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Abstract—Dataset distillation addresses the resource-intensity
of deep learning by compressing a large training set into
a small, high-fidelity synthetic dataset, significantly reducing
memory footprint and training time while preserving competitive
performance. One-shot dataset distillation extends this concept
by generating a single, versatile synthetic set adaptable to
varying Images-Per-Class (IPC) budgets, eliminating the need
for repeated runs in scenarios with diverse requirements. How-
ever, existing one-shot methods are hampered by optimization
instability, manifested as persistent and spatially unbalanced
pixel updates, and tend to yield synthetic samples with blurred
contours. To overcome these geometric and visual limitations,
we propose Stabilized Multi-dimensional Condensation (SMC),
consisting of three synergistic components: a Hessian-aware cur-
vature regularization for landscape smoothing, a dynamic hybrid
loss enhanced by a learned sampler for a balanced integration
of feature stability and distributional fidelity, and a staged one-
shot condensation schedule to coordinate the global optimization
process. Extensive experiments across multiple datasets demon-
strate that SMC delivers significant and consistent improvements.
Notably, on CIFAR-10, SMC achieves an average accuracy of
60.6%, outperforming the state-of-the-art baseline by 2.2% on
average. Code will be made available upon publication.

Index Terms—Dataset Distillation, Hessian-Aware Curvature
Regularization, Dynamic Loss Reweighting, One-shot Condensa-
tion

I. INTRODUCTION

Dataset distillation, also known as dataset condensation,
aims to replace a large-scale training corpus R with a compact
synthetic set S. The core objective is to train models on
S that achieve comparable performance to those trained on
the original R [1], thereby largely improving efficiency by
reducing computational and storage burdens. Building upon
this foundation, one-shot dataset distillation advances the
paradigm by generating a single, versatile synthetic dataset
(dubbed as mother set) through one distillation run. The most
important advantage of the one-shot method is its adaptability:
from the mother set, effective subsets can be extracted to meet
different Images-Per-Class (IPC) budgets without the need
for repeated, costly distillation procedures. It is particularly
useful for privacy-preserving applications and deployments

Fig. 1. Visual comparison of instance-level feature matching(Lp) vs. distri-
bution matching(Lp) for one-shot dataset distillation.

constrained by bandwidth or storage, as well as for edge and
federated patterns.

Traditional dataset distillation generally falls into two prin-
cipal paradigms: instance-level (or pair-wise) feature matching
and distribution matching. Instance-level approaches minimize
distances between corresponding image batches of real and
synthetic samples. While computationally efficient, the inher-
ent variability among instances often disrupts the synthesis
process, blurring structural contours—a critical shortcoming
given that perceptual research highlights shape bias (as op-
posed to texture bias) as essential for model robustness [2]. In
contrast, distribution-matching methods align global statistics
(e.g., via Maximum Mean Discrepancy) to better preserve ob-
ject contours, yielding more visually faithful samples, though
they often suffer from low discriminative density under tight
budgets. Based on that, one-shot dataset distillation introduces
a hierarchical scheduling strategy to generate a single, scalable
synthetic set for varying IPC requirements. However, since
it inherits these static objectives without adaptation, current
one-shot methods fail to reconcile structural fidelity with opti-
mization stability. This limitation manifests in the pronounced
visual degradation and geometric instability that we analyze
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Fig. 2. Visualizing Optimization Dynamics. Comparison of pixel updates
(|x¢—x¢—100]) at Early and Late stages. MDC (Left) persistently concentrates
updates on primary (top-left) patches throughout distillation, leading to
imbalance. In contrast, SMC (Right) exhibits more uniform and aggressive
exploration initially, yet achieves superior stability and convergence in the
late stage via Hessian regularization. Quantitative verification is provided in
Sec. IV.

in the following section.

