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Abstract

Condensing large datasets into smaller synthetic counterparts has demonstrated
its promise for image classification. However, previous research has overlooked a
crucial concern in image recognition: ensuring that models trained on condensed
datasets are unbiased towards protected attributes (PA), such as gender and race.
Our investigation reveals that dataset distillation fails to alleviate the unfairness
towards minority groups within original datasets. Moreover, this bias typically
worsens in the condensed datasets due to their smaller size. To bridge the research
gap, we propose a novel fair dataset distillation (FDD) framework, namely FairDD,
which can be seamlessly applied to diverse matching-based DD approaches (DDs),
requiring no modifications to their original architectures. The key innovation of
FairDD lies in synchronously matching synthetic datasets to PA-wise groups of
original datasets, rather than indiscriminate alignment to the whole distributions in
vanilla DDs, dominated by majority groups. This synchronized matching allows
synthetic datasets to avoid collapsing into majority groups and bootstrap their
balanced generation to all PA groups. Consequently, FairDD could effectively
regularize vanilla DDs to favor biased generation toward minority groups while
maintaining the accuracy of target attributes. Theoretical analyses and extensive
experimental evaluations demonstrate that FairDD significantly improves fairness
compared to vanilla DDs, with a promising trade-off between fairness and accuracy.
Its consistent superiority across diverse DDs, spanning Distribution and Gradient
Matching, establishes it as a versatile FDD approach. Code is available at https:
//github.com/zghang/FairDD.

1 Introduction

Deep learning has witnessed remarkable success in computer vision, particularly with recent break-
throughs in vision models [45) 28}, 147,133, [/2]. Their vision backbones, such as ResNet [20] and
ViT [16], are data-hungry models that require extensive amounts of data for optimization. Dataset
Distillation (DD) [160} 67, 169 16 58}, 32} {12} 138 [18}, 22} [7, 8| [71] provides a promising solution to
alleviate this data requirement by condensing the original large dataset into more informative and
smaller counterparts [42}[10]. Despite its appeal, existing researches focus on ensuring that models
trained on condensed datasets perform comparable accuracy to those trained on the original dataset
in terms of target attributes (TA) [13} 140, 156]. However, they have overlooked enabling the fairness
of trained models with respect to protected attributes (PA).

Unfairness typically arises from imbalanced sample distributions among PA in the empirical training
datasets. When the original datasets suffer from the PA imbalance, the corresponding datasets
condensed by vanilla DDs inherit and amplify this bias in Fig.[I(e)] Since vanilla DDs tend to cover
TA distribution for image classification, and as a result, it naturally leads to more synthetic samples

located in majority groups compared to minority groups w.r.t. PA, as shown in Figs.[I1(a)] [I(b)] [L(c)]
and@} In this case, these condensed datasets retain the imbalance between protected attributes,
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Figure 1: Visualization comparison on S at IPC = 10 for diverse datasets. FairDD successfully
mitigates the bias from original datasets in (a) foreground digital color, (b) background color, (c)
foreground and background grayscale (d) real-world bias. (e) vanilla DDs exacerbate the unfairness.

thereby rendering the model trained on them unfair. Moreover, the reduced size of the condensed
datasets typically amplifies the bias present in the original datasets, especially when there is a
significant gap in size between the original and condensed datasets, such as image per class (IPC)
1000 vs. 10. Therefore, it is worthwhile to broaden the scope of DDs to encompass both TA
accuracy and PA fairness. Recent works [14} 41] attempt to address the class/TA-level long-tailed
phenomenon [[71]] and spurious correlations [[13]] to improve the classification performance [56,|59],
but the exploration on visual fairness is still blank.

To bridge this gap, we propose FairDD, a novel FDD framework that achieves PA fairness in models
trained on condensed datasets, even when the original data exhibit PA imbalance. Note that FDD
addresses data-level fairness: how to generate a distilled dataset that is inherently unbiased, agnostic
to the downstream model. Instead, traditional fairness literatures focus on model-level fairness: how
to train a fair model given a dataset. These two perspectives approach fairness from distinct yet
complementary directions. FDD requires simultaneously maintaining TA accuracy and improving PA
fairness. It is challenging, as the algorithm must properly balance the emphasis across all groups —
reducing the dominance of majority groups while maintaining their TA distributional coverage, and
preserving minority groups to mitigate PA bias.

FairDD tackles this challenge by (1) partitioning the empirical training distribution into different
groups according to PA and decomposing the single alignment target of vanilla DDs into PA-wise sub-
targets. (2) synchronously matching synthetic samples to these PA groups, which equally bootstraps
synthetic datasets to each PA group without involving the specific group size. In doing so, we
reformulated the optimization objectives of vanilla DDs into fairDD-style versions. This allows
FairDD to mitigate the effect of imbalanced PA on the generation of S and prevents S from collapsing
into the majority group. In Fig.[TI(d)} FairDD synthesizes more male samples (highlighted by blue
squares) within an attributive class originally dominated by females. Meanwhile, FairDD could
also achieve the comprehensive coverage of the entire distribution for TA accuracy. We provide a
theoretical guarantee that FairDD could improve PA fairness while maintaining TA accuracy.

Extensive experiments demonstrate that our framework effectively mitigates the unfairness in datasets
of highly diverse bias. FairDD substantially improves data fairness trained on condensed datasets
compared to various vanilla DDs. FairDD demonstrates its versatility across diverse DDs, including
Distribution Matching (DM) and Gradient Matching (GM) El Our main contributions are as follows:

2We do not apply FairDD to Trajectory Matching (TM) because it would require additional model trajectories
trained on minority groups, prone to overfitting due to their limited sample sizes.



* To the best of our knowledge, our research is the first attempt to incorporate visual fairness
into DDs explicitly. We reveal that vanilla DDs fail to mitigate the bias in original datasets
and may exacerbate it due to the limited synthetic samples, leading to severe PA bias in the
model trained by the resulting condensed dataset.

* We introduce a novel FDD framework called FairDD, which proposes synchronized match-
ing to align synthetic samples to all PA groups partitioned from the original data distribution.
This allows the generated synthetic samples to be agnostic to PA imbalance of original
datasets while maintaining the overall distributional coverage of TA.

» Extensive empirical experiments demonstrate that FairDD is a generalist to significantly
mitigate the unfairness of vanilla DDs. Its consistent superiority is observed across various
DDs, including DM and GM.

2 Related Work

Dataset distillation Dataset distillation has been broadly applied to many important fields [30, 21}
17,9]. The first work [60] attempts to formulate dataset distillation as a bi-level optimization problem.
However, the two folds of the optimization process are time-consuming. Neural tangent kernel [23]]
is utilized to obtain the closed form of the inner loop [44} |37, [73]]. Some previous works propose
surrogate objectives to achieve comparable even better performance, including matching-based
methods like GM [[70} 167, [31]], DM [|69} 158, 168], TM [6, [12]], soft label learning [4, [54} 162, 152], and
factorization [27} 15} 135, 31]. Recent works [[14}41] attempt to mitigate bias to improve classification
accuracy on the TA without considering protected attributes (PA), staying within the traditional setting
of DD [13} 711156} 159]]. The work [[13]] mitigates sample-wise bias by assigning higher weights to
samples located in low-density regions of the original data distribution, while they neglect fairness
concerning PA. It fails to guarantee that the alignment objective is unbiased across all attribute
groups, nor does it ensure adequate distribution coverage. Instead, our methods have a fairness
alignment objective to facilitate unbiased data distillation; In addition, we provide a theoretical proof
to guarantee the distribution coverage for TA. This makes FairDD with a good balance between
fairness and accuracy. We provide a performance comparison in Appendix

Visual fairness Current literature on fairness aims to train a model that outputs fair logits under
class-imbalanced datasets [5]. According to the stage of bias mitigation, the research field of
fairness algorithm [3]] can be classified into three branches: Pre-processing [[11} 39, 146, 51]], In-
processing [1} 24} 164} 166} 126,61 125, 65]], and Post-processing [12}[19]. They learn fair representations
without involving information condensation [53}155}157, 48]]. Fairness-aware synthetic data generation
serves as a pre-processing for fairness. They frame fairness mitigation as a data-to-data translation
problem, and utilize generative models [63] to produce fairer datasets with respect to protected
groups [46, 50]. However, they do not consider the aspect of information condensation. Instead,
our work aims to reduce bias in condensed datasets by: (1) ensuring that the information from the
original datasets is effectively distilled into the condensed datasets, and (2) simultaneously mitigating
both the inherent bias of the original dataset and the bias exacerbated by vanilla dataset condensation.
Once the data is condensed, we can train a fair model without any further human intervention.

3 Preliminaries

Dataset Distillation. Given a vast dataset 7 = {(x;,y;)}_,, DDs aim to condense original dataset
T into a smaller dataset S = {(z;,v;)}£, via distillation algorithm Alg with nerual networks,
parameterized by 6. Randomly initialized classification network g,, should maintain the same

empirical risk whether it is trained on S or 7.
§" = argmin Alg(S,7,0),  Ey~wl[l(gy;S)] = Eyawll(gy; T)],
s

where U and £(-) represent the parameter space and loss function, respectively. The pioneering
work [60] formulates Alg as a bi-level optimization problem. However, such an optimization process
is time-consuming and unstable. Recent works circumvent it and propose surrogate matching
objectives to achieve comparable and even better performance. This research line is collectively
referred to as the DMF, and our paper primarily studies one-stage GM [70,167]] and DM [69, 58| [68]].
We leave it for future exploration.



Visual Fairness Visual fairness is an important field to mitigate discrimination against minority
groups. Group fairness requires no statistical disparity to different groups in terms of PA, such as race
and gender. This means that an ideal fair model should make independent predictions between TA
and PA. One of the common fairness criteria is equalized odds (EO), which computes the prediction
accuracy of PA conditioned on TA, to evaluate the level of conditional independence between PA and
TA. We use two types of difference of equalized odds DEOy; and DEO, from the worst and averaged
levels. Formally, given the PA set A = {a1, ag, ..., a, }, where p denotes the number of protected
attributes. DEOy; and DEO, [26] can be formulated mathematically as follows:

DEOM = ryngaj)}(ai,ajgl‘la&i(ai¢aj |P(Y = le = y7A = ai) - P(Y = y|Y = yaA = (lj)’7

DEO, = mean B L. |P(Y =ylY =y, A=a;) - P(Y =y|Y =y, A= q;)|.

