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Abstract

Training machine learning models on massive datasets is
expensive and time-consuming. Dataset distillation ad-
dresses this by creating a small synthetic dataset that
achieves the same performance as the full dataset. Re-
cent methods use diffusion models to generate distilled data,
either by promoting diversity or matching training gra-
dients. However, existing approaches produce redundant
training signals, where samples convey overlapping infor-
mation. Empirically, disjoint subsets of distilled datasets
capture 80–90% overlapping signals. This redundancy
stems from optimizing visual diversity or average train-
ing dynamics without accounting for similarity across sam-
ples, leading to datasets where multiple samples share sim-
ilar information rather than complementary knowledge. We
propose learnability-driven dataset distillation, which con-
structs synthetic datasets incrementally through successive
stages. Starting from a small set, we train a model and
generate new samples guided by learnability scores that
identify what the current model can learn from, creating
an adaptive curriculum. We introduce Learnability-Guided
Diffusion (LGD), which balances training utility for the cur-
rent model with validity under a reference model to generate
curriculum-aligned samples. Our approach reduces redun-
dancy by 39.1%, promotes specialization across training
stages, and achieves state-of-the-art results on ImageNet-
1K (60.1%), ImageNette (87.2%), and ImageWoof (72.9%).
Our code is available on our project page1.

1. Introduction
Dataset distillation has attracted broad interest for its
promise to dramatically reduce training data requirements
without sacrificing model performance. The goal is to
synthesize a small surrogate dataset DS from a large tar-
get dataset DT such that models trained on DS achieve
comparable accuracy to those trained on DT . Guo et al.

1https://jachansantiago.github.io/learnability-
guided-distillation/
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Figure 1. Learnability-Guided Dataset Distillation. We par-
tition the distilled dataset DS into increments {I0, I1, . . . , Ik}
(Top). Bottom Left (DiT): Standard distillation generates in-
crements independently, producing redundant samples—a model
trained on I0 achieves 98.0% accuracy on I1, indicating no new
information. Bottom Right (LGD): We condition the next in-
crement on the model parameters ωI0 to guide synthesis toward
samples that complement I0. The resulting increment I1 achieves
only 17.0% accuracy when evaluated by the prior model, indicat-
ing it introduces substantial new learning signal.

[11] demonstrated near-lossless accuracy on small-scale
benchmarks: on CIFAR-10 and CIFAR-100 [18], distilled
datasets with only 100 images per class (IPC) match the full
5,000 IPC datasets—a 50→ compression using ↑ 2% of the
data. However, scaling to larger, high-resolution datasets
like ImageNet remains challenging.

Dataset distillation methods traditionally synthesize DS
through bi-level optimization that matches training trajecto-
ries [3, 6, 11, 27, 35]—optimizing synthetic data such that
model parameters trained on DS evolve similarly to those
trained on DT . While effective on small datasets, this be-
comes computationally intractable for high-resolution im-
ages. To address scalability, generative dataset distillation
[4, 5, 10, 28, 33] leverages pretrained generative models
to synthesize distilled datasets at much lower cost. Re-
cent work shows trajectory matching remains valuable:
influence-guided generation [5] steers samples whose gra-
dients align with those from training on DT .

However, this has a fundamental limitation: optimizing
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all samples toward the average training trajectory causes
convergence to similar gradient profiles rather than special-
ization across training phases. Model training naturally pro-
gresses through stages: early training benefits from samples
with strong gradients for coarse features, while late training
requires small, refined gradients for fine-grained details. A
sample cannot satisfy both—optimizing for the average pro-
duces medium-strength gradients throughout, useful at no
specific stage. We confirm this empirically: partitioning a
50 IPC dataset into five disjoint 10 IPC subsets, any subset
captures 80–90% of the training signal from others (Figs. 1
and 2), demonstrating redundancy.