As shown in Fig. 1, we find that using either instance-
level (Lp) or distribution-wise (Lp) metrics in isolation within
the one-shot setting amplifies their respective weaknesses:
instance-level feature matching (Lp) tends to produce synthetic
samples suffering contour degradation, especially in large-
IPC regimes. In contrast, distribution matching (Lp) better
preserves contour structure but reduces per-sample informa-
tiveness under tight, small-IPC budgets—a limitation we em-
pirically verify in our ablation study (Sec. IV). Beyond these
static visual artifacts, we uncover a more fundamental instabil-
ity during the distillation process. As visualized in the pixel
update heatmap (Fig. 2), the cutting-edge one-shot method
exhibits patch-wise update imbalance. Instead of transitioning
from a global exploration phase to stable convergence, the
trajectory of the current one-shot method persistently concen-
trates high-frequency updates on primary (top-left) sub-patches
throughout the entire distillation process. This ceaseless os-
cillation in specific regions indicates that the optimization
fails to settle into a stable solution, suggesting the synthesizer
is trapped in sharp minima while leaving secondary patches
under-optimized. To address both the visual deficiencies and
geometric instability, a redesign of the optimization objectives
is needed. Conceptually, merging the strengths of instance-
level and distribution-level matching offers a promising path to
restore contour fidelity, akin to strategies in NRR-DD [3] and
ROME [4]. However, simply combining Lp and Lp in a one-
shot setting is non-trivial: it involves training sets of different
scales, where naive data truncation leads to information loss,
while independent sampling leads to stochastic optimization
conflicts and induces cross-size interference. Furthermore,
the patch-wise update imbalance necessitates a mechanism
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Fig. 3. SMC Framework Schematic

beyond simple loss matching. The persistent high-frequency
oscillation indicates that standard objectives fail to constrain
the optimization curvature, requiring explicit regularization to
guide the synthesis process away from unstable, sharp minima.

Based on these observations, we argue that the key to
producing high-quality one-shot distilled datasets lies in multi-
scale structural alignment and geometric smoothing of the loss
landscape. A robust solution must therefore: (i) move beyond
simple instance matching by integrating multi-order distribu-
tional constraints to restore contour fidelity, and (ii) explicitly
regularize the optimization curvature to converge toward flat
minima, thereby rectifying the update imbalance and ensuring
optimization stability under stochastic subsampling.

To fulfill these requirements, we present Stabilized Multi-
dimensional Condensation (SMC), a unified framework con-
structed upon three strategic pillars: (1) a Hessian-aware cur-
vature regularization that utilizes Hutchinson’s estimator [5]
to explicitly smooth the loss landscape, ensuring robustness
against subsampling; (2) a dynamic hybrid loss integrated with
a learned compensation sampler, which adaptively anneals
between instance-level and distributional objectives while cor-
recting gradient bias via adversarial reweighting; and (3) a
staged one-shot condensation schedule that employs a coarse-
to-fine strategy to generate a single, scalable synthetic set
adaptable to varying IPC budgets. Fig. 3 provides an overview
of the SMC pipeline.

In summary, our contributions are:

e We propose a Hessian-aware curvature regularization
technique utilizing Hutchinson’s trace estimator. This
explicitly rectifies the patch-wise update imbalance, guid-
ing the synthesis towards flat minima and significantly
enhancing one-shot stability.

e We design a dynamic multi-order loss reweighting strat-
egy paired with a learned compensation sampler, which
jointly reconciles low-order instance convergence with
high-order distribution matching to restore structural fi-
delity.

« We introduce a staged one-shot condensation schedule to



coordinate the global optimization, producing a unified
synthetic set which consistently delivers superior perfor-
mance across a wide range of IPC budgets, especially in
challenging low-data regimes.

Extensive experiments demonstrate that SMC outperforms
previous state-of-the-art methods on standard benchmarks. On
CIFAR-10, SMC improves average downstream accuracy by
2.29% overall, with a notable gain of 4.6% in the IPCs—
IPCg range. Moreover, on the more tricky CIFAR-100 dataset,
SMC achieves an average accuracy of 38.5%, surpassing other
counterparts by 1.0%, demonstrating superior scalability to
complex distributions. Quantitative analysis (Fig. 5) further
verifies that SMC effectively mitigates the patch-wise update
imbalance.