4 A Close Look at Dataset Distillation

A unified perspective for Data Match Framework. The essence of the DMF lies in choosing the
target signs of original samples that effectively represent their characteristics for image recognition,
and then aligning these signals as a proxy task to optimize the condensed dataset. The target signal
¢(x;0) is typically the key information from feature extraction or optimization process using a
randomly initialized network parameterized by 6. For example, GM aligns the gradient information
produced by 7 with that of the condensed S. Instead, DM matches the embedding distributions of 7
and S. As for these approaches in DMF. we can unify the optimization objective as £(S;0,T):

L(S;0,T) =3, ey D(Elpz~r, (z;0)], Elpr~s, (x;0)]), )

where E[¢,~7, (2;6)] € RY and E[¢,~s, (z;0)] € RC are represented expectation vectors of the
target signs on 7 and S, respectively. D(-, -) is a distance function. In DMF, MSE is adopted in DM
and DREAM, and MAE is used in IDC.

Why do vanilla DDs fail to mitigate PA imbalance? Given the dataset 7 = {(z;, y;,a;)} Y,
a; € A, let us define the class-level sample ratio R,, = {ri*,r2>, ..., ry"}, where rd* = |T%|/|T,

and | - | represents the cardinal number of a set. Current DDs’ paradigms focus on preserving
TA representativeness for image recognition. Here, we decompose the whole expectation into the
expectation of PA-wise groups, i.e, E[¢,~7, (z;0)] = > 7y El¢,7ei (x;0)], and thus Eq.

a; €AY
can be rewritten as follows:
L(5:0,T) =2 yey D, eary Bloproi (2;0)], Elpuns, (;0))). 2

From Eq. EI, the optimization objective of class y is weighted by the sample ratio 3’ from different
groups. When 7 suffers from PA imbalance, e.g., 7,7 > > +; Ty’ the majority group indexed by i
contributes more to the alignment compared to minority groups. In other words, S tends to produce
more samples belonging to group ¢ for the total loss minimization. The objective of vanilla DDs
suffers from PA imbalance within 7.

)

Next, we further study how the resulting S is affected by sample ratio ry’ of different groups. To this

end, we assume that the optimization process could reach the optimal solution for each class, and as a
result, the final resulting S satisfies the condition that the derivative of the objective function with
ID(X,,cats Eld, _roi (:0)]Eldans, (2:0)]) ,

6E[¢m~ysy €0) = 0. Now, let’s
delve into the specific distance metrics used in vanilla DDs, where the most commonly used metrics
are MAE, MSE, and cosine distance. We could compute the optimal point of E[¢,~.s, (2;0)] could
reach under these metrics:

respect to E[¢,~s, (x;0)] equals 0, i.e.,

Elpans, (@ 0)] = A Y iy Elp, roi (2:0)], (3)

a; €A

Where )\ is a constant shared across all groups, equal to 1 for MAE and MSE, and equal to

IE[¢pax~sy (2:0)]ll2 £ . . .
e or the cosine loss. Eq.|3| presents that the expectation of synthetic sam-
T cary Elé, _roi (@0l q-°|P p y

ples E[¢,~s, (2;0)] ultimately converges to an average on expectations of all PA groups, weighted
by their respective sample ratios ;. This indicates that vanilla DDs naturally favor majority groups,
causing S to shift towards them and inherit their biases.




When original datasets suffer from PA imbalance, e.g., rzj > ZZ £ rgi, the unfairness of the
synthetic dataset stems from two different aspects: 1) The majority group renders synthetic
samples to locate its region from Eq.[3} 2) According to Eq.[2] the large sample quantities of the
majority group contribute more to the total loss. As a result, minority groups experience higher
loss during testing, which limits the model to represent them accurately. These factors prompt us
to reduce the impact of PA imbalance on the generation of S.

5 FairDD

Overview In this paper, we propose a novel FDD framework that achieves both PA fairness and TA
accuracy for the model trained on its generation S, regardless of whether the original datasets exhibit
PA fairness. As illustrated in

Fig. 2] FairDD first partitions Vanilla DD
the dataset into different groups
w.r.t. PA and then introduces an
effective synchronized match-
ing to equally align S with
each group within 7. Com-
pared to vanilla DDs, which
pull the synthetic dataset to-
ward the majority group in the
synthetic dataset, FairDD pro- ‘
poses a group-level synchro- — PEe7 @ 0] Eldens, (@:0)]) Paca DBy g (2:0)], Eldars, (2:0)])
nized alignment, in which each Synthesized dataset Origi;lal dataset &(-) | Space of target signals
group attracts the synthetic data
toward itself, thus forcing it to
move farther from other groups.
This synchronized pull prevents
the generation from collapsing
into majority groups (fairness)
and ensures class-level distribu-
tional coverage (accuracy).

FairDD

#(-)

alignment

Figure 2: The overview of FairDD. FairDD first groups target
signals of 7 and then proposes to align S (random initialization)
with respective group centers. With this synchronized matching,
S is simultaneously pulled by all group centers in a batch. This
prevents the condensed dataset S from being biased towards the
majority group, allowing it to better cover the distribution of 7.

Synchronized matching As mentioned in Sec. 4] vanilla DDs fail to mitigate PA imbalance and
even amplify the discrimination. The relation behind the failure is that the majority group dominates
the generation direction of S and leads to the resulting S inheriting the PA imbalance, i.e., preference
to fitting to the majority group. To avoid the synthetic samples collapsing into the majority group,
we decompose the single target (dominated by the majority group) into PA-wise sub-targets, and
simultaneously align S with these sub-targets, without incorporating the specific sample ratio of each
group into the optimization objective. The samples assigned to one group have the same PA within
the same class label. In this way, we obtain the unified objective function of FairDD:

Lrairpp(S;0,T) =3 ey 2a,ea DB, Lroi (2;0)], Elpans, (23 0)]). )

The reformulation forms synchronized matching, where different sub-targets attempt to pull S into
their corresponding PA regions. Each PA group holds equal importance in generating S, ultimately
converging to a balanced (fair) status. Subsequently, we present a theoretical analysis illustrating how
FairDD effectively mitigates PA imbalance and aligns TA distribution.

Theorem 5.1. For any PA set A, network parameters 0, and target signs ¢(-), Lrairpp(S;0,T)
could mitigate the influence of PA imbalance of original datasets on generating synthetic samples.
Especially when D(-) is MAE or MSE, synchronized matching ensures that the signal expectation of
S is situated at the center of the expectation across all PA groups within T .

Proof. We assume that E[¢, s, (z; )] could reach the optimal solution for each class. Hence, we

have 8£FWDD(Sy; 0, E)/aE[(ZSzNSy (3 9)] =0
Elisns, (@0)] = > 3 By s (@:6)] )

a; EA



According to Eq. |5} the resulting E[¢,~.s, (; #)] are independent on the sample ratio R, indicating
the corresponding S unaffected by R,. As a result, the condensed & will not be dominated by
majority groups that happened in vanilla DDs. All PA centers contribute equally to the generation
of S, which succeeds in mitigating the PA imbalance of 7. Especially when D(-) is MAE or MSE,
the expectation of target signs of S is equal to the arithmetic mean of centers of all PA groups. This
shows that S generated by FairDD is not biased towards any groups.

Although we mitigate the bias inheritance in vanilla DDs by synchronously aligning S to fine-grained
PA-wise groups, it is also crucial to investigate whether £ pq;-pp(S; 0, T) (synchronized matching)
ensures that the resulting S achieves comprehensive distributional coverage for 7. As mentioned
above, £(S;0,7T) matches S and T in a global view to fully cover 7’s distribution. Below, we
provide a theoretical guarantee that Lpq-pp(S; 6, 7T) could maintain comprehensive coverage
compared to £(S; 0,7 ) when D(-, -) is a convex distance function, commonly used in diverse DD

Theorem 5.2. For any PA set A and target signs ¢g(+), Lrairpp(S;0,T) is the upper bound of
vanilla unified objective L(S;0,T), i.e., Lrairpp(S;0,T) > L(S;6,T), when D(-,-) is convex.
Optimizing Lrqirpp(S;0,T) can guarantee the comprehensive distribution coverage for T.

The proof is given in Appendix|D} £ gqi-pp(S; 80, T) serves as the upper bound of £(S; 6, T), mean-
ing that minimizing £ rq;-pp(S; 0, T ) ensures the minimization of £(S; 0, 7). Hence, optimizing
S in FairDD can guarantee the distributional coverage by bounding £(S; 6, T') tailored for accuracy.

6 Experiment

6.1 Experiment Setup

Datasets Comprehensive experiments are conducted on publicly available datasets with diverse
types of bias, including foreground bias (FG), background bias (BG), combined BG & FG bias,
and real-world bias. The evaluated datasets include synthetic datasets: C-MNIST (FG), C-MNIST
(BG), Colored-FMNIST (FG), Colored-FMNIST (BG), and CIFAR10-S (BG & FG), as well as
real-world datasets: CelebA, UTKFace, and BFFHQ. For more details on these datasets, please refer
to Appendix [B]and [C] We also explore Tiny-ImageNet-S and ImageNet Subsets-S with the same
operations as those performed on CIFAR10 for CIFAR10-S.

Baselines & Evaluation metrics FairDD is a general fairness framework applicable to diverse
DDs in DMF. We apply FairDD to diverse DMF approaches including DM method DM [69] and
GM methods DC [70], IDC (DC version) [27]], and DREAM (DC version) [36]. To provide an
overall evaluation for model bias toward PA, we use DEOy({) € [0, 100] and DEO4({) € [0, 100]
to measure the worst and average fairness levels. Also, we report accuracy(?) to assess the model’s
prediction of TA. We also provide a comparison with MTT in Appendix [R} Sometimes, we will abuse
DM-+FairDD and FairDD for clarification.

Implementation details We default to BR of 0.9 for all synthetic original datasets to induce signifi-
cant PA skew. In Table[I6] we conduct the ablation study on BR. All baselines are reproduced using
official implementations. FairDD doesn’t introduce extra hyperparameters or learnable parameters.
Experiments are conducted on PyTorch 2.0.0 with a single NVIDIA RTX 3090 24GB GPU.