To address this, we propose learnability-driven distilla-
tion that builds the synthetic dataset incrementally. Starting
from a small initial dataset (e.g., IPC = 10), we train a model
to convergence, then synthesize new samples guided by
learnability scores—generating samples that complement
rather than replicate existing data. This incremental ap-
proach reduces redundancy by conditioning each stage on
the model’s evolving learning frontier. This reframes distil-
lation as sequential learning: given a distilled dataset and a
model trained on it, generate additional samples that maxi-
mize marginal learning gains. This approach offers a prin-
cipled way to reduce redundancy and establish a foundation
for methods that exploit staged learning dynamics.
Contributions. Our main contributions are:

• Learnability-driven incremental framework. (Sec. 4.1)
We construct distilled datasets stage-by-stage, condition-
ing each increment on the current model’s learnability to
generate complementary rather than redundant training
signals.

• Learnability-guided synthesis. (Sec. 4.3) We propose
Learnability-Guided Diffusion (LGD) that conditions
generation on the current model state to synthesize sam-
ples that complement existing data, integrated into diffu-
sion sampling to automatically generate informative in-
crements.

• Redundancy analysis. (Sec. 5.2) Our incremental frame-
work enables quantifying information overlap in distilled
datasets, revealing 80–90% redundancy in existing meth-
ods.

• Improved sample efficiency. (Secs. 5.1 and 5.2)
We achieve state-of-the-art or competitive results on
ImageNet-1K (60.1%), ImageNette (82.6–87.2%), and
ImageWoof (53.9–72.9%), while reducing redundancy by
39.1%.

2. Related Work
Dataset Distillation. Early methods synthesize compact
datasets through optimization that matches training dynam-
ics using gradient matching [27, 35], distribution match-
ing [24, 31, 37, 38], or trajectory matching [3, 6, 11]. While

Figure 2. Cross-validation across distilled data increments
(I1 → I5) for IPC 50 on ImageNette. Each heatmap shows
accuracy when training on one increment (rows) and evaluating
on another (columns). DiT[23] and IGD [5] exhibit high cross-
increment accuracy due to overlapping information, while LGD
yields lower off-diagonal scores, indicating more complementary
and diverse increments.

effective on small benchmarks, these pixel-optimization ap-
proaches struggle with high-resolution datasets. Decoupled
methods [26, 32] improve scalability through sequential
stages, enhanced by multi-architecture training [25], patch-
based composition [29], and curriculum strategies [20].
However, pixel-space constraints limit sample diversity,
motivating generative approaches.

Generative Dataset Distillation. Recent works [4, 5,
10, 28, 33, 36] leverage pretrained generative models to
overcome pixel-space limitations. Diffusion-based meth-
ods offer realistic generation: Minimax Diffusion [10] bal-
ances diversity and representativeness through diffusion
fine-tuning, MGD3 [4] and D4M [28] conditions on feature-
space modes for broader coverage, and Influence-Guided
Diffusion (IGD) [5] guides generation to match training
gradients from the full dataset. However, these methods
synthesize all samples uniformly, causing convergence to
similar gradient profiles. Yet these approaches suffer from
inherent redundancy because they optimize for visual di-
versity or average training trajectories without accounting
for training signal similarity across samples. This produces
datasets where multiple samples teach the model similar in-
formation rather than providing complementary knowledge
across training stages. Our work addresses this through
learnability-driven synthesis: conditioning each increment
on the current model state to generate complementary rather
than redundant samples.

Curriculum Learning and Data Curation. Our ap-
proach connects to curriculum learning, where training dif-
ficulty evolves with model competence [2, 22]. Recent
methods [9, 12, 34, 39] identify learnable samples by track-
ing training signals, filtering samples that are already mas-
tered or too difficult. Feedback-driven synthesis [1, 13] gen-
erates harder examples tailored to model weaknesses. We
extend this to dataset distillation by iteratively synthesiz-
ing data increments that maximize marginal learning gains,
transforming distillation into a learnability-driven curricu-
lum that adapts to evolving training needs.

41658



3. Background
Dataset Distillation. Dataset distillation aims to create a
small synthetic dataset D = {(x̃i, ỹi)}Mi=1 that captures
the essential information from a large training dataset T =
{(xi, yi)}NT

i=1, where M ↓ NT . The key requirement is
that models trained on the small dataset D should perform
nearly as well as models trained on the full dataset T . We
denote these models as ωD and ωT respectively, with the
goal that A(ωD) ↔ A(ωT ), where A(·) measures test accu-
racy. The budget for distillation is specified in images per
class (IPC). Modern approaches [4, 5, 10, 28, 33, 36] use
generative models to synthesize D by matching the learn-
ing behavior on real data:

min
D

∥∥Ex→Pdata

[
ε(ωT (x), y)

]
↗ Ex→Pdata

[
ε(ωD(x), y)

]∥∥

(1)
where ε is a loss function and Pdata is the data distribu-
tion. This generative approach can create entirely new sam-
ples rather than just selecting from existing data, enabling
greater flexibility and diversity.