II. RELATED WORK
A. Gradient/Distribution Matching.

These approaches optimize synthetic data by aligning spe-
cific statistical targets between real and synthetic sets, focusing
on either feature distributions or parameter gradients. Methods
such as DM [6], NCFM [7], and CAFE [8] primarily match
feature or model-distribution statistics. Zhao et al. propose
DC [9] (Dataset Condensation), which shifts the focus to
matching the gradients of network weights relative to real data.
DSA [10] extends this with differentiable data augmentation:
applying the same random transforms to both real and syn-
thetic images lets the synthetic data inherit augmentation priors
from real data. While such methods strike a good balance
between efficiency and accuracy [11], an accuracy gap remains
when the distilled set is extremely small.

B. Trajectory Matching.

Some works match network behavior on synthetic vs. real
data (FTD [12], MAT [13], MKDT [14]). MTT [15] optimizes
synthetic data so that models trained on them follow the same
parameter trajectory as models trained on real data. MTT
significantly outperforms previous methods and can even dis-
till higher-resolution datasets. Nevertheless, it requires storing
large trajectory data and extensive computation, making it less
efficient and hard to extend to multi-size scenarios.

C. Representative/One-shot Distillation Methods.

These works address sample selection or size flexi-
bility, similar to the Once-for-All (OFA) paradigm [16].
DREAM [17] selects representative real samples instead of
random ones, reducing gradient bias and accelerating training.
IDC [18] generates more synthetic data within a fixed storage
budget via multi-formalism frameworks. Multisize Dataset
Condensation (MDC) [19] compresses N distillation tasks
into one: it adds an adaptive subset loss so the synthetic
set works well at multiple sizes. MDC thus needs only one
condensation run and reuses images, saving space. As dis-
cussed earlier, MDC relies on implicit regularization through
subset sampling, which we identify as a source of optimization
instability, leading to unbalanced updates and convergence to
sharp minima.
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Fig. 4. Concept of Scalable One-Shot Distillation. Our framework generates
a unified mother set that structurally embeds optimal subsets for varying
capacities. This enables budget-aware deployment: the same condensed
source can be flexibly tailored for diverse scenarios, ranging from resource-
constrained edge devices (Low Budget) to high-performance clusters (Full
Budget)

D. Optimization Landscape and Flat Minima.

The geometry of the loss landscape is closely linked to
generalization. Hochreiter et al. [20] and works on Sharpness-
Aware Minimization (SAM) [21] demonstrate that “flat
minima” (regions with low curvature) generalize better than
sharp minima. While SAM minimizes the curvature of model
parameters 6, to our knowledge, this work is among the first to
identify that the instability of one-shot subset sampling stems
from sharp minima, and propose an explicit Hutchinson-based
Hessian regularization to resolve this specific dilemma. We
demonstrate that encouraging flat minima in the data synthesis
space plays a critical role in stabilizing one-shot distillation,
an aspect that has not been extensively explored in existing
methods.

Although these advances improve specific aspects, existing
methods still struggle to jointly capture full distributions,
ensure geometric stability against sharp minima, and adapt
to multiple target sizes.

III. METHODOLOGY

We propose Stabilized Multi-dimensional Condensation
(SMC) to address the challenges mentioned before in dataset
distillation, particularly in balancing low-order instance match-
ing and high-order structural alignment, and resolving the
geometric instability and patch-wise update imbalance in one-
shot dataset distillation. As illustrated in Fig. 3, the framework
is built upon three strategic pillars: (i) geometric regulariza-
tion via Hessian-aware smoothing, (ii) adaptive multi-order
alignment realized by a dynamic hybrid loss and a learned
compensation sampler, and (iii) a staged one-shot schedule.