6.2 Main results

We use distilled datasets S from different DDs to train and evaluate ConvNet with the same parameters,
and then report the corresponding fairness and accuracy. Random refers to sampling defined IPC
from the original dataset to create smaller datasets. Besides, Whole means we train the model using
the entire training dataset without distillation or sampling.

FairDD significantly improves the fairness of vanilla DDs We provide comprehensive fairness
comparisons across various DDs, including DM and DC. As illustrated in Table[I] vanilla DDs fail to
mitigate the bias present in the original datasets and even exacerbate unfairness towards biased groups.
In C-MNIST (FG), the distilled datasets from DM suffer from severe unfairness at IPC=10 compared

*Emperical experiments show FairDD also can cover the TA distributions when D(-, -) is not convex.



Table 1: Fairness comparison on diverse IPCs.

Methods i | Random DM DM-+FairDD| DC DC+FairDD|  IDC  IDC+FairDD| DREAM  +FairDD Whole
Dataset IDEONMDEOADEOy DEO s DEOy DEOADEOy DEO A DEOy DEOAIDEOMDEOA DEOyM DEOADEOy DEOs DEOy DEOADEON DEOA
C-MNIST 10]100.0 98.72]100.0 99.96 17.04 7.95 |99.85 65.61 26.75 11.96|100.0 91.45 12.24 6.64 [98.99 78.71 11.88 7.21
(FG) 501100.0 99.58|100.0 91.68 10.05 5.46 |46.99 20.55 18.42 8.86 |65.34 34.91 9.18 5.94 |52.03 26.63 18.37 7.50 |10.10 5.89
100/ 100.0 88.64|99.36 66.38 8.17 4.86 |45.27 17.45 22.32 9.49 |64.36 35.82 11.88 6.21 |69.30 33.30 11.88 6.88
C-MNIST 10]100.0 99.11{100.0 99.97 13.42 6.77 | 100.0 73.60 20.66 9.94 | 100.0 88.30 18.61 7.50 [100.0 52.06 15.31 6.83
(BG) 501100.0 99.77|100.0 97.85 8.98 5.25 |60.66 26.38 20.29 9.90 |93.05 42.23 19.66 8.05 |64.15 23.30 20.41 9.04 | 9.70 5.78
100/ 100.0 89.07|100.0 52.23 6.60 4.31 |62.63 20.87 32.58 10.40|63.24 27.79 12.24 6.32 |44.88 22.86 16.33 7.80
C-FMNIST 10/100.0 99.18/100.0 99.05 26.87 16.38|99.40 78.96 46.80 24.01|100.0 97.27 32.33 16.80|100.0 95.17 42.00 20.87
(FG) 50{100.0 94.61|100.0 96.46 24.92 13.74|99.33 67.02 46.67 21.48|100.0 81.93 40.00 17.37(99.67 83.27 47.67 22.33|79.20 41.72
100/ 100.0 94.85|100.0 85.11 23.83 12.75|99.58 66.45 56.68 23.07|100.0 79.10 48.33 17.43|97.33 70.10 74.00 40.40
C-FMNIST 10/100.0 99.40|100.0 99.68 33.05 19.72|100.0 92.91 61.75 34.88|100.0 99.40 42.00 23.80|100.0 94.70 36.00 23.50
(BG) 501100.0 98.52{100.0 99.71 24.50 14.47|100.0 75.41 44.60 25.25|100.0 95.60 78.00 34.50|100.0 88.40 34.00 23.70|91.40 51.68
100/ 100.0 96.05|100.0 93.88 21.95 13.33|99.70 73.38 52.75 23.48|100.0 90.70 77.00 36.00|100.0 83.90 40.00 23.20
10125.04 8.29 |59.20 39.31 31.75 8.73 |42.23 27.35 22.08 8.22 |80.70 48.38 19.90 5.28 |51.80 31.43 20.80 7.77
CIFAR10-S|50|57.11 28.89|75.13 55.70 18.28 7.35 |71.46 45.81 34.39 11.21/92.00 60.56 29.00 9.10 |56.80 36.19 14.70 6.53 (49.72 33.17
100/ 66.49 43.16|73.81 55.10 14.77 5.89 |68.69 48.64 32.70 11.26/92.70 60.93 62.80 25.18|82.30 48.12 12.10 6.06
10/10.48 9.20 |30.01 28.85 9.37 5.71 [15.48 14.16 6.64 5.29 |34.85 34.48 8.36 4.49 [40.75 36.70 9.20 5.36
CelebA [50]22.88 20.32|40.26 38.81 14.08 9.87 |24.89 23.83 14.33 12.92|56.74 46.50 22.57 15.15|43.57 38.53 23.62 14.29|24.85 24.16
100/ 18.67 18.01|42.63 41.12 10.93 6.65 |29.00 27.52 18.16 17.04|50.99 42.66 28.27 17.63|52.51 39.34 24.87 15.36
10126.00 18.47|51.40 34.87 37.40 21.60|43.80 26.80 35.00 20.66|52.00 30.80 34.40 23.13|46.00 29.87 32.40 24.93
UTKface |50{40.60 25.27|43.60 32.13 23.60 17.27|38.40 27.20 27.80 20.86|44.60 30.73 30.20 22.40|38.20 27.73 29.80 23.13|39.00 24.00
100]50.00 30.07[43.60 34.60 27.20 20.33|30.60 23.87 27.20 18.33|42.80 31.13 39.00 23.53|46.60 32.87 27.40 21.13
10/19.44 16.72]44.32 34.76 15.84 10.68|47.04 38.92 37.84 28.84|58.00 51.92 21.28 12.44|60.96 52.76 25.52 19.36
BFFHQ |50]37.12 26.84|60.88 50.56 19.76 14.96|59.20 51.24 52.24 42.48|70.64 59.28 13.92 10.88|62.08 60.04 31.28 30.00|66.40 55.20
100/43.12 36.20(65.36 53.12 17.52 13.32|60.56 49.76 54.72 46.64|66.24 60.68 14.96 8.20 |65.76 59.60 10.24 7.12

Table 2: Accuracy comparison on diverse IPCs.

Table 3: Cross-arch. comparison.

Methods | [Random| DM +FairDD| DC +FairDD| IDC +FairDD|DREAM +FairDD[Whole  ethod | S0 DM DM+FairbD
Datasets Acc. |Acc. Acc. |Acc. Acc. |Acc. Acc. Acc. Acc. | Acc. arch. |DEOm DEO» Acc. DEOw DEOs Acc.
~onvNet A . 6. . K B

ConvNet | 100.0 91.68 56.84 10.05 5.46 96.58

coMmnisT | 10| 3075 {2501 94.61 |71.41 90.62 |53.06 95.67 | 75.04  94.04 CMNIST | AlexNet | 1000 98.82 44.02 1035 6.16 96.12
(FG) | 30| 4738 |5684 96.58 9054 92.68 [88.55 96.77 | 91.02 9459 |97.71 (FG) | VGGI1 | 9970 70.73 7522 9.55 539 96.80
100| 67.41 |78.04 96.79 [91.64 93.23 |90.39 97.11 | 88.87 95.16 ResNet18] 100.0 96.00 5205 8.40 4.63 97.13

Mez: 99.93 89.31 57.03 9.59 5.41 96.66

CovnisT | 10| 2795 [23.40 9488 (6591 90.84 (6200 94.84 | 7981  93.54 ‘C efz“m(m B e
(BG) | 30| 4552|4774 9686 8853 92.20 |86.14 9529 | 8924 9320 |97.80 AlexNet | 1000 9975 2272 20,60 14.11 76.14
C-FMNIST g o . 3 . g

100| 67.28 |79.87 97.33 [90.20 92.73 |89.66 95.84 | 90.70  94.06 oy T VGGI1 | 1000 97.77 43,11 2160 1436 7857

ResNet18| 100.0 99.78 23.37 22.50 14.96 75.21

CFMNIST] 10] 3280 [33.35 77.09 [60.77 7601 [44.08 79.66 | 49.72  77.24 =
(FG) | 30| 4248 4094 8211 |69.08 75.83 6445 80.80 | 6569 78.79 8294 | Mean |100.0 9925 3137 22.30 1473 77.25
100| 55.31 |57.99 83.25 |68.84 74.91 |66.37 80.28 | 68.25 78.51 ConvNet| 75.13 5570 45.02 1828 7.35 58.84

AlexNet | 75.30 52.57 36.09 15.84 5.12 49.16

CFMNIST] 10] 2496 2226 7110 |47.32 68.51 [37.59 72.67 | 4530 7156 CIFARI0-S| VGGI1 | 6148 44.05 43.23 1151 4.16 5265
'(BG) 50| 34.92 [36.27 79.07 |60.58 75.80 |46.20 73.72 | 53.62 72.80 |77.97 ResNetl8] 76.23 34.35 3803 1644 5.14 5093
100| 44.87 |49.30 80.63 |62.70 71.76 |48.61 73.18 | 53.32  73.00 | Mean |72.04 51.67 40.59 1527 544 5290

ConvNet | 40.26 38.81 64.61 14.08 9.87 68.50

10| 23.60 [37.88 45.17 [37.88 41.82 [48.30 5640 | 55.09 58.40 et 13031 des aast s amt eaoa
CIFARI10-S| 50 | 36.46 (45.02 58.84 |41.28 49.26 [47.26 57.84 | 57.59 61.85 |69.78 CelebA | VGG11 [26.03 24.63 61.57 895 6.32 62.05
100| 39.34 48.11 61.33 [42.73 51.74 4727 5698 | 57.14  62.70 ResNet18] 25.60 24.93 6032 672 429 61.80

10| 5451 61,79 64.37 |57.19 57.63 [61.49 63.54 | 6438  66.26 | Mean |31.10 3025 6240 978 638 64.15

CelebA |50 | 55.99 [64.61 68.50 [60.16 59.89 |60.75 66.89 | 64.62 68.26 |74.09 ComNet|43.60 32.13 6894 2360 17.27 71.75
exNet X 31.93 .3 ¥ ! ..