Diffusion Models. Diffusion models [14] generate im-
ages through a two-stage process. First, the forward process
gradually adds noise to real images over T steps. Start-
ing from a clean image x0, each step adds a small amount
of Gaussian noise: q(xt|xt↑1) = N (

↘
1↗ ϑtxt↑1,ϑtI),

where ϑt controls how much noise to add at step t. We can
jump directly to any noisy version using xt =

↘
ϖ̄tx0 +↘

1↗ ϖ̄tϱ, where ϱ ↑ N (0, I) and ϖ̄t =
∏t

s=1(1↗ ϑs).
Second, the reverse process learns to remove noise step-

by-step. A neural network ϱω(xt, t) predicts the noise at
each step, and we use this to compute the mean of the re-
verse distribution:

µω(xt) =
1↘

1↗ ϑt

(
xt ↗

ϑt↘
1↗ ϖ̄t

ϱω(xt, t)

)
(2)

The denoised sample is then drawn as xt↑1 = µω(xt)+ςtz,
where z ↑ N (0, I) adds controlled randomness. Starting
from pure noise, we repeatedly apply this denoising step to
generate new images. For class-conditional generation, we
provide the class label as input: ϱω(xt, t, c).

Guided Sampling. We can steer diffusion models to
generate images with specific properties by adding guid-
ance signals during sampling. Classifier guidance [8] ad-
justs the noise prediction to favor a target class c:

ϱ̃ω(xt, t, c) = ϱω(xt, t, c) + φ≃xt log p(c|xt) (3)

where φ controls the guidance strength. The gradient term
≃xt log p(c|xt) steers generation toward class c. Recent
work in distillation [4, 5] uses similar guidance based on
proxies for training utility—guiding the model to generate
samples that will be most useful for learning. We build on
this idea by making the guidance adaptive to the current
training state.

4. Method
Existing dataset distillation methods typically optimize syn-
thetic images to mimic the gradient trajectories or training
dynamics obtained from the full dataset. In contrast, we
propose an incremental formulation that builds the distilled
dataset stage by stage, where each newly generated incre-
ment is optimized to maximize the model’s learning sig-
nal given its current knowledge. Our key insight is that by
aligning the synthesis process with the learner’s evolving
state, each synthetic sample can contribute complementary,
non-redundant information, leading to a more efficient and
adaptive curriculum.

4.1. Incremental Distillation Formulation
We formulate learnability-driven distillation as an incre-
mental synthesis problem. Let D denote the final dis-
tilled dataset of size M , partitioned into K disjoint incre-
ments Ii = {(xi

j , y
i
j)}

Ni
j=1 such that

∑K
i=1 Ni = M and

Ii ⇐ Ij = ⇒ for i ⇑= j. At stage i, the model with parame-
ters ωi↑1 is trained on the cumulative dataset

Di =
i⋃

k=1

Ik, (4)

resulting in updated parameters ωi. This process repeats un-
til all K increments have been synthesized and incorporated
into D.

Given the current model state ωi↑1, we seek the next in-
crement Ii that maximizes its contribution to learning:

I↓
i = argmax

I
L(ωi↑1, I), (5)

where L(ωi↑1, I) measures how much the model can learn
from I. However, without constraints, this process can pro-
duce degenerate samples that drift away from meaningful
semantics or correct labels. We therefore regularize the syn-
thesis with a reference model ω↓ trained on the full dataset:

I↓
i = argmax

I
[L(ωi↑1, I)↗ L(ω↓, I)]. (6)

The second term acts as a regularizer, penalizing samples
that are difficult or misclassified by the reference model.
This objective naturally promotes the generation of exam-
ples that are hard for ωi↑1 yet still learnable under ω↓, en-
suring each increment targets learnable knowledge gaps.