A. Hessian-Aware Curvature Regularization

We treat the subset selection for different IPC budgets as
structured perturbations in the synthetic data space. A critical
failure mode in one-shot distillation is that synthetic data
often converge to sharp minima, where the loss landscape
has high curvature. In such regions, slight perturbations—such
as subset sampling for different IPC budgets—cause drastic



spikes in validation error. To address this, we introduce a
regularization term that explicitly minimizes the curvature of
the optimization landscape. This explicit smoothing eliminates
the sharp minima responsible for the persistent pixel-level
oscillations observed in the baseline.

The curvature is characterized by the trace of the Hessian
matrix of the task loss L with respect to the synthetic data
S. Since computing the exact Hessian trace is computationally
prohibitive (O(|S]?)), we employ the efficient Hutchinson’s
Trace Estimator [5]. We define the Hessian regularization
term as

K
1
RHess(S) =Tr (v%ﬁtask(s)) ~ K Z vljv?s‘ﬁtask(s)vkv
k=1
ey

where K is the number of probe vectors (set to 5), and vy
are random vectors drawn from a Rademacher distribution.
The Hessian-vector product (HVP) is computed efficiently via
automatic differentiation: V%Emsk v=Vs (Vgﬁtask . V).

Per-Channel Selective Pruning. Rather than minimizing
the trace globally across all dimensions, we estimate a per-
channel trace 7, for each image channel ¢ and apply a binary
mask M, to regularize only the dimensions with the highest
curvature (Top-k%):

C
Ress = Z M, 7, M, = H(TC € Top'k%({Tj}jc:l)) )
c=1
(2)
the final objective is
ﬁtotal(s) = Etask(s) + )\RHess (S) (3)

Although Hessian-vector products introduce additional over-
head, the use of a small number of Hutchinson probes keeps
the cost manageable in practice. In our implementation, the
curvature regularization is applied periodically rather than at
every iteration to further control computation.

B. Dynamic Hybrid Loss with Learned Compensation

To restore contour fidelity and structural details lost by
simple instance matching, we design a dynamic hybrid loss
function integrated with a learned compensation sampler.
Dynamic Hybrid Loss. The total loss £(t) integrates distri-
bution matching £y and instance-level matching Lp:

£task = ’Y(t) : ‘CD + (1 - ’Y(t)) : LPv (4)

the weight (¢) increases linearly from 7 t0 Yend OVer Tiax
iterations, prioritizing stable convergence in the early stage of
the distillation procedure.

Learned Compensation Sampler. We parameterize a
lightweight sampling network s, to define an adversarial
empirical distribution. The real examples are assigned weights
w; via a softmax operation on scores sy (z;). Using a multi-

bandwidth Gaussian kernel k, the weighted squared MMD loss
is:

Zi7i/ w; Wy k(xi, Ii/)
(22 wi)?

2
- m Zwik(Iz’ayj)7

2%

1
L3 = +Wzk(yj7yj')

o (5)

the sampler is optimized via maxg E% to highlight under-
represented modes. Simultaneously, we decompose the pair
loss Lp into global (R) and sampled (w(¢)) components:

Ly = aBorr|lf () = fFWI* + (1 = @)Eanuw) I f(2) = FW)I? (6)

this decomposition ensures the model captures both global
feature consistency and local robustness against outliers.

C. Staged One-shot Condensation Schedule

The third component is the staged one-shot condensation
schedule. This schedule coordinates the global synthesis pro-
cess by transitioning from holistic structural alignment to
fine-grained subset refinement, preventing the “forgetting” of
global patterns while ensuring low-IPC distinctiveness.

o Stage 1: The synthesis initially targets the maximum IPC
budget. In this phase, the optimization focuses on captur-
ing low-frequency, global structures of the distribution to
establish a stable geometric foundation.

o Stage 2: In the later stage, we iteratively sample sub-
datasets corresponding to different IPC budgets from
the mother set. The optimization explicitly targets these
subsets to refine high-order details, ensuring that even
minimal subsets retain high discriminative power.

D. Overall Optimization Procedure

Algorithm 1 outlines the complete SMC pipeline. The
optimization alternates between inner-loop network training
and outer-loop synthesis, integrating dynamic hybrid loss
minimization, periodic Hessian-aware regularization, and ad-
versarial sampler updates.

