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Abstract. Large foundation models trained on extensive datasets demon-
strate strong zero-shot capabilities in various domains. Knowledge dis-
tillation has become an established tool for transferring knowledge from
foundation models to small student networks when data and model size
are constrained. However, the efficacy of distillation is often hampered by
limited training data coverage. This can result in a covariate shift between
training and test data, which in turn can lead the student to exploit
spurious features or even shortcut learning. We address this problem
by introducing a novel diffusion-based data augmentation strategy that
generates images by maximizing the disagreement between the teacher
and the student, effectively creating challenging samples that the student
struggles with, thus mitigating the problem of covariate shift. Experi-
ments demonstrate that, compared to state-of-the-art diffusion-based data
augmentation baselines, our approach is best or second-best in sample
mean accuracy and improves the worst group and mean group accuracy
on CelebA-HQ, SpuCo Birds and BAR as well as the spurious score on
Spurious ImageNet under covariate shift.

Keywords: Knowledge Distillation · Synthetic Data Augmentation ·
Diffusion Models · Image Classification

1 Introduction

Foundation models have demonstrated strong zero-shot capabilities and dis-
tributional robustness across a wide range of data domains [21, 47]. However,
training these models demands massive datasets and computational resources,
and their deployment in resource-constrained environments is often infeasible due
to their scale. Achieving similar generalization and robustness with substantially
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Fig. 1: Knowledge Distillation under Covariate Shift with ConfiG Data
Augmentations. Our goal is to maximize student performance even on groups that
are fully absent from the training data. Left: Without having seen similar samples, the
student is incapable of correctly classifying the unseen groups in the test set. Right:
Leveraging the discrepancy between a robust teacher and the biased student, ConfiG
generates and adds challenging samples to the training set. Further training improves
the student’s performance on previously missing groups by removing shortcuts.

smaller models and less training data remains an open research area. Knowledge
distillation (KD) [19] offers a way to transfer knowledge from a pre-trained
teacher model to a smaller student model. Compared to supervised training with
only the hard ground-truth labels, distillation has been shown to improve both
performance and generalization of the student model [16,38, 44]. The reason why
knowledge distillation is believed to improve generalization is that the output
of the teacher contains more information than hard labels (referred to as “dark
knowledge”). However, the availability of task-specific training data is often a
crucial limitation on the knowledge that can be transferred to the student. Espe-
cially in the limited-data regime, the training data might not sufficiently cover
the data distribution that the student will face during deployment.
In this work, we investigate the challenge of covariate shift between the training
and test data distributions in knowledge distillation. Covariate shift refers to
a situation where the distribution of the input features (covariates) changes
between the training and test datasets while the conditional distribution of the
output given the input remains the same. In particular, covariate shift between
training and test data can lead to “spurious features” or even severe “shortcut
learning” [12] which enables correct decision making on the training but not on
the test data. An example for this setting is illustrated in Fig. 1. The task is
gender classification on a training data subset of CelebA-HQ, which only contains
young and blond females as well as non-blond, old males. At test time, however,
the student also encounters non-blond females or blond males. Without training
data from these groups, the student fails to learn the correct decision boundary
but instead relies on spurious features such as hair color or age. Assuming the
pre-trained teacher disentangles spuriously correlated covariates and features
that are predictive for the target classes, our goal is to distill a student that is
similarly capable.
Several recent works improve model performance in the limited-data regime
through diffusion-based data augmentations [17,20,54,59,60,68,72]. These ap-
proaches can be interpreted as a form of implicit distillation, where a generative
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model is used to provide additional knowledge in the form of augmented training
samples. However, by only looking at existing training samples or the student
model, the augmented samples cannot effectively target the student’s reliance
on spurious features. To this end, we introduce ConfiG, a Confidence-Guided
diffusion-based data augmentation method that leverages the disagreement be-
tween teacher and student to identify and mitigate student biases without requir-
ing explicit knowledge of what these biases are. As illustrated in Fig. 1, ConfiG
generates synthetic data augmentations in the regions of disagreement (dashed),
such as women with brown hair or blond, young men. Further training on the
real training images together with the augmented samples then leads the student
to better approximate the decision function of the teacher, reducing the reliance
on spurious features. Our contributions are summarized as follows:
1. We demonstrate the problem that, while knowledge distillation from a robust

teacher improves overall student performance, under unknown covariate shift
the student still performs poorly on test samples from unseen groups.

2. We introduce ConfiG, a data augmentation framework for knowledge distilla-
tion that guides a diffusion model to generate samples that target covariate
shift through maximizing teacher and student disagreement.

3. We provide empirical and theoretical motivation for ConfiG and demonstrate
its superior performance compared to prior diffusion-based augmentations
under unknown covariate shift in knowledge distillation on CelebA-HQ [23,34],
SpuCo Birds [22], BAR [41], and a subset of ImageNet [42,50].