100| 60.62 |65.13 68.84 |62.53 61.89 |64.04 67.24 | 62.58 64.12 UTKface | ixNet | 4840 3193 0637 3340 2190 6926

10| 46.62 [65.23 66.92 |58.52 60.01 [67.05 67.85 | 67.75 67.68 ResNet18| 50.50 31.77 62.63 34.70 20.17 66.79

UTKFace |50 | 59.70 [68.94 71.75 [69.00 70.28 |69.82 69.95 | 71.97 71.12 |78.67 | Mean [47.68 31.63 65.97 3110 20.09 68.76
100 63.87 |71.27 73.70 |66.88 67.65 |72.75 69.43 70.13  66.42 ConvNet | 60.88 50.56 65.28 19.76 14.96 69.00

AlexNet | 55.96 45.56 65.80 17.60 12.98 68.71

10| 57.40 |64.90 65.46 [62.62 63.30 [65.52 68.70 | 64.32 63.94 BFFHQ | VGGI1 |57.12 42.88 66.12 25.16 16.22 67.79

BFFHQ | 50| 61.78 |65.28 69.00 |64.62 68.04 |70.64 70.50 | 63.04 66.60 |71.40 ResNet18] 56.88 46.88 62.60 23.12 14.14 63.47
100| 62.94 |66.20 73.74 |67.40 68.72 |63.16 70.50 | 62.74  63.64 | Mean |57.71 4647 6495 21.41 1458 67.24

to Whole, with DEOy; and DEO4 reaching 100.0 and 99.96 vs. 10.10 and 5.89. In some cases,
Random presents better fairness than vanilla DDs, particularly when dealing with complex objects
like CelebA. This suggests that while vanilla DDs effectively condense information into smaller
samples, their inductive bias, which favors the majority group, worsens the fairness to the minority
group. However, when FairDD is applied to vanilla DDs, there is a significant improvement in
fairness performance, with DEOy; dropping substantially from 100.0 to 17.04, and DEO, decreasing
from 99.96 to 7.95 in C-MNIST (FG). This indicates that FairDD’s synchronized matching ensures
the equal treatment of each group, effectively mitigating the bias that vanilla DDs exacerbate. FairDD
further reduces the bias originally present in the original datasets. For example, DC + FairDD
outperforms Whole in C-FMNIST (FG) and CIFAR10-S, as well as in the real-world dataset CelebA,
achieving the overall improvement on DEOy; and DEO, metrics. Similar performance gains are also
observed in other baselines.



FairDD maintains the comparable and even higher accuracy than vanilla DDs A fairness
framework must maintain TA accuracy in addition to improving fairness across PA groups. We
report the TA accuracy of FairDD in comparison to other baselines in Table 2} Compared to Random,
training the model by vanilla DDs yields better performance. This shows that vanilla DDs capture
the informative patterns of majority groups, improving their TA accuracy. However, by focusing on
dominant patterns in majority groups, they neglect the important patterns in minority groups within
the training datasets. Thus, their representation coverage is limited. In contrast, FairDD proposes
synchronized matching to push the S to cover each group, and as a result, the generated S retains
key patterns of all groups and achieves comprehensive coverage. For example, DM obtains 25.01 at
IPC = 10 on C-MNIST (FG), and its accuracy boosts to 94.61 when applying FairDD. In real-world
CelebA, FairDD obtains comparable performance for DC and presents superiority over vanilla DDs.
These demonstrate that FairDD could mitigate the bias without compromising accuracy.

Generalization to diverse architectures Here, we investigate the cross-model generalization of
FairDD, where ConvNet is used to condense datasets, and we evaluate S on other architectures,
including AlexNet, VGG11, and ResNet18. We compare DM and FairDD across four datasets at
IPC = 50, evaluating performance against BG, FG, BG & FG, and real-world biases. As shown
in Table |3} among these architectures, FairDD achieves DEOy; of 10.05, 10.35, 9.55, and 8.40 on
C-MNIST (FG), DEOy4 of 14.47, 14.11, 14.36, and 14.96 on C-FMNIST (BG), and accuracy of 58.84,
49.16, 52.65, and 50.93 on CIFAR10-S. These steady results suggest that S generated by FairDD
is not restricted to the model used for distillation but generalizes well across diverse architectures.
Additionally, with the model capacity increasing, the model generally tends to be more fair to all
groups. However, the accuracy sometimes decreases, such as when it drops from 58.84 (ConvNet)
to 50.93 (ResNet18) in CIFAR10-S and from 68.50 (ConvNet) to 61.80 (ResNet18) in CelebA. We
assume that while increased attention from larger models can lead to accuracy gains for minority
groups, it may limit the representations for majority groups at certain levels. The accuracy gains for
minority groups may be smaller than the accuracy losses for majority groups, particularly in larger
models that have limited potential improvement in recognizing minority groups.

Discussion FairDD employs a bias-free alignment objective, where the expectation of the distilled
data is unbiased across all groups, as shown in Eq.[5] To ensure fairness during optimization, each
PA group contributes equally to the total loss, with gradients that are independent of group sample
sizes. This design leads to balanced sample generation across all protected groups. Regarding TA,
the loss used in vanilla DDs is designed to align with TA-wise classification accuracy. In FairDD,
as proven in Thm.[5.2] the loss function serves as an upper bound on the loss of vanilla DDs. This
implies that minimizing the FairDD objective ensures distributional coverage across TA. As a result,
models trained on FairDD-distilled datasets achieve higher accuracy on minority PA groups, while
maintaining stable performance on majority groups. The main takeaways of FairDD are summarized
as follows: Fairness-Aligned Objective: The distilled dataset should be constructed such that its
expected representation is unbiased across all attribute groups, aligning with fairness principles at the
objective level; Equal Group Contribution: Each group should contribute equally to the overall loss,
encouraging balanced optimization and preventing group-specific bias during training; Distributional
Coverage of TA: It is essential to ensure that the distilled dataset maintains adequate distributional
coverage over the TA, supporting both fairness and classification accuracy.

6.3 Result Analysis

Visualization analysis on fairness and accuracy To intuitively present the effectiveness of FairDD,
we train g,, using S of C-MNIST (FG) distilled by DM and FairDD, and then extract the features from
the test dataset. Different colors paint these resulting features according to PA and TA, respectively.
As shown in Figs. [3(a)]and [3(b)] features with the same PA tend to form a cluster, indicating that
the model trained on DM is sensitive to PA and thus failing to guarantee fairness among all PA. In
contrast with DM, the feature distributions in Fig. [3(b)]exhibit nearly complete overlaps across all PA.
It shows that the model trained on FairDD is agnostic to PA and does not exhibit bias towards these
PA. Besides the PA fairness, we also study the feature distribution from the TA perspective. Fig.
shows that features belonging to one TA scatter and fail to provide compact representations for one
class. The failure of DM can be attributed to model bias toward PA. Combined with Fig. it can
be observed that PA has a stronger influence on the feature distribution compared to TA. As a result,
PA-wise representations are tightly clustered, but representations from the same TA are divided into
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(a) PA t-SNE of DM.  (b) PA t-SNE of FairDD. (c) TA t-SNE of DM. (d) TA t-SNE of FairDD.

Figure 3: T-SNE visualization towards test features. Color represents distinct PA groups in (a) and
(b), and TA Iabels in (c¢) and (d). In (a), DM shows obvious distinctiveness towards different PA.
But (b) shows DM+FairDD eliminates the recognition of PA. In (c¢) and (d), DM+FairDD enables
compact TA representations, but DM tends to cluster features with the same PA.

Table 5: Ablation on fair extractor. Table 6: Ablation on initialization at IPC = 50.
Methods IPC DM+FairDD DM+LW DM+LfF Methods nit DM DM-+FairDD
Dataset DEOy DEO,J Acc. DEOy DEOp Ace. DEOy DEO, Acc. Dataset DEOp DEOj Acc. DEOy; DEOy  Acc.
C-MNIST | 10 | 17.04 7.95 94.61 100.0 99.97 23.76 100.0 99.98 22.75 C-MNIST |Proportion| 100.0 91.68 56.84 10.05 5.46 96.58
(FG) 50| 10.05 5.46 96.58 100.0 96.64 48.28 100.0 91.57 56.23 (FG) Balanced | 100.0 96.41 53.85 9.80 5.24 96.48
C-FMNIST| 10 | 33.05 19.72 71.10 100.0 99.66 21.54 100.0 99.63 21.74 C-FMNIST |Proportion| 100.0 99.71 36.27 24.50 14.47 79.07
(BG) 50 | 24.50 14.47 79.07 100.0 99.75 33.13 100.0 99.66 36.23 (BG) Balanced | 100.0 99.62 30.94 24.85 14.19 79.98
10| 31.75 8.73 45.17 61.21 42.15 37.26 77.83 59.22 4347 Proportion| 75.13 55.70 45.02 18.28 7.35 58.84
CIFARIO—S‘ 50 ‘ 18.28 7.35 58.84 60.73 41.84 36.88 75.35 58.51 43.68 CIFARIO-S Balanced | 76.21 52.31 4597 19.19 6.51 58.82

PA-wise parts. In contrast, FairDD proposes synchronized matching effectively mitigates this by
treating each PA group equally within one TA. The equal treatment allows different PA groups within
the same TA to cluster more easily, leading to more compact representations that benefit capturing
class semantics in Fig. 3(d)} These results highlight the superiority of FairDD in improving PA
fairness and TA accuracy. Additional analysis on computation overhead and representation coverage
on S generation are provided in Appendix [J]and [F} We also visualize on S generation in Appendix [G]

Exploring the scalability on arge datasets To further evaluate the scalability of FairDD, we
conduct experiments on large datasets such as ImageNet Subset and Tiny-ImageNet. To introduce
bias, we apply the same procedure used for CIFAR10-S, resulting in biased versions: ImageNet
Subset-S and Tiny-ImageNet-S. The results are shown in Tabled] As observed, FairDD outperforms
the vanilla DDs on these datasets, demonstrating its superior scalability.

Table 4: Scalability on ImageNet-series datasets at IPC = 10.

ImageNet Subset-S
Nette Fruit ‘Woof Meow Squawk Yellow

Methods |DEOy; DEOp Acc. DEOy DEOy Acc. DEOy DEOp Acc. DEOy; DEOy Acc. DEOy DEOJ Ace. DEOy DEOj Ace. DEOy DEO, Acc.