IV. EXPERIMENTS
A. Experiment Settings

Condensation Training. For CIFAR-10, CIFAR-100 [22],
and SVHN [23], we adopt ConvNet-D3 [24] as the backbone
for data condensation. The batch size is set to 128 for IPC
< 30 and 256 for IPC > 30. The condensed set is optimized
following the IDC training protocol, where the synthetic
images are updated through iterative matching between real
and synthetic batches. The optimization is carried out for a
fixed number of outer iterations, and in each iteration the
network is re-initialized and trained for a small number of
inner-loop steps.

Condensation Evaluation. Following IDC [18], we evaluate
the condensed datasets by training networks from scratch
using SGD with a learning rate of 0.01, momentum of 0.9,
and weight decay of 0.0005. For CIFAR-10, CIFAR-100,
and SVHN, the network is randomly initialized 2000 times;



Algorithm 1 SMC Optimization Procedure
Require: Real set R, synthetic set S, sampler s, total iter 7',
Hessian interval r, sampler interval N, Hessian weight A,
annealing (), mix coeff o, pruning ratio k.
1: Initialize S (e.g., via random/mix) and sampler parameters
Q.
2: fort + 1to T do
if t mod N, = 0 then R
Update sampler: ¢ < ¢ + 1,V4L3 (maximize
weighted MMD).
5. end if
Sample real batch B, ~ R and weighted batch By, ~
R using s4.
Train network 6 on B, US to obtain features/gradients.
8:  Compute decomposed pair loss: Lp < ... |5 +
1=a) ... lla-
9:  Compute total task loss: Lask < v(t)Lp+(1—~(t))Lp.
10:  if £ mod r = 0 then

o

11: for j < 1 to K (Probes) do

12: Estimate per-channel Hessian trace 7. via Hutchin-
son.

13: end for

14: Apply Top-k% mask: Ress < > McTe.

15 else

16: RHess < 0.

17: end if

18:  Update S + S — nsVs(Liask + ARHess)-

19:  (Implicitly handled by ~(¢) scheduling and subset sam-
pling logic).

20: end for

21: return Optimized synthetic set S.

for each initialization, it is trained for 100 epochs on the
condensed set. All reported results are averaged over these
independent runs.

Distillation Parameters. The specific hyperparameters used
in our experiments are summarized as follows:

« We employ a dynamic weighting strategy between the
MSE-based matching loss and the MMD loss. The weight
v is linearly scheduled from 0 to 0.8 throughout the
condensation process. The mixing coefficient « in the
prototype interpolation is fixed to 0.2.

o For Hessian-aware curvature regularization, we set the
regularization strength to A = 10~# and estimate the trace
of the input Hessian using K = 5 Hutchinson probes. The
regularization term is applied every 10 outer iterations
to balance computational cost and optimization stability.
Unless otherwise specified, the per-channel keep ratio for
Top-k% pruning is fixed to k& = 50.

These hyperparameters were fixed across datasets for all main
experiments; a more exhaustive sensitivity analysis is left for
future work.

TABLE I
COMPARISON WITH SOTA METHODS ON CIFAR-10.

DSA MTT IDC Dream MDC Ours
IPCy 16.8 18.8 27.5 32.5 49.7 50.9
IPCo 21.2 249 385 39.6 54.6 54.3
IPC3 26.8 319 453 48.2 53.9 59.2
IPCy 30.2 38.1 50.9 53.8 54.6 60.4
IPCs 334 432 536 55.3 55.2 59.5
IPCg 38.2 49.2  58.0 60.5 58.8 61.6
IPC 41.2 51.6  61.0 63.3 61.5 62.7
IPCg 45.4 563  63.6 65.0 63.4 64.7
IPCy 49.2 58.5  65.7 67.4 65.4 65.7
IPCyo 52.1 628 675 69.4 66.7 66.7
Avg. 354 435 532 55.5 58.4 60.6
Diff. 252 -171 74 -5.1 2.2