2 Related Work

Knowledge distillation (KD) is a widely used training framework [14,36] to
transfer knowledge from one model (teacher) to another (student). In contrast to
empirical risk minimization, in pure response-based KD the student is trained to
match the predictive distribution of the teacher [36]. If the teacher is sufficiently
accurate, doing so provably improves the generalization of the student over
training with hard labels [38,45,52,57]. While there exist a lot of KD variants,
simply matching the responses of student and teacher [19] has been shown to be
highly effective for image classification [6,16]. We adopt response-based knowledge
distillation purely based on the soft labels of the teacher and investigate the
influence of the training data.
Synthetic data augmentation is a rising trend to mitigate data scarcity and
bias. Unlike standard augmentations like CutMix [65] or MixUp [67], generative
models like GANs [31, 37, 69, 71] or diffusion models can perform semantic
augmentation, e.g. changing the background or attributes like hair color [4,5,8,13,
26,32, 35,39, 58,63, 64,70]. This can be viewed as indirect knowledge distillation,
where the generated data represents the implicit knowledge of the generative
teacher. In our work, we combine this implicit knowledge distillation together
with explicit knowledge distillation by guiding the augmentation process based
on the confidences of teacher and student. The assumption of also having an
explicit teacher for the classification task is usually not stronger in practice, as
models like CLIP [21,47] are trained on similar datasets as diffusion models.
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Group Robustness without Annotations Common methods for achieving
group robustness rely on labels for majority and minority groups in either the
training [1, 25, 28, 51] or validation data [29, 33]. Recent approaches improve
group robustness without requiring explicit group labels [24,41,46,55,66], but
require all relevant groups to be represented in the dataset. This assumption is
still suboptimal in practice as relevant groups may be unknowingly absent. Our
proposed method is designed to improve robustness even for groups that are not
represented at all.

3 Methods

We introduce ConfiG, a Confidence-Guided data augmentation method for knowl-
edge distillation. We first review the concept of empirical distilled risk minimiza-
tion for knowledge distillation and subsequently describe the methodology of
ConfiG based on guided diffusion.

3.1 Background: Empirical Risk and Empirical Distilled Risk

We consider classification with training data Dtrain = {(xi, yi)}Ni=1 sampled from
a distribution Ptrain and test data Dtest ∼ Ptest. Both share a common discrete
label space [L]. A student model f and a teacher model t produce predictions in
form of probability distributions over the label space. For a given input x with
ground-truth label y, we denote the predicted probability assigned to the correct
class y by the student and teacher as f(x)y and t(x)y respectively. We refer to
these values as the confidences. The true test risk is defined as

RPtest(f) = E(x,y)∼Ptest [ℓ(f(x), y)] = Ex∼Ptest,x [Ey|x[ℓ(f(x), y)]]

= EPtest,x [p
∗(x)⊤l(f(x))]

(1)

where p∗(x) = [P(y|x)]y∈[L] is the data-generating conditional distribution over
the labels, and l(f(x)) = [ℓ(f(x), y)]y∈[L] denotes the vector of losses for each
possible label. Similarly, the true train risk is

Rtrain(f) = E(x,y)∼Ptrain [ℓ(f(x), y)] = EPtrain,x [p
∗(x)⊤l(f(x))]. (2)

In practice, the true data distribution is unknown, and models are instead trained
by minimizing the empirical risk on the training data. In standard empirical risk
minimization (ERM) the student model f is trained to minimize the empirical
approximation of Rtrain using the labels of the train samples. The empirical risk
on Dtrain is defined as

Rtrain(f) =
1

N

N∑
i=1

ℓ(f(xi), yi) = − 1

N

N∑
i=1

eTyi
log(f(xi)), (3)

where we choose ℓ(·, ·) to be the cross-entropy loss. In knowledge distillation,
the student is trained by empirical distilled risk minimization (EDRM) which
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optimizes the cross-entropy loss between the teacher and student predictive
probabilities:

RD
train(f) = − 1

N

N∑
i=1

t(xi)
⊤ log(f(xi)). (4)

Here, t(xi) refers to the vector with the predicted probability for each class by
the teacher at xi. The student is trained to match these soft targets provided by
the teacher instead of the hard labels. The generalization error of the student
under this training scheme is defined as

∆ = Rtest(f)−RD
train(f). (5)

Using a teacher which approximates p∗ closely has been shown both theoretically
and empirically to improve the generalization error if Ptrain = Ptest [38, 44, 56,
57]. This corresponds to the setting without covariate shift where the input
distribution for training and test data is the same. In the case of covariate shift,
the input marginal distributions Ptrain,x and Ptest,x are different and only the
data-generating conditional distribution p∗ is the same at train and test time.

3.2 Confidence-Guided Data Augmentations using Diffusion Models
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Fig. 2: For a student distilled only on the
biased real training data (see Sec. 4), the
agreement between teacher and student is
lower on groups which are not present in
the training data.

