
to inject low-dimensional velocity features into main gen-
eration process via KV-Injection Attention mechanism and
Alignment Mask. In this way, DTG achieves debiasing gen-
eration by elimination of anomalies and preservation of nor-
mal details. Extensive experimental results demonstrate that
DTG achieves state-of-the-art performance.
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