B. Main results

Comparison with State-of-the-art Methods. In Table I, we
compare our approach with state-of-the-art (SOTA) conden-
sation techniques, including DSA [10], MTT [15], IDC [18],
Dream [17], and MDC [19]. The results show that our method
achieves superior average performance and is particularly ef-
fective in low-IPC regimes. Our method obtains an average ab-
solute improvement of 2.2 percentage points over the previous
best (MDC), demonstrating a clear overall uplift. We attribute
this gain to the combined effect of Hessian regularization
and the dynamic hybrid loss. Hessian regularization steers
synthesis toward flatter minima, suppressing destructive high-
frequency updates and providing convergence stability and
preservation of initialization priors. The dynamic hybrid loss,
by contrast, encourages aggressive exploration during the early
stages of synthesis by exposing the model to varied subset
compositions, which promotes the fusion of low- and high-
order information.

The gains are particularly notable in the IPC3—IPCg range:
compared with MDC we improve by +5.3, +5.8, +4.2,
and +2.8 percentage points at IPCs, IPC,4, IPCs, and IPCg,
respectively. At higher IPC budgets, the advantage becomes
less pronounced. This pattern reflects how, within low IPC
regime, the richer fusion of low- and high-order information
encouraged by the dynamic hybrid loss benefits most from the
stabilizing effect of Hessian regularization, yielding higher-
quality condensed sets and improved downstream perfor-
mance.

Our method demonstrates a pronounced advantage on the
SVHN dataset, particularly under small-IPC settings, achiev-
ing an improvement of 2.2%. On the more challenging CIFAR-
100 dataset, SMC consistently outperforms MDC across al-
most all IPC budgets, achieving an average accuracy of 38.5%
(+1.0% over MDC). This result suggests that our approach
scales more gracefully to complex class distributions: even
under such challenging conditions, the geometric regulariza-
tion ensures that the condensed data retains robust semantic
information.



TABLE 11

RESULTS OF SVHN AND CIFAR-100 TARGETING IPCg

Dataset Method IPC;y IPCs IPC3 IPC, IPCs IPCg IPC~, IPCg IPCy IPCqg Avg.  Diff.
IDC 355 51.6 60.4 68.0 74.4 71.7 81.7 83.9 86.0 87.5 70.7 -8.3
SVHN MDC 63.3 67.9 72.2 74.1 71.5 78.2 80.9 82.8 84.3 86.4 76.8 2.2
Ours 654 71.7 74.2 75.2 78.9 80.6 84.0 85.5 86.7 87.5 79.0 -
IDC 14.4 21.8 28.0 32.2 353 39.1 40.9 42.7 443 454 344 4.1
CIFAR-100 MDC 27.6 31.8 33.6 35.4 36.9 39.0 40.7 42.1 439 443 37.5 -1.0
Ours 28.9 319 35.6 37.6 38.3 40.0 42.0 42.5 43.9 44.6 38.5 -
TABLE III
ABLATION RESULTS
IPCl IPCQ IPC3 IPC4 IPC5 IPC@ IPC7 IPCg IPCQ IPC10 AVg. Diff.
SMC (Full) 50.9 54.3 59.2 60.4 59.5 61.6 62.7 64.7 65.7 66.7 60.6 -
w/o Hessian Reg. 48.6 533 53.5 54.3 54.9 59.7 61.8 63.5 65.3 66.5 58.2 24
w/o Lp Loss 48.6 52.8 54.1 55.3 56.0 59.8 61.2 63.0 64.6 65.8 58.1 -2.5
w/o Lp Loss 27.4 34.6 40.1 45.6 48.0 514 53.1 55.0 56.3 57.7 469  -13.7
Fixed ~(0.2) 49.9 51.6 52.6 54.8 55.6 59.2 61.7 63.4 65.6 66.3 58.1 -2.5
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Fig. 5. Sub-Patch Performance Disparity. Comparing test accuracy across
spatially decomposed sub-patches. While the baseline MDC (red) exhibits
a sharp performance decay in secondary patches (e.g., bottom-right drops to
near-initialization levels), our SMC (green) effectively rectifies this imbalance,
boosting the neglected regions by +5.2% without compromising the primary
patch.