Table 1: The vast majority of test images
where student and teacher disagree belong
to groups not encountered in training. The
students are the same as in Fig. 2
Group-Wise Disagreements on Test Data

Data-
set

Total Dis-
agreements

On Groups
in Trainset

On Groups Not
in Trainset

CelebA 2351 95 (4%) 2256 (96%)
SpuCo 828 49 (6%) 779 (94%)

For knowledge distillation under co-
variate shift, we consider the case
where Ptrain ≠ Ptest. While the error
between the distilled risk and the true
train risk Rtrain−RD

train has been stud-
ied in prior works [38,57], in the case
of covariate shift this does not corre-
spond to the true generalization error.
Therefore, we first decompose ∆ into
two terms

∆ = Ω + Ψ (6)

where Ψ = Rtrain(f) − RD
train(f) and

Ω = Rtest(f)−Rtrain(f). While Ψ de-
pends on how well the teacher approxi-
mates p∗ on Ptrain [15,38], Ω depends
on the distribution of the training and
test data. The goal of our data aug-
mentation scheme is to reduce |Ω|.
Motivation: Teacher-Student Dis-
agreement under Covariate Shift We
assume access to a teacher that ap-
proximates p∗(x) well on both Ptrain
and Ptest. In Fig. 2, we distill a stu-
dent on training data where certain
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Fig. 3: Illustration of ConfiG and Other Diffusion-Based Augmentation
Methods: Left: the task is gender prediction (male/female) where all men in the
training data are old and not blond and all women in the training data are young and
blond. Right: Existing augmentations yield high confidences for “male” or “female” for
both the teacher and student. In contrast, ConfiG maximizes the difference between
teacher and student and thus generates a challenging example for the student - in this
case an old and not blond female face which has attributes that the student picked up
as spurious features from the training data.

groups from the test data are fully absent and analyze the agreement of teacher
and student on test data. For instance, in CelebA-HQ, where the task is gender
classification (female/male), our training data only includes female samples that
are young and blond. The test data, however, also includes females who are older
or non-blond. We observe that the agreement between teacher and student is high
for groups that are present in both the training and test data but lower for groups
absent from the training data (Fig. 2). This indicates that the performance of
the student is negatively influenced by covariate shift and does not accurately
recover the teacher’s decision boundary in these groups (see Fig. 1). Tab. 1 shows
that the majority of samples where teacher and student disagree on the test set
belongs to groups which are absent from the training data. Given a sample from
the test set where teacher and student disagree, there is high empirical likelihood
that this sample belongs to a group which is not present in the training data.
Latent Optimization: ConfiG aims to generate augmented images that reduce
reliance on spurious features or dataset-specific biases without requiring explicit
knowledge of what these features are. Therefore, we make use of the observation
that teacher and student predictions tend to diverge on samples from groups that
are absent from the training data. We use a diffusion model and real training
images to generate augmented samples on which the student has low confidence
in the target class while the teacher’s confidence remains high. Maximizing the
teacher’s confidence ensures that the causal, class-relevant features are preserved
and the image label remains correct. Simultaneously minimizing the student’s
confidence yields images that include non-causal (potentially spurious) features
which lead the student into making incorrect decisions. For this purpose, we use
the DiG-IN guided diffusion framework [2,3] based on Stable Diffusion [49]. To
simplify the notation below, we define Mϵθ as the application of a noise prediction
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model ϵθ, iteratively mapping a latent variable zt to its final representation zT .
For an image x with corresponding original label y, we first encode the image
zT = E(x) and apply null-text inversion [40] to obtain a latent code z0 and
null-text ∅ suitable for reconstructing zT ≈ ẑT = Mϵθ(z0, ∅, C) where C is a
conditioning signal from a CLIP text encoding. We further need to decode the
latent code back to images x ≈ x̂ = D(ẑT ), as input for the teacher t and student
f. We then minimize the loss:

min
z0,∅,C

f(D
(
Mϵθ (z0, ∅, C))

)γ
y
+

(
1− t

(
D(Mϵθ (z0, ∅, C))

)
y

)γ

(7)

As Problem (7) is differentiable with respect to z0, the null-text ∅ and the
conditioning C, we can solve it using a stochastic optimizer such as Adam [27].
In practice, we observe that the student often is highly confident on the initial
image with small gradients [2]. We alleviate this issue by adding the nonlinear
transformation (·)γ to improve optimization speed. Empirically, we find γ = 2 to
perform well. In addition, we follow DiG-IN and use a foreground-aware distance
regularization. An example of the optimization process is visualized in Fig. 3. The
closest baseline is ActGen [20], which can generate augmentations that minimize
the cross-entropy loss of the auxiliary student model given a real image and a
target class. However, it lacks explicit class guidance apart from the text prompt
and the real image. As we show in Fig. 3, ActGen may thus modify the causal
attribute (i.e., gender) rather than only the spurious features.
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Fig. 4: Images from CelebA-HQ, SpuCo
Birds, and BAR. Example augmentations
show inter-class mixing alone versus the full
ConfiG pipeline, which combines this mix-
ing with latent optimization.