Dataset

DM 60.05 36.45 42.24| 60.08 30.88 18.66| 44.04 27.27 22.44| 56.08 30.83 25.01| 52.04 35.02 34.07| 60.02 40.82 32.85| 55.78 12.26 7.30
DM+FairDD| 32.05 15.26 45.61| 32.09 19.66 22.28| 32.07 13.64 22.84| 40.04 16.02 26.05| 32.05 19.68 35.49| 36.04 15.28 38.82| 46.21 7.55 7.78
DC 46.04 23.28 40.68| 60.84 29.28 19.56| 45.64 25.48 21.62| 48.04 23.63 22.92| 47.60 25.12 31.64| 56.06 30.96 34.44| 54.43 10.33 9.09
Dc+FairDD | 34.09 13.56 44.82| 46.06 16.36 22.34| 35.25 14.88 22.88| 40.80 19.04 21.98| 34.00 13.12 35.00| 47.20 13.44 38.92| 4845 6.86 9.65

6.4 Ablation Study

Ablation on fair extractor General DDs treat the extractor as a non-linear transformation, where
the randomly initialized extractor either does not require training or only updates parameters after
a few iterations. Here, we investigate whether vanilla DDs can mitigate bias when the extractor is
fair to PA. We employ two fairness approaches LW and LfF to train the extractor fairly to PA [43]].
Then, we use the extractor for condensation, resulting in DM+LW and DM+LfF models. From
Table[5] we can observe that DM+FairDD still outperforms DM+LW and DM+LfF on both fairness
and accuracy across FG, BG, and FG&BG. Although they use fair extractor towards PA, which helps
provide a balanced feature space, Eq. [3]illustrates that vanilla DDs shift synthetic datasets toward
the majority group. This biased shift still causes S to inherit the bias of the original dataset during
the condensation. In contrast, FairDD is agnostic to whether the extractor is fair and consistently
mitigates the bias in the condensed dataset.



Table 7: Ablation on fairness-aware learning.

DC
Acc. DEO-M DEO-A

DC+FairDD
Acc. DEO-M DEO-A

DC+MF
Acc. DEO-M DEO-A

DC+DF

Dataset Acc. DEO-M DEO-A

CMNIST-BG|[65.91 100.00 73.60 (90.84 20.66 9.94 |67.10 99.50 70.60 |82.45 76.44 42.05
CIFARI0-S [37.88 42.23 27.35 |41.82 22.08 8.22 |39.47 3586 22.04 |40.10 27.20 10.29

Ablation on initialization of synthetic images The initialization of S determines the prior in-
formation obtained by DDs. We examine the effect of different initialization using three strategies:
random: randomly drawing samples from the original datasets to initialize S; Noise: using noise
obeying the standard normal distribution for initialization; and balanced: initializing with the equal
number of each group. In Table[6] DEOy and DEO, metrics of DM suffer from the bias present in
the original dataset across these strategies. Especially in balanced, we keep the synthetic dataset
without group imbalance, vanilla DDs still inherit the imbalance from the original dataset. This again
demonstrates the disadvantage of vanilla DDs when condensing biased datasets. In contrast, FairDD
achieves robust performance in fairness and accuracy.

Ablation on fairness-aware learning in vanilla DDs In this work, we explore fairness-aware
learning for vanilla models through distillation fairness (DF) and model training fairness (MF).
During distillation, DF assigns weights to each group inversely proportional to its sample proportion
to achieve fairness-aware learning, while keeping the rest of the training procedure unchanged. MF,
on the other hand, keeps the distillation process unchanged and applies fairness-aware learning
only during the model training stage. We apply DF to the DC framework and obtain DC+DF,
and similarly incorporate MF into DC to derive DC+MF. As illustrated in Table[/} applying these
fairness regularizations can alleviate distillation bias to some extent; however, they do not ensure
that the alignment objective remains unbiased across all attribute groups, nor do they guarantee
comprehensive coverage of the target attribute distribution. Consequently, the distilled data of certain
minority groups may be lost due to biased distillation.

We provide a summary to guide the reader through the appendix in Appendix[A] We conduct
performance comparison with [13] in Appendix [Ef and more ablation study on weighting
mechanism in Appendix [H} additional experiments on CelebA in Appendix [, computation
overhead in Appendix[J} attribute missing in test dataset in Appendix K] ablation study on the
biased ratio of original datasets in Appendix [} group label noise and missing in Appendix [M],
balanced original dataset in Appendix [N} nuanced PA groups in Appendix [0} imbalanced PA
groups in Appendix [P, exploration on vision transformer as the backbone in Appendix
comparison with MTT in Appendix R}

7 Conclusion

This is the first work to introduce attribute fairness into the field of dataset distillation and to
systematically provide a theoretical analysis of why vanilla dataset distillation fails to mitigate
attribute bias. To address the problem, we propose a unified fair dataset distillation framework
called FairDD, broadly applicable to various DDs in DMF. FairDD requires no modifications to
the architectures of vanilla DDs and introduces an easy-to-implement yet effective attribute-wise
matching. This method mitigates the dominance of the majority group and ensures that synthetic
datasets equally incorporate representative patterns with all protected attributes from both majority
groups and minority groups. By doing so, FairDD guarantees the fairness of synthetic datasets while
maintaining their representativeness for image recognition. We provide extensive theoretical analysis
and empirical results to demonstrate the superiority of FairDD.

Limitations Since FairDD relies on PA’s prior information to conduct attribute-wise matching, it
is valuable to explore the scenario where PA is unavailable [34]. A potential solution is to generate
pseudo-labels to guide FairDD through self-supervised learning or unsupervised learning.

Broader Impacts This paper aims to improve data efficiency and enhance data fairness in modern
machine learning, fully compliant with legal regulations. Since training a fair model from scripts with
extensive data is time-consuming, our work in providing a fair condensed dataset for effective model
training can have significant societal impacts. We hope our research raises attention to achieving
fairness and accuracy for dataset distillation in academia and industry.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction precisely reflect the contribution and scope of
this paper.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have created a separate "Limitations" section in our paper.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: We provide a correct proof for our theoretical results in Appendix
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide a detailed illustration of our proposed algorithm and baselines in
the Appendix[B]and Appendix

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:
Justification: We will make our code and dataset available once the paper is accepted.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.
* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We provide full details in Section [6]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We report the average results across five runs.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We point out the specific compute resources in Section [6]
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our paper obeys the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss the broader impacts of our paper.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: Our paper poses no such risks
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We respect the Licenses for existing assets that we use.
Guidelines:

» The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [NA]
Justification: We will release new assets proposed in our paper once the paper is accepted.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects, adapt

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
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Justification: the paper does not use LLM to impact the core methodology, scientific
rigorousness, or originality of the research.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Appendix summary

We summarize the appendix contents as follows:

* Dataset details: Appendix B

* Dataset statistics: Appendix[C|

* Proof of the theorem: Appendix D]

* Additional performance comparison: Appendix [E]

* Visualization analysis on representation coverage: Appendix[F|
* Visualization analysis on S generation: Appendix[G]

* Ablation study on weighting mechanism: Appendix [H]

+ Additional experiments on CelebA: Appendix I

 Computation overhead: Appendix[J]

* Attribute missing in test dataset: Appendix [K]

* Ablation study on biased ratio of original datasets: Appendix
* Group label noise and missing labels: Appendix M|

* Balanced original dataset: Appendix|[N]|

* Nuanced PA groups: Appendix [O]

+ Imbalanced PA groups: Appendix[P|

+ Exploration using Vision Transformer as the backbone: Appendix [Q]
* Comparison with MTT: Appendix [R]

* More visualizations: Appendix|[5]

B Datasets

Comprehensive experiments have been conducted on publicly available datasets of diverse biases,
including foreground bias (FG), background bias (BG), BG & FG bias, and real-world bias. C-MNIST
(FG) is a variant of MNIST [29] used to evaluate model fairness, where the handwriting numbers in
each class are painted with ten different colors. To correlate the TA (digital number) and PA (color)
within the training dataset, each training class is predominantly associated with one color according
to the same biased ratio (BR), while the remaining samples are evenly painted with the other nine
colors. BR is the ratio of the majority group samples to the total samples across all groups. For
the test dataset, we evenly paint the numbers for each class with ten colors to test the model bias
trained on S. C-MNIST (BG) adopts the same operation on the background and keeps the foreground
unchanged. Colored-FMNIST (FG) is the modified version of Fashion-MNIST, originally aiming to
classify object semantics. Like C-MNIST (FG), we color the objects for the training and test datasets.
Colored-FMNIST (BG) paints the background similarly to C-MNIST (BG). CIFAR10-S (BG & FG)
introduces a PA by applying grayscale or not to CIFAR10 samples. Following [61]], we grayscale a
portion of the training images, correlating TA and PA among different classes. For fairness evaluation,
we duplicate the test images, apply grayscale to the copies, and add them to the test dataset. We also
test FairDD on the real-world facial dataset CelebA, a widely used fairness dataset. We follow the
common practice of treating attractive attribute as TA and gender as PA (evaluations on other
attributes refer to Appendix [I).

C Datasest statistics

In this section, we provide detailed statistics for all datasets used in the manuscript for reproduction.
As shown in Table[8] we present the target attribute (TA), protected attribute (PA), the sample number
of the training set, the sample number of the test set, and the BR in the training set. Additionally, all
test sets are balanced, with equal sample sizes across groups. We also report the condensed ratio at
IPC 10, 50, and 100, which is computed by the ratio of the condensed dataset size to the training set
size.
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Table 8: Statistics for all datasets used in our paper.

Datasets TA PA ‘TA number | PA number | Training set size| Test set size |BR in Training set| BR in Test set lgondensi)ed ralil(:)o
C-MNIST (FG) | Digital number |  Digital color 10 10 60000 10000 0.90 balance |0.17% | 0.83% | 1.67%
C-MNIST (BG) | Digital number | Background color 10 10 60000 10000 0.90 balance  |0.17% | 0.83% | 1.67%
C-FMNIST (FG) | Object category|  Object color 10 10 60000 10000 0.90 balance  |0.17% |0.83% | 1.67%
C-FMNIST (BG) |Object category | Background color 10 10 60000 10000 0.90 balance |0.17% | 0.83% | 1.67%

CIFARI10-S  |Object category | Grayscale or not 10 2 50000 20000 0.90 balance 0.20% | 1.00% | 2.00%
CelebA Atractive Gender 2 2 162770 7656 ;}:;;? 8‘% balance  {0.012%|0.061%| 0.12%
class0: 0.53

UTKface Age Race 3 4 20813 1200 class1: 0.35 balance  |0.14% | 0.72% | 1.44%
class2: 0.63
class0: 0.995

BFFHQ Age Gender 2 2 19200 1000 class1: 0.995 balance  |0.10% | 0.52% | 1.04%

D Proof of the theorem

Theorem D.1. For any PA set A and target signs ¢o(+), Lrairpp(S;0,T) is the upper bound of
vanilla unified objective L(S;0,T), i.e., Lrairpp(S;0,T) > L(S;0,T), when D(-,-) is convex.
Optimizing Lrqirpp(S;0,T) can guarantee the comprehensive distribution coverage for T.