C. Analysis of Sub-Patch Performance Dynamics.

We analyze the performance of spatially decomposed sub-
patches in Fig. 5. The baseline MDC suffers from a sloped
decay: while optimizing the primary top-left patch (40.2%),
it degrades the secondary bottom-right patch (28.6%) to near-
initialization levels. Conversely, SMC rectifies this imbalance,
retaining peak primary performance (41.0%) while boosting
the bottom-right patch to 33.8% (+5.2%). This confirms that
Hessian regularization acts as a protective barrier against
destructive high-frequency updates, successfully reconciling
optimization gains with the preservation of initialization priors.

D. Ablation Study

Effect of Hessian-Aware Regularization. The row labeled

-0.2 0.0 0.2 0.4 0.6

Perturbation Direction (a)

-0.4

Fig. 6. Ablation on Optimization Landscape.

w/o Hessian Reg. (formerly Global Stabilization) in Table III
demonstrates the critical role of geometric smoothing. Remov-
ing this term leads to a 2.4% drop in average accuracy. To
visualize this geometric impact, we plot the loss landscapes of
SMC and the ablation variant in Fig. 6. While the variant with-
out Hessian regularization (red dashed line) exhibits a sharp
V-shaped valley indicating sensitivity to perturbations, the full
SMC (blue solid line) maintains a wide, flat basin. Notably,
the performance gap is widest at low IPCs, confirming that
flat minima are essential for preserving representational power
when the budget is tight.

Impact of Loss Function Components. The ablation results
in Table III show that £p and L play complementary roles. Lp
primarily preserves coarse, low-order information: removing
the Lp term causes a large accuracy degradation (e.g., IPC=1
drops from 50.9% to 27.4%). By contrast, removing Lp
produces only a small average decline, but per-IPC gains from
adding Lp are visible across budgets. These patterns indicate



horse ship horse bird

Fig. 7. Visualization of synthetic data generated by SMC (left) and MDC
(right) with IPC=10 on CIFAR-10. Each 10 x 10 grid displays synthetic
images for the 10 classes. SMC preserves clear global structures and object
contours (e.g., the recognizable silhouette of ships and limbs in animals).

that £p maintains the basic, global signal while Lp supplies
complementary, higher-order detail that improves intermediate
and larger IPC performance. With -~y fixed at 0.2, despite its
advantage at low IPC, the capacity of Lp to provide comple-
mentary information is constrained. Consequently, accuracy
exhibits only a modest improvement as IPC increases.

E. Visual Quality Analysis

Figure 7 visualizes the synthetic images generated by SMC
at [PC=10. Unlike methods that yield blurred boundaries due
to texture overfitting, SMC preserves clear global structures
and object contours (e.g., recognizable silhouette of ships and
limbs in animals). This visual coherence suggests that our
Hessian-aware regularization effectively steers the optimiza-
tion away from sharp, noisy minima, resulting in synthetic data
that is not only discriminative but also human-interpretable.

V. CONCLUSION

In this work, we introduced Stabilized Multi-dimensional
Condensation (SMC), a unified framework that resolves the
optimization instability and patch-wise update imbalance in
one-shot dataset distillation. Crucially, we identified that the
generalization capability of synthetic data is intrinsically
linked to the geometry of its optimization landscape. By
integrating a Hessian-aware curvature regularization with a
dynamic hybrid loss, SMC effectively steers the synthesis
towards flat minima, ensuring robustness against stochas-
tic subsampling and preserving structural fidelity across all
scales. Extensive experiments demonstrate that SMC not only
achieves state-of-the-art accuracy (e.g., +2.2% on CIFAR-
10) but also yields synthetic images with superior visual
coherence. Future work will focus on exploring the theoretical
bounds of synthetic data curvature and developing unbiased
compression algorithms to further decouple the distillation
process from specific real-dataset biases.
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