Warm-starting the Optimization
through Inter-Class Mixing: Diff-
Mix [60] has demonstrated that inter-
class mixing of training samples
greatly benefits the effectiveness of
diffusion-based data augmentations.
For ConfiG, we combine inter-class
mixing with latent optimization. For
every augmentation we sample a ran-
dom target class, which is constrained
to be different from the original class.
We warm-start the optimization pro-
cess by first performing null-text in-
version using the original image label,
followed by a version of prompt-to-
prompt editing [18] modified for DiG-
IN using the target class label. The
latent of the resulting image is taken
as the initialization for the optimiza-
tion problem of Equation (7) which is
optimized with respect to the target class. In Fig. 4 we visualize three example
augmentations after only inter-class mixing and of ConfiG (with additional sub-
sequent latent optimization).
Auxiliary student To generate images with ConfiG, we require a student net-
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work to optimize Equation (7). We fine-tune an auxiliary student on only the real
training data, where it picks up the spurious features and biases as demonstrated
in Fig. 2. It is then used to generate the synthetic augmentations, which replace
real samples with probability α = 0.5 in the training of more robust students.
Theoretical Motivation We provide a theoretical investigation of the effect of
using ConfiG augmentations in App. A.

4 Experiments

In our experiments, we empirically demonstrate the effectiveness of ConfiG
to improve knowledge distillation under covariate shift. We first outline the
experimental setup (Sec. 4.1) before discussing the results on datasets with group
shift (Sec. 4.2), Spurious ImageNet (Sec. 4.3) and the ablations (Sec. 4.4).

4.1 Experimental setup

Datasets. Our experiments are based on four datasets for image classification.
We use CelebA-HQ [23,34], SpuCo Birds [22] and BAR [41] to investigate group
shift as an example for covariate shift. We subsample CelebA-HQ and SpuCo
Birds to obtain a training dataset with 250 samples per class, fully discarding
certain groups from the training data. For CelebA-HQ we only retain training
images of young, blond female celebrities as well as old, non-blond male celebrities
for training. The descriptive feature is the gender, other features are spuriously
correlated only in the training split. The test set spans all combinations of age
(old/young), hair color (blond/non-blond) and gender (female/male) which leads
to eight test groups. SpuCo Birds includes waterbirds or landbirds over water or
land backgrounds, with bird type as the descriptive feature. For SpuCo Birds, we
only retain training images of waterbirds with water background and landbirds
with land background such that the background becomes a binary spurious
feature. The test split also contains waterbirds with land background and vice
versa. The Biased Activity Recognition dataset (BAR) contains images of six sport
activities (climbing, diving, fishing, pole vaulting, motorsports racing, throwing)
where the training images are biased towards distinct places per class. We sample
100 images per class for training. The test images feature the same sport activities
but were taken at different places which have no overlap with the places for the
training set. Our fourth dataset is a subset of ImageNet [50]. We subsample a
challenging training dataset with 100 training images for each of the 100 classes
contained in Spurious ImageNet [42]. We denote this setting by ImageNet-100.
Further details on training and test data selection can be found in App. B.
Diffusion-Based Data Augmentation. The diffusion-based augmentations
are combined with the real training sets. Following DA-Fusion, Diff-Mix and
Diff-II, we replace a natural image by a synthetic augmentation with probability
α = 0.5. The hyperparameters of ConfiG can be found in App. B. For ConfiG
we generate one synthetic augmentation per image. To ensure a fair comparison
with the baselines, we adjust the number of synthetic augmentations generated
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by each method such that the computational cost of data generation, measured
in FLOPs, is approximately matched. More details about the computational cost
of ConfiG and the multipliers used for all baselines and datasets can be found in
App. C. Experiments with more ConfiG augmentations per image can be found
in Sec. 4.4 and App. F.
Baselines. We compare ConfiG to six state-of-the-art diffusion-based data
augmentation methods: GIF [68], DistDiff [72], DA-Fusion [54], Diff-Mix [60],
Diff-II [59] and ActGen [20]. All methods generate augmentations by applying a
diffusion model to augment real images. To ensure a fair comparison, we follow
the baselines [54,68,72] and use Stable Diffusion 1.4 [49] as implicit teacher for
all methods. In App. E we demonstrate that ConfiG also works with modern
single-step diffusion models [48] for faster generation.
ActGen and ConfiG use a student model for generating data augmentations. For
this purpose, we use the setup introduced in Sec. 3.2 and first distill an auxiliary
student (which can pick up spurious features due to the limited coverage of the
training data) and then use this student to generate augmentations with the goal
of getting close to the teacher model even outside the domain covered by the
training data. In this way, the obtained student is more robust against picking
up spurious features as shown by a significantly improved worst group accuracy.
Further details on the baselines are listed in App. N.
Models and Training Hyperparameters. For our main experiments we use
a ViT-T [9] student pre-trained on ImageNet-21k using the AugReg recipe [53].
Ablations with different student and teacher models are in App. G. We use
a CLIP [21, 47] ViT-L/14 pre-trained on DataComp-XL [11] as teacher. For
CelebA-HQ and BAR we directly use classnames to obtain zero-shot predictions
from the teacher. For SpuCo Birds we first use fine-grained bird categories
and then aggregate into waterbirds and landbirds to obtain robust predictions
(see App. B for details). The standard, non-synthetic augmentations used for
training on CelebA-HQ, SpuCo Birds and BAR are random resized crops by
default. Ablations with stronger, non-synthetic augmentations can be found
in Sec. 4.4. On ImageNet-100, we follow the setup of VanillaKD [16] and use
a BEiTv2-B [43] teacher trained on the full ImageNet dataset together with
the same “A1” augmentations [61] for our experiments. A detailed overview of
all hyperparameters for training and standard augmentations can be found in
App. B.
Evaluation Metrics. We consider three evaluation metrics for SpuCo Birds and
CelebA-HQ. Given a test set Dtest = {(xi, yi)}Ni=1 composed of K disjoint groups
{D1