Proof. £(8:0,T) = 3 D(Elgwmr, (x:0)], Elpsns, (;0)])

yey

= > D( D T Ely s (w56)], Elpuns, (:0)])

yey a; EA

<D0 Y DB, g (@5 0)], Elgans, (w3 6)]) ©)
yeYa; €A

<> Y DB,y (2:0)] Elgans, (x;0)]) @)
yeYa; €A

= Lrairpp(S;0,T)

Eq.[6]is obtained according to Jensen Inequality, and Eq.[7)is given since group ratios are smaller
than one. Lgq-pp(S;6,T) serves as the upper bound of £(S; 6,7 ), meaning that minimizing
Lrairpp(S;0,T) ensures the minimization of £(S;6,T). Hence, optimizing S in FairDD can
guarantee the distributional coverage by bounding £(S; 0, T) tailored for accuracy.

E Additional performance comparison

Table 9: Performance comparison.

DM DM+FairDD [1L3]
Acc. DEO-M DEO-A | Acc. DEO-M DEO-A | Acc. DEO-M DEO-A

C-MNIST—FG‘ZS.OI 100.00  99.96 ‘94.61 17.04 7.95 ‘90.42 34.77 18.46

Dataset

CIFAR10-S 37.88  59.20 39.31 | 4517 31.75 873 | 4142 4820 2248

Since the work does not release its code, we follow the implementation details presented in their
paper. We conduct experiments on CMNIST-FG and CIFAR10-S using DM at IPC=10. Their
method can mitigate the distillation bias to some extent. However, this approach does not guarantee
that the alignment objective is unbiased across all attribute groups, nor does it ensure adequate
distribution coverage. Instead, our methods have a fairness alignment objective to facilitate unbiased
data distillation; In addition, we provide a theoretical proof to guarantee the distribution coverage for
TA. We summarize the three main advantages of FairDD over theirs:

* Better preservation of target attribute representations: Their approach assigns higher weights
to samples in low-density regions of the data distribution. However, these samples may lie
on the periphery of the data manifold and carry low information. As a result, the distilled
dataset presents the patterns with low information and hinders the distillation of informative
patterns. In contrast, our method explicitly aligns the centroids of each group (defined by
protected and target attributes) between the distilled and original datasets. This ensures that
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each group in the distilled dataset preserves representative and informative patterns, thereby
maintaining the semantic integrity of the original distribution.

* Better support for protected attribute fairness: Their weighting strategy can still underrepre-
sent minority groups if those groups are dense in the data manifold. This results in biased
generation against minority group attributes. In contrast, our method is agnostic to sample
density and directly aligns groups across both PA. This ensures fair representation for all
attribute groups, regardless of their density, and effectively mitigates PA-related bias.

 Stronger theoretical foundations: Their work primarily relies on empirical evaluation and
does not provide a theoretical explanation for why distilled datasets inherit biases from the
original data, or how their method mitigates these biases. In contrast, we offer a formal
theoretical analysis that explains why dataset distillation naturally inherits bias from the
source data. Furthermore, we provide provable guarantees on both target attribute accuracy
and protected attribute balance.

F Visualization analysis on representation coverage

(a) The S distribution of generated by DM. (b) The S distribution of generated by
FairDD.

Figure 4: Feature coverage comparison on TA between DM and DM+FairDD. We visualize features
extracted by ¢y on training and synthetic datasets. One class is highlighted and the remaining classes
are transparent. The S generated by DM and FairDD are marked by stars in (a) and (b).

We investigate whether the FairDD effectively covers the whole distribution of the original datasets.
For this purpose, we first feed the original training set into the randomly initialized network used in
the distillation to extract the corresponding features. Subsequently, we use the same network to extract
features of the distilled dataset S from DM and FairDD. As shown in Fig.[4(a)] the synthetic samples
in vanilla DDs almost locate the majority group for optimizing the original alignment objective.
In this case, vanilla DDs neglect to condense the key patterns of minority groups. This leads to
the information loss of minority groups in S. FairDD achieves overall coverage for both majority
and minority groups in Fig. @(b)] This is because FairDD introduces synchronized matching to
reformulate the distillation objective for aligning the PA-wise groups rather than being dominated by
the majority group like vanilla DDs. In doing so, FairDD avoids S collapsing into the majority group
and retains informative patterns from all groups.

G Visualization analysis on S generation

We aim to investigate whether FaiDD renders the expectation of S locate the center among all groups,
as clarified in Eq. @ If the clarification holds, S should contain all PA at IPC = 1 because the
expectation of S is equal to S when IPC =1. We visualize S at IPC=1 on C-MNIST (FG), where
each class (digital number) is dominated by one color, and the rest is colored by the rest nine colors.
As shown in Fig.[5] the S generated by FairDD combines all colors from PA groups. This suggests
that FairDD can effectively incorporate all PA into resulting S, indirectly validating the Theorem [5.1]
Meanwhile, we observe that the majority groups dominate vanilla DDs according to Eq. 3] where the
resulting S contains the colors from the corresponding majority groups.
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Figure 5: Visualization on S at IPC=1 for FairDD and vanilla DDs. Left is the condensed dataset
using FairDD, which incorporates different PA, i.e., foreground colors. Right is the condensed dataset
using vanilla DDs, where each class presents the same color as the corresponding majority group.

Table 10: Ablation on diverse weighting mechanisms.

Methods IPC‘ DM-+FairDD FairDD+IW FairDD+LDAM  FairDD+GroupDRO
Dataset ‘DEOM DEOA Acc. DEOy; DEOs Acc. DEOy DEOs Acc. DEOy DEOA Acc.
C-MNIST | 10| 17.04 7.95 94.61 15.44 8.79 94.18 23.33 9.38 94.06 20.19 10.41 92.73
(FG) 50 [10.05 5.46 96.58 12.50 6.49 96.26 12.03 6.60 96.32 17.91 7.90 94.43
C-FMNIST| 10 | 26.87 16.38 71.10 56.60 35.13 70.55 64.25 41.13 69.22 74.50 42.11 65.19
(BG) 50 |24.92 13.74 79.07 68.45 36.86 77.23 69.70 36.23 77.21 75.35 36.50 71.23
CIFAR10-S 10 | 31.75 8.73 45.17 48.27 37.41 38.14 49.88 36.17 39.27 44.85 34.53 38.21
50 | 18.28 7.35 58.84 63.22 46.96 46.41 59.20 44.47 47.60 65.29 44.20 47.07

H Ablation on weighting mechanism

Our approach treats groups separately, similar to the weighting mechanism used in the traditional
fairness field. Here, we explore diverse weighting mechanisms based on our proposed group-
wise alignment strategy: (1) FairDD+IW weights groups by inverse proportion to their respective
sample size (2) FairDD+LDAM adopts a soft exponential weighting 11;5 [53]] (3)

1
1Ty | Bl

FairDD+GroupDRO optimizs the group with the maximum alignment loss instead of simultaneous
alignment of all groups [49]. As illustrated in Table[I0] DM + FairDD outperforms other weighting
mechanisms in terms of both fairness and accuracy. We attribute the inferior performance of
FairDD+IW and FairDD+LDAM to the excessive penalization of groups with larger sample sizes.
Penalizing groups based on sample cardinality reintroduces an unexpected bias related to group size
in the information condensation process. This results in large groups receiving smaller weights during
alignment, placing them in a weaker position and causing synthetic samples to deviate excessively
from large (majority) groups. Consequently, majority patterns become underrepresented, ultimately
hindering overall performance. On the other hand, FairDD+GroupDRO shows that inadequate
alignment also makes it difficult to equally represent each group. The success of FairDD lies in
making each group equally contribute to the total alignment, mitigating the effects of imbalanced
sample sizes across all groups. Meanwhile, FairDD performs synchronized alignment to enable
the expectation of S to locate the expectation over all group centers of 7. Hence, FairDD can be

generally applied to datasets with highly varied biases.

I More attributes Analysis on CelebA

We explore additional facial attributes in CelebA to further demonstrate the robustness of FairDD. To
this end, we regard gender as the PA, and young, big_nose, and blond_hair as the TA, which
results in CelebA,, CelebA;, CelebA;, and respectively. We also exchange the PA and TA for

CelebA,, resulting in CelebA” The performance is reported on fairness and accuracy in Tables
and[12

J Computation overhead

In this section, we investigate the computational efficiency of FairDD. The only computational
difference between FairDD and vanilla DDs is that FairDD replaces the whole alignment with
group-level alignment.

Assume we have m real samples and n synthetic samples with G attributes in a batch. For DM, the
computational complexity of group-level alignment involves computing the group center. FairDD

26



Table 11: Fairness comparison on different attributes. Table 12: Accuracy comparison.