Incremental distillation as synthesis and analysis
framework. Beyond synthesis, our incremental formula-
tion provides an analysis framework for diagnosing sam-
ple redundancy. By partitioning any dataset D into incre-
ments and evaluating cross-increment learning dynamics,
we can quantify information overlap across different dis-
tillation methods. For synthesis, each increment is con-
ditioned on the evolving model state to maximize com-
plementary information. For evaluation, the final dataset
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Figure 3. Overview of our learnability-guided iterative generation framework. (Top) Incremental distillation loop: we iteratively train
model ωt on cumulative dataset Dt, generate samples using our learnability guidance, select high-quality samples via learnability ranking,
and augment the dataset. (Bottom) Effect on sample space: The current model ωt (green) expands over iterations, while the reference model
ω→ (purple, fixed) defines the learnable region. Generated samples (red ↑) land in the learnable gap between boundaries, automatically
synthesizing samples that complement the current model’s learned distribution.

D is compatible with both incremental training and stan-
dard static protocols, enabling direct comparison with prior
work. Fig. 3 (top) illustrates this incremental loop: at each
stage, we train model ωi on the cumulative dataset, gener-
ate candidates via learnability-guided diffusion, select high-
quality samples, and augment the dataset for the next itera-
tion.

4.2. Data Seed Initialization
Our learnability-driven synthesis requires an initial seed
dataset D1. By default, we use IGD [5] distilled im-
ages at 10 IPC per class, though D1 can also be sampled
from pretrained diffusion models or other distilled datasets.
This seeded initialization accelerates convergence by start-
ing from a distilled dataset rather than random samples. Ab-
lations on seed choices are in the supplementary material.

4.3. Learnability-Guided Diffusion Sampling
During synthesis, we incorporate a learnability criterion de-
rived from Eq. (6) into the diffusion sampling process, guid-

ing the denoising trajectory toward regions with high learn-
ability scores.

Learnability Score. For a candidate sample (x, y), we
define its learnability [9, 21] as

S(x, y) = L(ωi↑1, x, y)↗ ↼ · L(ω↓, x, y), (7)

where L(ω, x, y) is a prediction loss (e.g., cross-entropy)
and ↼ controls the reference model regularization strength.
High S indicates the current model struggles while the ref-
erence model does not—the sample is both informative and
semantically valid.

Learnability Guidance. We modulate the diffusion
model’s predicted noise ϱω(xt, t, y) with the gradient of the
learnability score:

ϱ̃ω(xt, t, y) = ϱω(xt, t, y) + φ · ↽t ·≃xtS(xt, y), (8)

where φ controls guidance strength and ↽t =↘
1↗ ϖ̄t

↔εω(xt,t,y)↔
↔↗xtS(xt,y)↔ is a timestep-dependent scaling

factor [5] that normalizes guidance magnitude relative to
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Table 1. Comparison across distilled IPC budgets on Nette and Woof evaluated on different network architectures. Mean±std
accuracy; best per row in bold. IGD, MGD3, and LGD used a pretrained DiT as the diffusion backbone.

Dataset Model IPC Random DM [37] IDC-1 [17] DiT [23] Minimax [10] IGD [5] MGD3 [4] LGD (Ours) Full

Nette

ConvNet-6 50 71.8±1.2 70.3±0.8 72.4±0.7 74.1±0.6 76.9±0.9 80.9±0.9 80.9±2.3 82.6±0.7 94.3±0.5100 79.9±0.8 78.5±0.8 80.6±1.1 78.2±0.3 81.1±0.3 84.5±0.7 86.5±0.9 87.2±0.7

ResNetAP-10 50 77.3±1.0 76.7±1.0 77.4±0.7 76.9±0.5 78.2±0.7 81.0±1.2 81.2±1.0 84.3±0.5 94.6±0.5100 81.1±0.6 80.9±0.7 81.5±1.2 80.1±1.1 81.3±0.9 85.2±0.5 85.5±1.0 87.2±0.9

ResNet-18 50 75.8±1.1 75.0±1.0 77.8±0.7 75.2±0.9 78.1±0.6 81.0±0.7 81.5±3.4 85.0±0.9 95.3±0.6100 82.0±0.4 81.5±0.4 81.7±0.8 77.8±0.6 81.3±0.7 84.4±0.8 85.6±0.2 86.9±0.6