test, ...,DK
test}, the sample mean accuracy (SMA) is the average accuracy

independent of groups:

SMA(f) =
1

|Dtest|
∑

(xj ,yj)∈Dtest

1(argmax f(xj) = yj) (8)

while the group mean accuracy (GMA) computes the average accuracy when
groups are weighted equally:
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GMA(f) =
1

K

K∑
i=1

1

|Di
test|

∑
(xj ,yj)∈Di

test

1(argmax f(xj) = yj) (9)

The worst group accuracy (WGA) is the minimum accuracy on a group:

WGA(f) = min
i=1,...,K

( 1

|Di
test|

∑
(xj ,yj)∈Di

test

1(argmax f(xj) = yj)
)
. (10)

On SpuCo Birds, the test groups are balanced so group and sample mean
accuracies coincide. On BAR, the test data contains only one group per class
which is disjoint from the groups in the training data such that we only evaluate
the sample mean accuracy. On Spurious ImageNet, we consider two evaluation
metrics. First, the validation accuracy on all images from the corresponding classes
of the ImageNet validation split. Second, the mean spurious score introduced
by [42], computed using the predicted probability for the corresponding class,
which we denote by SpuScore. The SpuScore measures the class-wise separation
of images from Spurious ImageNet [42], containing the spurious feature but not
the class object, versus the validation set of images of that class. The SpuScore
averages these scores over all 100 classes.

4.2 Group Shift Datasets

Quantitative Results. Tab. 2 summarizes results on CelebA-HQ, SpuCo Birds
and BAR. We make two key observations: First, synthetic data augmentations

Table 2: Knowledge distillation using diffusion-based data augmentation
under covariate shift: We report mean in % and standard deviation over six training
runs. The student is a ViT-T distilled from a CLIP ViT-L teacher using EDRM with
random resized crops as standard augmentations. Real Data refers to the student
obtained using only real training images whereas the rows below correspond to the
student models of different diffusion-based data augmentation methods. The highest
score in each column is highlighted in bold, the second highest is underlined.

CelebA-HQ SpuCo Birds BAR

Method SMA GMA WGA SMA WGA SMA

Teacher 99.03 97.72 91.89 96.90 93.80 95.72

Real Data 93.98 ±1.68 86.89 ±2.48 53.44 ±8.12 56.53 ±2.40 12.97 ±6.65 37.69 ±3.58

GIF 96.70 ±0.87 90.78 ±1.00 68.92 ±7.60 63.15 ±1.20 25.90 ±2.53 47.91 ±3.30
DistDiff 96.33 ±0.58 90.41 ±1.11 70.25 ±5.46 63.94 ±2.33 24.07 ±4.62 45.91 ±3.36
DA-Fusion 95.39 ±1.52 90.09 ±0.78 67.96 ±6.79 71.45 ±1.54 30.20 ±5.18 53.03 ±3.34
Diff-Mix 97.36 ±0.16 93.07 ±0.73 70.63 ±3.76 69.49 ±2.33 32.13 ±2.22 59.28 ±2.32
Diff-II 95.08 ±1.75 89.48 ±1.41 64.96 ±7.62 61.88 ±1.80 22.90 ±4.25 56.40 ±2.34
ActGen 97.04 ±0.48 92.61 ±0.67 75.68 ±4.22 64.54 ±2.07 25.97 ±1.80 55.71 ±2.70
ConfiG 97.76 ±0.25 95.67 ±0.55 88.15 ±2.10 73.38 ±1.28 39.50 ±4.53 58.66 ±3.76
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Fig. 5: Qualitative Examples of ConfiG on CelebA-HQ, SpuCo Birds and BAR.
Note that the target class is chosen randomly to be different from the original class.
The images generated by ConfiG have low confidence of the student and show that
it relies on spurious features: a young male with blond hair is recognized as female
(CelebA-HQ) or a landbird standing in water as waterbird.