Methods IPC‘ DM DM+FairDD | DC DC+FairDD | Whole Methods DM +FairDD| DC +FairDD|Whole
Dataset | |DEOy DEO4 DEOy DEO4|DEOy DEOA[DEOy DEOs DEOy DEOs  Dataset Acc.  Acc. |Acc. Acc. | Acc.
10|34.18 31.49 13.30 10.38]20.58 19.26 10.86 8.55 10 162.34 63.79 [55.91 56.99
CelebA, | 50 [46.90 41.13 12.90 8.21 [27.98 25.18 14.69 11.26(25.40 16.02  CelebA, |50 |63.59 67.33 |59.87 59.42 |75.99
100 44.96 37.84 9.17 5.1 |27.76 24.26 19.03 13.61 100(66.68 69.90 |63.53 61.59
10]45.57 45.13 15.63 13.47|18.17 1681 7.54 6.34 10]57.46 59.50 |52.91 54.67
CelebAy |50 |51.91 51.13 14.44 12.01|23.85 22.34 20.58 16.87|34.48 2550  CelebA,|50 |58.71 62.39 |56.55 55.46 |66.80
100{52.75 51.27 8.03 6.10 [24.48 23.53 1215 11.00 100(60.30 64.34 [57.65 57.15

CelebA,|10[17.01 9.56 7.76 6.02 |12.44 8.01 9.25 7.31|1553 11.56  CelebA| 10 |63.64 64.86 [58.04 57.55 |75.33

CelebA™| 103028 20.76 12.70 8.28 |25.94 15.11 16.78 9.88 |46.67 26.11  CelebA"| 10 [77.66 79.71 [72.07 75.03 |79.44

has a complexity of G * O(m/G) + O(n). In contrast, the computational complexity of vanilla DDs
is O(m) + O(n). If we ignore GPU parallelism, the computational complexity should be the same.
However, since GPU parallelism is highly efficient for large batches, it results in G * O(m/G) >
O(m), raising additional time consumption in FairDD. As for DC, the additional time consumption
comes from two parts: one is the backward pass for gradients, and the other is to compute the average
of the gradients. FairDD incurs additional memory consumption twice due to the above-mentioned
GPU parallelism.

Therefore, our additional memory overhead is not related to the dataset scale but to the group number
of the dataset. We evaluate the impact of the number of groups on training time (min) and peak GPU
memory consumption (MB). As shown in Table[I3] FairDD requires more time than vanilla DDs
on C-MNIST (FG), and the time increases as the number of groups (PA) grows. This phenomenon
is particularly noticeable in DC because DC suffers from GPU parallelism twice. Regarding GPU
memory usage, FairDD incurs no obvious additional overhead compared to vanilla DDs.

Table 13: Comparison of computation overhead on FairDD and vanilla DDs.

Group 0 (vanilla DD) 2 (FairDD) 4 (FairDD) 6 (FairDD) 8 (FairDD) 10 (FairDD)
number | T (min) G(MB) T (min) G(MB) T (min) G(MB) T (min) G(MB) T (min) G(MB) T (min) G (MB)
DC 70 2143 94 2345 128 2369 152 2393 181.8 2419 210 2443
DM 26.2 1579 31.75 1579 332 1579 35.2 1579 36.5 1579 36.9 1579

Here, we further supplement the overhead analysis with respect to image resolutions. We conduct
experiments on CMNIST, CelebA (32), CelebA (64), and CelebA (96) on DM and DC at IPC=10.
DM and DC align different signals, which would bring different effects. As illustrated in Table [I4] it
can be observed that FairDD + DM does not require additional GPU memory consumption but does
necessitate more time. The time gap increases from 0.42 minutes to 1.79 minutes as input resolution
varies (e.g., CelebA 32 x 32, CelebA 64 x 64, and CelebA 96 x 96); however, the gap remains
small. This can be attributed to FairDD performing group-level alignment on features, which is less
influenced by input resolution. FairDD + DM requires no additional GPU memory consumption.
Its additional time depends on both input resolutions. As for DC, FairDD requires additional GPU
memory and time.

Table 14: Comparison of computation overhead for IPC = 10.

DM DM+FairDD DC DC+FairDD
Time Memory Time Memory Time Memory Time Memory

3298 2413 |34.65 2479
43.67 8525 |47.07 8841
82.37 18855 [86.88 19437

Methods
Dataset

CelebA32 x 32

CelebA64 x 64
CelebA96 x 96

Group
number

2
2
2

10.93 2293
11.18 8179
12.83 17975

11.35 2293
12.20 8177
14.62 17975

K Attribute missing in test dataset

Here, we investigate whether FairDD is agnostic to the attribute missing in the test dataset. We
conduct our experiment by training the model on all PAs and testing on datasets that are missing one,
two, or three PAs.
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Table 15: Ablation study of missing group labels on C-MNIST and C-FMNIST under different IPC
settings.

DM Dataset IPC Acc. DEOym DEOj
Vanilla C-MNIST (FG) 10 94.61 17.04 7.95
Missing One C-MNIST (FG) 10 94.62 17.05 7.87
Missing Two C-MNIST (FG) 10 94.63 16.79 7.36
Missing Three C-MNIST (FG) 10 94.64 11.98 6.63
Vanilla C-MNIST (FG) 50 96.58 10.05 5.46
Missing One C-MNIST (FG) 50 96.60 10.05 5.38
Missing Two C-MNIST (FG) 50 96.59 9.73 5.19
Missing Three C-MNIST (FG) 50 96.59 8.53 4.87
Vanilla C-FMNIST (BG) 10 71.10 33.05 19.72
Missing One C-FMNIST (BG) 10 71.34 30.60 19.16
Missing Two C-FMNIST (BG) 10 71.23 28.75 17.84
Missing Three C-FMNIST (BG) 10 71.23 28.75 16.42
Vanilla C-FMNIST (BG) 50 79.07 24.50 14.47

Missing One C-FMNIST (BG) 50 79.31 23.60 13.72
Missing Two C-FMNIST (BG) 50 79.24 22.90 13.27
Missing Three ~ C-FMNIST (BG) 50 79.24 22.55 12.58

Table 16: Ablation on BR at IPC = 50.

Methods \ DM DM-+FairDD
Dataset |DEOy DEO, Acc. DEOy DEOA Acc.

0.85/ 99.54 70.13 76.24 10.13 5.20 96.62
0.90| 100.0 91.68 56.84 10.05 5.46 96.58
0.95/ 100.0 100.0 33.73 10.30 5.84 96.05

0.85] 100.0 95.54 46.14 23.75 13.85 79.61
0.90 100.0 99.71 36.27 24.50 14.47 79.07
0.95| 100.0 99.79 26.30 29.15 17.72 78.46

0.85] 71.75 50.11 46.99 16.44 6.58 59.12
CIFAR10-S|0.90| 75.13 55.70 45.02 18.28 7.35 58.84
0.95| 75.43 58.58 43.56 17.49 7.10 58.18

C-MNIST
(FG)

C-FMNIST
(BG)

The missing attribute does not actually affect our performance for the following reasons. First,
although the color (PA) is missing in the test dataset, its TA still contributes to the model’s ability
to make accurate classifications on the corresponding TA. Therefore, these missing attributes are
not considered outliers in terms of TA. Second, the absence of the color in the test dataset does not
impact fairness performance because FairDD is designed to generate attribute-balanced synthetic
datasets. Models trained on these attribute-balanced distilled datasets are expected to treat each
attribute equally. Even though the test dataset misses some existing attributes in training datasets, the
model trained on such distilled datasets could still present no bias to the remaining attributes in the
test dataset.

L Ablation on biased ratio of original datasets

BR reflects the extent of unfairness in the original datasets and indicates the level of PA skew that
the distillation process of S will encounter. We investigate the impact of BR values on fairness
performance by setting BR to {0.85,0.90, 0.95} on C-MNIST (FG), C-FMNIST (BG), and CIFAR10-
S. The results at IPC = 50 in Table[16] show that DM is sensitive to the BR of original datasets, with
its DEOy; decreasing from 70.13 to 100.0 as BR increases from 0.85 to 0.95. A similar trend is
observed in other datasets. Compared to DM, FairDD maintains consistent fairness and accuracy
levels across different biases. This is attributed to the synchronized matching, which explicitly aligns
each PA-wise subtarget, reducing sensitivity to group-specific sample numbers. This shows FairDD’s
robustness to PA skew in the original datasets.

M Ablation study on group label noise and missing

Here, we evaluate the robustness of spurious group labels could provide more insights. We randomly
sample the entire dataset according to a predefined ratio. These samples are randomly assigned to
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group labels to simulate noise. To ensure a thorough evaluation, we set sample ratios at 10%, 15%,
20%, and 50%. As shown in the table, when the ratio increases from 10% to 20%, the DEOy; results
range from 14.93% to 18.31% with no significant performance variations observed. These results
indicate that FairDD is robust to noisy group labels. However, as the ratio increases further to 50%,
relatively significant performance variations become apparent. It can be understood that under a high
noise ratio, the excessive true samples of majority attributes are assigned to minority labels. This
causes the minority group center to shift far from its true center and thus be underrepresented.

Table 17: Ablation study on group label noise.

DM DM+FairDD DM+FairDD (10%) DM+FairDD (15%) DM+FairDD (20%) DM-+FairDD (50%)

Acc. DEOy; DEO, Acc. DEOy DEO, Acc. DEOy DEO, Acc. DEOy DEO, Acc. DEOy DEO, Acc. DEOy DEOA

Methods
Dataset

CMNIST (BG)| 1027.95 100.0 99.11 [94.88 13.42 6.7 [9434 16.54 7.81 [94.44 17.90 8.61 [94.32 1831 9.20 [89.56 66.19 2597

We investigate the experiment when the labels are missing. To provide attribute-level pseudo labels,
we choose an unsupervised clustering method DBSCAN. Specifically, we do not have any group
labels and use DBSCAN to cluster the samples within a batch. The clustering label is regarded as the
pseudo-group label. From Table, FairDD achieves 94.77% accuracy, and 12.38% DEQOy; and 6.80%
DEO,. This demonstrates the potential of FairDD combined with an unsupervised approach when
group labels are unavailable.

Table 18: Comparison of FairDD using prior vs. pseudo labels under different DDs on CMNIST-BG.

FairDD (ipc10) Method Dataset Acc DEOy DEOj
Prior label FairDD + DM CMNIST-BG  96.86 13.42 6.77
Pseudo label FairDD + DM CMNIST-BG 94.77 12.38 6.80
Prior label FairDD + DC CMNIST-BG  90.84 20.66 9.94
Pseudo label FairDD + DC CMNIST-BG 90.99 27.96 10.57

N Ablation study on balanced original dataset

We synthesized a fair version of CelebA, referred to as CelebA g,;,-. The target attribute is attractive
(attractive and unattractive), and the protected attribute is gender (female and male). In the original
dataset, the sample numbers for female-attractive, female-unattractive, male-attractive, and male-
unattractive groups are imbalanced. To create a fair version, CelebA r,;,- samples the number of
instances based on the smallest group, ensuring equal representation across all four groups. We tested
the fairness performance of FairDD and DM at IPC = 10, as well as the performance of models trained
on the full dataset. As shown in Table[T9} vanilla DM achieves 14.33% DEO, and 8.77% DEOy. In
comparison, the full dataset achieves 3.66% DEO, and 2.77% DEOy;. While DM still exacerbates
bias with a relatively small margin, this is primarily due to partial information loss introduced during
the distillation process. FairDD produces fairer results, achieving 11.11% DEO, and 6.68% DEOy;.