Woof

ConvNet-6 50 41.9±1.4 43.8±1.1 42.6±0.9 48.5±1.3 50.7±1.8 54.2±0.7 53.4±0.4 53.9±2.2 85.9±0.4100 52.3±1.5 50.1±0.9 51.0±1.1 54.2±1.5 57.1±1.9 61.1±1.0 59.2±0.9 61.9±2.0

ResNetAP-10 50 50.1±1.6 47.8±1.2 49.3±0.9 55.8±1.1 59.8±0.8 62.7±1.2 59.4±0.2 62.5±0.7 87.2±0.6100 59.2±0.9 59.8±1.3 56.4±0.5 62.5±0.9 66.8±1.2 69.7±0.9 66.1±0.8 71.1±0.8

ResNet-18 50 54.0±0.8 53.9±0.7 54.5±1.0 57.4±0.7 60.5±0.5 62.0±1.1 63.9±0.3 65.1±0.7 89.0±0.6100 63.6±0.5 64.9±0.7 57.7±0.8 62.3±0.5 67.4±0.7 70.6±1.8 71.3±0.5 72.9±0.6

the noise level. This transforms diffusion synthesis into an
active learning mechanism: each increment Ii maximizes
training value for the current learner state, forming a
curriculum of increasing difficulty with non-redundant
supervision. Fig. 3 (bottom) shows generated samples
landing in the learnable gap between current model ωi and
reference model ω↓.

Guidance Schedule and Diversity. Following [4, 5], we
apply guidance only during timesteps t ⇓ [10, 45] (out of
50 steps), as full-trajectory guidance degrades performance.
Within this window, we apply deviation guidance [5]: for
each sample xt, we subtract ⇀≃xtGD(xt) from the pre-
dicted noise. Let Mc denote the memory buffer of previ-
ously generated samples for class c. The guidance objective
GD(x) = x·x̃→

↔x↔↔x̃→↔ measures cosine similarity to the nearest
sample x̃↓ ⇓ Mc, and ⇀ controls repulsion strength. This
enhances intra-class diversity by steering generation away
from existing samples.

4.4. Learnability Sample Selection
While learnability guidance steers diffusion trajectories to-
ward informative regions during synthesis, the stochastic
nature of sampling can still produce a mix of highly and
weakly learnable examples. To refine the distilled dataset,
we introduce a per-sample learnability selection step ap-
plied after generation: for each sample to be added to the
dataset, we generate ⇁ candidate versions via learnability-
guided diffusion sampling, score each using Eq. (7), and re-
tain only the highest-scoring candidate. This selected sam-
ple is then added to the memory buffer Mc, and the pro-
cess repeats sequentially for subsequent samples, ensuring
each new addition is selected in the context of the already-
constructed dataset.

Candidate Generation and Selection. At each incre-
mental stage i, we fill Ni sample positions per class by
generating ⇁ candidates {(xc

j,k, y
c
j,k)}ϑk=1 for each position

j ⇓ 1, . . . , Ni via learnability-guided diffusion sampling.
Each candidate is scored using Eq. (7), and we retain the
top-scoring sample:

(xc
j , y

c
j) = Top 1

(
(xj, kc, yj, kc,S(xc

j,k, y
c
j,k))

ϑ

k=1

)
(9)

The selected samples are appended to the memory buffer
Mc and repeated for all Ni positions to form Ii, encour-
aging diversity while ensuring high-learnability increments
aligned with Eq. (6).

5. Experiments
Datasets. We evaluate on three 256 → 256 datasets: Im-
ageNette [15], ImageWoof [16], and ImageNet-1K [7], in
various IPC from 20 to 100.

Protocols. For ImageNette/ImageWoof, we use the
hard-label protocol [10]: train target networks (ConvNet-6,
ResNet-AP-10, ResNet-18) from scratch on synthetic data
with ground-truth labels. For ImageNet-1K, we use the
soft-label protocol [10, 29]: each distilled image xi is di-
vided into M regions, and each region xi,m is paired with
a soft label yi,m = ε(φϖT (xi,m)) generated by a ResNet-18
teacher. All experiments use standard augmentation (ran-
dom crop, CutMix) and report mean±std of top-1 accuracy
over multiple runs following [4, 5, 10].