generally improve the test performance in comparison to only training with real
images. Second, ConfiG consistently yields the best or second-best SMA and best
GMA and WGA results. Across all metrics, our method is at least on par with the
best baseline despite using fewer synthetic augmentations. On CelebA-HQ, the
performance of the student using ConfiG augmentations is generally the highest,
with a 1% gap to the teacher in SMA and a 4% gap in WGA. In comparison to
only real data, the absolute WGA improved by over 34%. On the SpuCo Birds
and BAR datasets, a larger gap to the teacher remains of over 40% and 58%
in SMA when training with real data only. ConfiG augmentations reduce this
difference to 23% and 37% respectively. We demonstrate that combining stronger,
non-synthetic data augmentations with ConfiG can further improve the student
performance in Sec. 4.4.
Qualitative Results. We show six examples for ConfiG augmentations in Fig. 5.
The ConfiG augmentations retain high teacher confidence while reducing the
student confidence. Further examples can be found in App. O.

4.3 ImageNet-100

Tab. 3 presents results for fine-tuning ViT-T and ViT-S students on ImageNet-100.
Synthetic data augmentations generally improve the validation further, with Con-
fiG achieving the best validation accuracies and spurious scores. For the ViT-T
student, ConfiG improves the validation accuracy by more than 1.6% and the spu-
rious score by more than 1.8% in comparison to all baselines. The improvements for
the ViT-S student by 0.6% in validation accuracy and by 0.9% in spurious score are
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Table 3: Results on ImageNet-100. ConfiG
improves the SpuScore in comparison to all base-
lines and yields the best validation accuracy. The
reported values are in %. The highest score in each
column is highlighted in bold, the second highest
is underlined. The teacher has a SMA of 96.12%
and a SpuScore of 85.45.

ViT-T ViT-S

Method SMA SpuScore SMA SpuScore

Real data 71.46 54.05 86.46 68.62

GIF 76.22 58.55 89.36 72.64
DistDiff 76.84 59.13 90.66 74.59
DA-Fusion 74.92 56.99 89.84 73.40
Diff-Mix 76.88 59.48 89.98 72.32
Diff-II 74.76 58.43 89.00 74.53
ActGen 78.36 60.48 91.04 73.17
ConfiG 80.02 62.36 91.68 75.49

slightly smaller. These results
show that ConfiG consistently
enhances knowledge distilla-
tion under covariate shift, not
only in group-based settings
but also for class-specific spu-
rious features.

4.4 Ablations

We perform ablation studies
on the group shift datasets
to investigate the impact of
inter-class mixing and latent
optimization and analyze the
effect of more synthetic and
stronger non-synthetic aug-
mentations. Furthermore, we
investigate the influence of
weaker teacher models and
demonstrate that ConfiG improves the performance of model-centric bias mitiga-
tion methods.
Individual Components of ConfiG. As introduced in Sec. 3.2, ConfiG com-
bines inter-class mixing through prompt-to-prompt editing with latent optimiza-
tion. We assess the effect of these components individually in Tab. 4. Here only
latent optimization refers to optimizing Problem (7) without inter-class mixing
which means the target class is the same original class. While both components
individually improve performance over training on purely real data, inter-class
mixing alone is sufficient to be on par or even outperform the strongest baselines
on CelebA-HQ. On BAR only performing inter-class mixing through prompt-
to-prompt editing is less effective. Latent optimization directly after null-text

Table 4: Only Inter-class Mixing or Latent Optimization compared to ConfiG.
Using only latent optimization after null-text inversion without inter-class mixing (using
the original class as target class) or purely inter-class mixing with prompt-to-prompt
(p2p) editing as data augmentation improves the performance in comparison to training
on real data only. Combining both into ConfiG achieves the best results.

CelebA-HQ SpuCo Birds BAR

Method SMA GMA WGA SMA WGA SMA

Real Data 93.98±1.68 86.89±2.48 53.44±8.12 56.53±2.40 12.97±6.65 37.69±3.58
Latent Opt. 93.35±1.33 89.01±1.13 71.11±3.74 61.53±2.03 21.63±3.61 39.40±3.53
Only p2p 97.40±0.23 94.74±0.55 86.99±1.61 66.64±1.83 33.20±3.41 44.09±3.77
ConfiG 97.76 ±0.25 95.67 ±0.55 88.15 ±2.10 73.38 ±1.28 39.50 ±4.53 58.66 ±3.76
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Table 5: Stronger Standard Data Augmentation. Combining stronger, non-
synthetic augmentations with diffusion-based augmentations further improves the
student performance both for Diff-Mix and ConfiG. ConfiG yields stronger gains than
Diff-Mix.