Table 19: Performance on balanced original dataset

Methods Whole DM DM-+FairDD
Dataset Acc. DEOy; DEOs Acc. DEOy DEOA Acc. DEOy DEO4
CelebApaiT\ 10 \76,33 3.66 2.77 \63.31 14.33  8.77 \63.17 11.11  6.68

O Ablation study on nuanced PA groups

We perform a fine-grained PA division. For example, we consider gender and wearing-necktie as two
correlated attributes and divide them into four groups: males with a necktie, males without a necktie,
females with a necktie, and females without a necktie (CelebA j¢.,,). Similarly, we consider gender
and paleskin and divide them into four groups (CelebA 4¢,,,). Their target attribute is attractive. As
shown in the Table FairDD outperforms vanilla DM in the accuracy and fairness performance
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on these two experiments. The performance for necktie and gender is improved from 57.50% to
25.00% on DEOy; and 52.79% to 21.73% on DEO,. Accuracy is also improved from 63.25% to
67.98%. Similar results can be observed for gender and paleskin. Hence, FairDD can mitigate more
fine-grained attribute bias, even when there is an intersection between attributes.

Table 20: Performance on nuanced groups.

Methods DM DM-+FairDD

Dataset Acc. DEOy; DEOs Acc. DEOy DEOA
CelebA g rn | 10 [63.25 57.50 52.79(67.98 25.00 21.73
CelebAgg.pp | 10 [62.48 44.81 41.60|64.37 26.92 19.33

P Ablation study on imbalanced PA groups

To further study FairDD robustness under more biased scenarios, we keep the sample number of
the majority group in each class invariant and allocate the sample size to the remaining 9 minority
groups with increasing ratios, i.e., 1:2:3:4:5:6:7:8:9. We denote this variant CMNIST,,p01ance This
could help create varying extents of underrepresented samples for different minority groups. Notably,
the least-represented PA groups account for only about 1/500 of the entire dataset, which equates to
just 12 samples out of 6000 in CMNIST,,pa1ance- As shown in Table@ FairDD achieves a robust
performance of 16.33% DEOy; and 9.01% DEO, compared to 17.04% and 7.95% in the balanced PA
groups. A similar steady behavior is observed in accuracy, which changes from 94.45% to 94.61%.
This illustrates the robustness of FairDD under different levels of dataset imbalance.

Table 21: Performance on imbalanced PA.

Methods DM DM+FairDD
Dataset Acc. DEOy; DEOs Acc. DEOy DEOy
CMNIST

10 ‘25‘01 100.0 99.96 [94.61 17.04 7.95

CMNISTynbatance| 10 [23.38 100.0 99.89 [94.45 16.33 9.01

Q Exploration on Vision Transformer as backbone

Although the Vision Transformer (ViT) is a powerful backbone network, to the best of my knowledge,
current DDs, such as DM and DC, have not yet utilized ViT as the extraction network. We conducted
experiments using 1-layer, 2-layer, and 3-layer ViTs. As shown in Table[22] vanilla DM at IPC=10
suffers performance degradation in classification, dropping from 25.01% to 18.63%. Moreover, as the
number of layers increases, the performance deteriorates more severely. This suggests that current
DDs are not directly compatible with ViTs. While FairDD still outperforms DM in both accuracy
and fairness metrics, the observed improvement gain is smaller compared to results obtained on
convolutional networks. Further research into leveraging ViTs for DM and FairDD is a promising
direction worth exploring.

Table 22: Exploration on ViT architecture.

Methods DM DM-+FairDD
Dataset Acc. DEOy; DEOs Acc. DEOy DEOA
ViT1 |10 |18.63 100.0 98.48(56.15 82.10 56.72
ViT2 |10 |18.28 100.0 98.99(33.89 72.85 40.97
ViT3 | 10 |16.15 100.0 95.75|26.70 65.71 29.46
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R Comparison with MTT

Unlike DMF, MTT uses a two-stage method to condense the dataset. First, it stores the model
trajectories, and then it uses these trajectories to guide the generation of the synthetic dataset. To
provide a comprehensive comparison, we compare FairDD with MTT, as shown in Tables 23] and 24]

Table 23: Fairness comparison on diverse IPCs. Table 24: Accuracy comparison on di-
The best results are highlighted in bold. verse [PCs.
Methods | Random | MTT | DM DM+FairDD|  Whole Methods Random|MTT| DM +FairDD[Whole
Dataset [DEOy DEOA|DEOy DEOA|DEOy DEOA DEOy DEOADEOMDEO,  Dataset Acc. |Acc.|Acc. Acc. | Acc.
10]100.0 98.72|25.70 14.86]100.0 99.96 17.04 7.95 10| 30.75 [92.0025.01 94.61
C'%ZI)ST 50 [100.0 99.58|25.46 12.60|100.0 91.68 10.05 5.46 |10.10 5.89 C’%IE;I)ST 50| 47.38 [04.08/56.84 96.58 |97.71
100 100.0 88.64|26.81 13.02|99.36 66.38 8.17 4.86 100| 67.41 [94.2978.04 96.79
10[100.0 99.40]97.00 62.46]100.0 99.68 33.05 19.72 10| 24.96 |67.92)22.26 71.10
C'F(ll‘g’[g)IST 50[100.0 98.52|96.60 62.02|100.0 99.71 24.50 14.47|91.40 51.68 C‘F(lgdg)IST 50| 3492 [70.3236.27 79.07 |77.97
100/ 100.0 96.05]97.20 63.66|100.0 93.88 21.95 13.33 100 44.87 [70.74/49.30 80.63

From the results, FairDD outperforms MTT in both fairness and accuracy. Notably, MTT surpasses
DM by a large margin, which we attribute to two factors: 1) Unlike DMF, which is directly influenced
by biased data, MTT aligns the model parameters to optimize the synthetic dataset, and this indirect
alignment reduces the impact of bias in the data. 2) An accurate model typically conceals its inherent
unfairness, as it can better classify each class despite underlying biases. For example, when Whole
model achieves high accuracy on the C-MNIST (FG) dataset, MTT inherits this accuracy and conceals
its biases. However, when the model’s accuracy declines on the C-FMNIST (BG) dataset, MTT
reveals its underlying unfairness in Fig.[6(a)] In contrast, FairDD directly addresses unfairness rather
than relying on high accuracy to obscure biased behavior in Fig. [6(b)]

(a) MTT visualization. (b) FairDD visualization.

Figure 6: Visualization comparison on C-FMNIST (BG) between MTT and FairDD + DM.

S More visualizations

We provide more visualizations at IPC = 50 on different datasets in Figures[7} 8] [0] [T0} [TT} and[T2]
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(a) Visualization of the initialized dataset at IPC

dominated by one color.
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(b) Visualization of the condensed dataset at [PC

each class inherits the bias.

>
*
b d
T
>
2
g

Y444

. Z

50 in C-MNIST (FG) using FairDD + DM. The foreground

(c) Visualization of the condensed dataset at IPC

of each class mitigates such bias.

Figure 7: Visualization comparison on C-MNIST (FG) between vanilla DM and FairDD + DM.
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(a) Visualization of the initialized dataset at IPC = 50 in C-MNIST (BG). The background of each class is
dominated by one color.
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(b) Visualization of the condensed dataset at [IPC = 50 in C-MNIST (BG) using Vanilla DM. The background of
each class inherits the bias.
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(c) Visualization of the condensed dataset at IPC = 50 in C-MNIST (BG) using FairDD + DM. The background
of each class mitigates such bias.

Figure 8: Visualization comparison on C-MNIST (BG) between vanilla DM and FairDD + DM.
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(a) Visualization of the initialized dataset at IPC = 50 in C-FMNIST (FG). The foreground of each class is
dominated by one color.
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(b) Visualization of the condensed dataset at IPC = 50 in C-FMNIST (FG) using Vanilla DM. The foreground of
each class inherits the bias.
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(c) Visualization of the condensed dataset at IPC = 50 in C-FMNIST (FG) using FairDD + DM. The foreground
of each class mitigates such bias.

Figure 9: Visualization comparison on C-FMNIST (FG) between vanilla DM and FairDD + DM.
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(a) Visualization of the initialized dataset at IPC = 50 in C-FMNIST (BG). The background of each class is
dominated by one color.

(b) Visualization of the condensed dataset at IPC 50 in C-FMNIST (BG) using Vanilla DM The background
of each class inherits the bias.

(c) Visualization of the condensed dataset at IPC =50 in C- FMNIST (BG) using FairDD + DM. The background
of each class mitigates such bias.

Figure 10: Visualization comparison on C-FMNIST (BG) between vanilla DM and FairDD + DM.
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(a) Visualization of the initialized dataset at IPC = 50 in CIFAR10-S. The top five classes (rows) are dominated
by the grayscale images, and color ones dominate the bottle five.
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(b) Visualization of the condensed dataset at IPC = 50 in CIFAR10-S using Vanilla DM. The foreground and
background of each class inherit the bias.

(c) Visualization of the condensed dataset at [PC = 50 in CIFAR10-S using FairDD + DM. The foreground and
background of each class mitigate such bias.

Figure 11: Visualization comparison on CIFAR10-S between vanilla DM and FairDD + DM.

36



. & j: Q“i *:i‘ ¥ ‘1\

(a) Vlsuallzatlon of the initialized dataset at IPC = 10 in CelebA. The top row is dominated by the male, and the
female dominates the bottom row.

(b) Visualization of the condensed dataset at IPC = 10 in CelebA using Vanilla DM. The synthetlc dataset
inherits the gender bias.

(c) Visualization of the condensed dataset at [PC = 10 in CelebA using FaerD + DM. The synthetic dataset
mitigates the gender bias.

Figure 12: Visualization comparison on CelebA between vanilla DM and FairDD + DM.
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