Hyperparameters. We set the learnability guidance
strength φ = 15, reference model weight ↼ = 0.5, and
over-generation factor ⇁ = 3 for selection. Guidance is
applied during timesteps t ⇓ [10, 45] (out of 50 diffusion
steps). For deviation guidance, we use ⇀ = 50. The ini-
tial seed dataset uses 10 IPC per class. Ablation studies and
further details are in the supplementary material.

Evaluation Settings. We evaluate under two comple-
mentary protocols: Static Evaluation trains models from
scratch on the complete distilled dataset (standard evalu-
ation). Incremental Distillation constructs datasets incre-
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(a) DiT Incremental Training (b) Ours Incremental Training (c) Validation Accuracy Progression Comparison

Figure 4. Incremental training dynamics of DiT and our method. (a-b) show the training loss across successive data increments
(D1 ↓ D5), where each increment adds new samples followed by a 300-epoch learning-rate decay (light beige). Our method yields
stronger loss spikes (!) after each increment, suggesting the added data is harder and complementary. (c) compares normalized validation
accuracy per increment between DiT and our method, highlighting consistent accuracy gains and faster convergence for ours.

Table 2. ImageNet-1K: Performance comparison over ResNet-18
with state-of-the-art dataset distillation methods.

SRe2L [32] G-VBSM [19] RDED [29] DiT [23] Minimax [10] DiT-IGD [5] MGD3[4] DiT+LGD (Ours)

46.8±0.2 51.8±0.4 56.5±0.1 52.9±0.6 58.6±0.3 59.8±0.3 60.2±0.1 60.1±0.1

Table 3. Cross-Architecture Evaluation on ImageNette. Ac-
curacy (%) when models trained on surrogate architectures are
evaluated on different target architectures. Bold indicates the best
within each IPC.

Evaluated on
IPC Surrogate ConvNet-6 ResNetAP-10 ResNet-18

50
ConvNet-6 83.5±0.4 83.5±0.8 83.3±1.0
ResNetAP-10 82.6±0.7 84.7±1.2 85.0±0.9
ResNet-18 81.1±1.1 82.3±0.3 83.6±1.0

100
ConvNet-6 86.0±0.6 86.7±0.9 86.6±0.6
ResNetAP-10 87.2±0.7 87.7±0.6 86.9±0.6
ResNet-18 86.7±1.6 87.3±1.2 87.7±0.7

Table 4. Progression across data increments on ImageNette.
Accuracy at each IPC level as additional increments are sequen-
tially added (IPC10 ↓ IPC100).

Method IPC10 IPC20 IPC30 IPC40 IPC50 IPC100

DiT 61.0±1.5 68.2±1.1 73.0±1.7 75.2±1.8 75.6±1.1 78.2±0.7
IGD 64.5±0.9 71.6±1.3 74.8±1.7 78.1±1.2 79.9±0.3 84.3±0.1
LGD (Ours) 64.1±1.3 75.9±0.3 79.3±1.6 83.1±0.8 85.2±0.8 89.1±0.7

mentally (10 IPC per stage), training models on cumula-
tive data after each increment to analyze curriculum effects.
For our method, incremental construction yields the final
dataset; baselines distill each increment independently.

5.1. Main Results: Static Evaluation
We compare our incrementally constructed datasets with
current SOTA methods under standard static training pro-
tocols. Models train from scratch on the complete distilled
dataset across three benchmarks, enabling direct compari-
son with prior work.

ImageNette and ImageWoof. On the ImageNette
dataset, our method achieves notable performance gains of

Figure 5. Learning-dynamics visualization of original and dis-
tilled samples. Each point shows a sample’s mean and stan-
dard deviation of ground-truth class probability across training (50
epochs). Top-left points are easy (high µ, low ε2), bottom-left
are hard, and mid-right indicate informative samples. Our method
yields distilled samples that form a more informative (16.2%) and
harder dataset (2.6%), roughly 3↑ and 2↑ over IGD, respectively,
aligning more closely with the original training dynamics distribu-
tion, as shown by the lowest Jensen–Shannon divergence (JS ↔).