CelebA-HQ SpuCo Birds BAR

Method SMA GMA WGA SMA WGA SMA

Stronger Random Resized Crops + Flips
Real Data 97.17 ±0.66 91.81 ±0.77 69.97 ±7.19 60.58 ±0.79 17.63 ±2.77 52.17 ±3.98
Diff-Mix 97.69 ±0.38 93.58 ±1.02 72.62 ±6.69 70.28 ±3.28 33.40 ±6.39 64.91 ±1.16
ConfiG 98.42 ±0.05 96.72 ±0.30 90.98 ±1.40 73.78 ±1.60 42.10 ±5.00 65.39 ±1.91

Stronger Random Resized Crops + Flips + AutoAugment [7]
Real Data 97.82 ±0.11 92.50 ±0.67 72.22 ±3.76 65.46 ±0.80 25.17 ±1.99 61.65 ±2.99
Diff-Mix 97.86 ±0.21 93.60 ±0.81 74.21 ±5.61 72.63 ±2.24 36.50 ±7.86 67.89 ±2.27
ConfiG 98.53 ±0.05 96.55 ±0.36 89.45 ±1.59 78.62 ±1.61 50.53 ±5.34 69.78 ±0.70

Stronger Random Resized Crops + Flips + MixUp [67]
Real Data 97.66 ±0.43 93.15 ±1.08 74.35 ±8.53 68.99 ±0.71 37.20 ±1.31 61.70 ±1.71
Diff-Mix 98.06 ±0.08 94.38 ±0.60 77.65 ±3.60 73.19 ±1.28 43.00 ±4.93 65.62 ±1.10
ConfiG 98.42 ±0.11 96.79 ±0.48 89.95 ±1.38 77.99 ±1.97 51.57 ±5.73 68.81 ±1.86

Stronger Random Resized Crops + Flips + CutMix [65]
Real Data 97.74 ±0.26 93.17 ±0.77 70.24 ±4.59 70.05 ±2.15 36.63 ±4.29 58.21 ±2.61
Diff-Mix 97.77 ±0.07 93.50 ±0.40 71.43 ±2.41 71.48 ±2.37 38.97 ±3.55 62.31 ±1.69
ConfiG 98.33 ±0.21 96.14 ±0.67 87.90 ±2.80 77.66 ±0.52 53.10 ±3.42 65.34 ±1.75

inversion performs worse than only inter-class mixing. However, one gets a sub-
stantial boost in performance in all evaluation metrics when combining both
techniques as done in ConfiG.
Stronger Standard Augmentations. We report the results of distilling stu-
dents with stronger, non-synthetic augmentations in Tab. 5. We compare ConfiG
to Diff-Mix as the strongest baseline. The complete results for all baselines
can be found in App. D. Compared to Tab. 2, we find that on BAR stronger
standard augmentations with AutoAugment [7] and MixUp [67] considerably
improve the student performance, outperforming synthetic data augmentations
with only random resized crops. On CelebA-HQ and SpuCo Birds all standard
augmentations with only real data remain worse in GMA and WGA than ConfiG
with purely random resized crops. In all cases, the best overall performance can
be achieved when combining stronger standard augmentations with ConfiG.
Larger Number of Synthetic Augmentations. Tab. 6 shows results with
two augmentations per image for ConfiG and 56 instead of 28 augmentations
per image for Diff-Mix as the strongest baseline matched by the approximate
generation FLOPs. Results for the remaining baselines can be found in App. F.
On CelebA-HQ the student performance remains close to the main results from
Tab. 2 for both ConfiG and Diff-Mix. On SpuCo Birds and BAR the performance
of ConfiG improves with twice as many augmentations and the gap between
Diff-Mix and ConfiG increases. This indicates more saturated performances with
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Table 6: Using two augmentations per image for ConfiG. The results with
Diff-Mix are obtained with 56 augmentations per image to approximately match the
generation costs in FLOPs (see App. C). The replacement probability α is kept at 0.5,
δ refers to the difference to the results from Tab. 2.

CelebA-HQ SpuCo Birds BAR

Method SMA GMA WGA SMA WGA SMA

Diff-Mix 97.61 ±0.19 93.62 ±0.44 72.62 ±2.83 69.85 ±2.01 34.53 ±5.30 61.44 ±2.11
δ28→56 +0.25 +0.55 +1.99 +0.36 +2.40 +2.16

ConfiG 97.75 ±0.18 95.67 ±0.34 87.83 ±1.64 74.64±1.72 46.90±6.36 63.12 ±1.71
δ1→2 -0.01 +0.00 -0.32 +1.26 +7.40 +4.46

Table 7: Results with Weaker Teacher Models. We
replace the CLIP ViT-L/14 used in Sec. 4.2 by weaker teachers
(RN50 for CelebA-HQ and CLIP ViT-B/32 for BAR) which
decreases the student performance but ConfiG still improves
the performance over only real data and the Diff-Mix baseline.