1.7%, 2.0%, 2.7%, and 4.0% across various IPC values and
architectures, surpassing DiT+IGD (see Tab. 1). At 50 IPC,
we reach 82.6-85.0% across ConvNet-6, ResNet-AP-10,
and ResNet-18, while at 100 IPC, we achieve 86.9-87.2%.
Similarly, on the ImageWoof dataset, our method demon-
strates competitive performance at 50 IPC (53.9-65.1%) and
achieves the best results at 100 IPC (61.9-72.9%), consis-
tently outperforming DiT+IGD and DiT+MGD3.

ImageNet-1K. Tab. 2 shows comparison to SOTA in
ImageNet-1K at 50 IPC with ResNet-18. Our method
achieves 60.1%, matching state-of-the-art performance
(MGD!: 60.2%) while substantially outperforming the base
diffusion approach (DiT: 52.9%, improvement of 7.2%) and
decouple methods. This demonstrates effective scaling to
complex, large-scale datasets despite incremental construc-
tion.

Cross-Architecture Generalization. Tab. 3 shows
comparison of cross-architecture transfer on ImageNette.
Datasets distilled with ResNet-AP-10 achieve 85.0% when
evaluated on ResNet-18 at 50 IPC, demonstrating strong
architecture-agnostic performance. At 100 IPC, cross-
architecture accuracy remains high (86.0-87.7%) with mini-
mal degradation across all architecture pairings, confirming
our method learns transferable representations rather than
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Figure 6. In-distribution and learning-dynamics analysis of distilled datasets. Each point represents a sample described by its ground-
truth (GT) class probability from the reference model (x-axis, measuring in-distribution likelihood p(y|x)) and its mean GT probability
across training epochs (y-axis, reflecting sample difficulty). Original samples (gray) delineate the in-distribution region, where higher y
indicates easier examples. DiT concentrates on easy, high-confidence samples; DiT+IGD extends slightly toward mid and hard areas;
DiT+Loss covers a broader difficulty range but introduces several non-representative (low-x) samples; DiT+Ours achieves a balanced
spread—capturing informative mid and hard examples while remaining closely aligned with the in-distribution region.

architecture-specific patterns.
Across all three datasets, our method achieves state-of-

the-art or competitive performance (ImageNet-1K: 60.1%,
ImageNette: 82.6-87.2%, ImageWoof: 53.9-72.9%), with
consistent improvements over uniform guidance methods.
These results validate that our learnability-driven construc-
tion yields high-quality datasets. We next analyze why this
approach succeeds by examining sample redundancy and
training dynamics.

5.2. Diagnosing Sample Redundancy
To understand why learnability-driven synthesis works, we
analyze sample redundancy in distilled datasets. We parti-
tion each 50 IPC dataset into K = 5 disjoint 10 IPC in-
crements and measure cross-increment learning: training
on one increment and evaluating on another. High cross-
increment accuracy indicates redundancy (overlapping in-
formation); low accuracy indicates complementary infor-
mation.

Fig. 2 shows cross-validation heatmaps on ImageNette.
DiT exhibits severe redundancy with 91-98% off-diagonal
accuracy (average: 94.7%)—models trained on any incre-
ment already capture most information from others. IGD
improves slightly to 81-92% (average: 87.1%) but substan-
tial overlap remains. Our method achieves only 17-82%
cross-increment accuracy (average: 57.65%), confirming
that increments contain complementary information. Our
method reduces redundancy by 39.1% relative to DiT, val-
idating that learnability-guided synthesis conditioned on
model state effectively diversifies training signals.

Beyond synthesis, this demonstrates our incremental for-
mulation as a diagnostic tool for analyzing any distillation
method. By partitioning existing datasets and measuring
cross-increment dynamics, researchers can systematically
evaluate information distribution and identify redundancy.

5.3. Incremental Training Dynamics
We now examine how reduced redundancy translates to
improvement. We train models incrementally on distilled
datasets, adding one 10 IPC increment at a time (5 total).
For each increment, we train the model until the training
loss no longer improves, then apply a learning rate decay
for 300 more epochs before adding a new increment.