CelebA-HQ BAR

Method SMA GMA WGA SMA

Teacher 96.48 92.23 75.68 59.63

Real Data 94.37±0.47 83.37±1.48 38.36±5.37 36.65±1.68

Diff-Mix 94.48 ±0.73 86.62 ±1.33 50.79 ±4.99 40.67 ±2.82

ConfiG 95.25±0.52 90.16±0.63 67.72±2.91 44.55±1.76

Diff-Mix while Con-
fiG demonstrates bet-
ter scaling.
Weaker Teachers.
Since the teacher in-
fluences both the
generated augmenta-
tions and the down-
stream training of
the student model
when using ConfiG,
we investigate the ef-
fect of using weaker
teacher models. We
exchange the CLIP
ViT-L/14 used in Sec. 4.2 by a CLIP RN50 trained on YFCC15M for the CelebA-
HQ dataset and a CLIP ViT-B/32 trained on DataComp M for BAR. The
student model and all hyperparameters remain the same as in Sec. 4.2. Tab. 7
demonstrates that a weaker teacher can indeed decrease the student performance.
However, ConfiG still improves the performance over real data and Diff-Mix. The
complete results for all baselines can be found in App. J.
Data-Centric vs. Model-Centric Bias Mitigation. The goal of ConfiG is to
use synthetic data augmentations to mitigate the problem of limited coverage
of the training data which can lead to biases and shortcut learning, particularly
in scenarios where certain subgroups are entirely absent. This approach com-
plements existing strategies that focus on learning robust models from a fixed
dataset with potential biases [66]. We demonstrate this by exemplarily combining
ConfiG with pure ERM, LfF [41] and uLA [55], three approaches for training
classification models on biased datasets without bias information. Since LfF and
uLA are based on ERM, we label the synthetic data augmentations using the
teacher before training. In Tab. 8 we show that LfF, uLA, and pure ERM are
substantially improved with synthetic data augmentations from ConfiG.
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Table 8: Using ConfiG Augmentations Improves Model-Centric Methods
for Bias Mitigation. We compare pure ERM, LfF [41] and uLA [55] with and
without ConfiG augmentations. We labeled the ConfiG augmentations using the teacher
prediction.

CelebA-HQ SpuCo Birds BAR

Method SMA GMA WGA SMA WGA SMA

ERM 90.34±3.24 84.94±1.89 57.84±3.93 53.17±1.03 3.67±2.27 38.43±1.88
uLA 84.51±3.72 79.64±2.43 45.57±7.38 53.16±0.79 3.37±1.60 39.14±3.94
LfF 87.98±5.25 82.60±3.84 51.22±7.15 52.47±0.40 2.87±1.22 35.55±1.60

ERM+ConfiG 97.46±0.16 95.52±0.40 90.25±1.09 69.26±3.99 40.57±7.89 58.33±2.42
uLA+ConfiG 97.33±0.33 95.30±0.90 89.12±4.97 70.38±2.72 40.87±4.14 57.75±1.92
LfF+ConfiG 97.49±0.28 95.82±0.47 90.72±1.92 67.86±0.64 32.93±3.07 56.75±4.18

5 Conclusion

We introduce ConfiG, a novel confidence-guided data augmentation method
designed to enhance knowledge distillation under unknown covariate shift. Our
approach effectively addresses the challenge of group shift or class-level spurious
features in training data by generating targeted augmentations that maximize the
disagreement between a robust teacher and biased student models. Experimental
results on datasets such as CelebA-HQ, SpuCo Birds, and BAR demonstrate that
ConfiG improves both worst group and mean group accuracy in a group shift
setting and is best or second-best in sample mean accuracy. On ImageNet-100,
ConfiG improves the validation accuracy and SpuScore, indicating increased
robustness of the student against class-wise spurious features.
Limitations and Future Work. We have demonstrated ConfiG in a classifi-
cation setting where images are augmented globally. Location-aware tasks such
as object detection require constraining the image augmentation process [10],
which we leave for future work. Furthermore, our experimental setup requires
pre-trained teacher models for knowledge distillation and data generation for both
ConfiG and the baselines. As dataset and model sizes continue to grow, general
purpose models such as CLIP and Stable Diffusion are suitable teachers for a
wide range of domains. Future research could explore dedicated combinations
of synthetic data augmentation and model-centric bias mitigation strategies.
Finally, while we demonstrate that ConfiG works with Hyper-SD as a modern
diffusion backbone in App. E, we believe that these initial results can be further
improved. We leave the exploration of other model types, e.g. context-guided
generation [30,62], to future work.
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