Loss Spikes and Information Content. Figs. 4a and 4b
shows training loss across increments. DiT exhibits small,
uniform loss spikes (avg. ! = 0.06) after each increment,
consistent with redundant samples. Our method shows
larger loss spikes when adding new data (!1 = 0.486 →
!5 = 0.033, avg. ! = 0.20), confirming increments of in-
creasing difficulty. Despite larger disruptions, our method
converges faster to higher accuracy.

Sustained Marginal Gains. Fig. 4c and Tab. 4 show ac-
curacy progression. Our method achieves 85.2% vs. 79.9%
(IGD) and 75.6% (DiT) at 50 IPC. As shown in Fig. 4c,
our method maintain sustained gains across stages (+12.0%,
+3.2%, +5.4%, +6.4%) while DiT shows declining returns
(+7.2%, +4.8%, +2.2%, +0.4%) . Our final increment
(40→50 IPC) alone provides more gain than DiT’s last two
combined.

These dynamics validate our curriculum hypothesis:
conditioning synthesis on model state automatically gen-
erates samples at the frontier of current capability—hard
enough for new information, learnable enough for efficient
absorption.

5.4. Sample Quality and Difficulty Analysis
We validate that our samples align with natural difficulty
distributions while maintaining semantic validity.

Difficulty Distribution. Following [12, 30], we charac-
terize samples by mean (µ) and variance (ς2) of GT prob-
ability across 50 training epochs. Easy samples have high
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Figure 7. Visual diversity in incrementally distilled datasets. Samples from increments I1 → I5 (50 IPC total) on the Church class.
DiT generates repetitive samples with similar architectural styles and lighting. IGD improves slightly but exhibits clustering around
Gothic exteriors. LGD (Ours) produces diverse samples spanning multiple architectural styles (traditional, modern, ornate), perspectives
(exterior and interior views), and lighting conditions (day, night, golden hour). This diversity reflects our curriculum-based synthesis: early
increments capture simpler structures while later increments progressively introduce architectural complexity and challenging interior
scenes, reducing redundancy and maximizing sample utility across the distilled dataset.

µ, low ς2; hard samples have low µ, low ς2; informative
samples have mid-to-high µ and high ς2 (model improves
during training).

Fig. 5 shows (µ, ς2) distributions. DiT concentrates in
easy regions (>80% with µ > 0.8), IGD improves ( 60%
easy) but retains clustering, while our method distributes
broadly across easy, informative (high ς2), and hard re-
gions. Jensen-Shannon divergence quantifies alignment:
our method achieves JS = 0.40 vs. DiT (2.04) and IGD
(1.57)—5" and 4" improvements, confirming better align-
ment with natural data difficulty characteristics.

In-Distribution Analysis and Semantic Consistency
Fig. 6 characterizes samples by reference model confi-
dence p(y|x) (x-axis, in-distribution likelihood) and mean
GT probability at training (y-axis, difficulty). DiT clus-
ters in easy regions (top-right). We also evaluate our
method without the L(ω↓, x, y) regularization term (denoted
as DiT+Loss). While this covers a broader difficulty range,
it introduces out-of-distribution samples that are misclassi-
fied by the reference model (red " markers at low x-values).
Our method achieves balanced spread across difficulty lev-
els (x > 0.6 for most samples), with red " appearing
in genuinely hard regions (bottom-right) rather than out-
of-distribution areas. This validates our learnability regu-
larization (Eq. (6)): the L(ω↓, x, y) term prevents out-of-
distribution drift while enabling hard in-distribution sam-
ples. These analyses confirm our method spans natural diffi-
culty ranges without semantic drift, explaining the sustained
improvements in Sec. 5.3.

Qualitative Results. To demonstrate how our
curriculum-based approach introduces diversity progres-

sively, we visualize samples from each increment I1 ↗ I5
for the Church class in Fig. 7. Compared to DiT’s repeti-
tive samples and IGD’s clustering around similar structures,
our method progressively introduces diversity across incre-
ments. Early increments capture simpler, easily learned
structures that establish foundational features, while later
increments introduce architectural complexity and chal-
lenging scenes. This curriculum design ensures that each
increment contributes unique visual information rather than
duplicating patterns from previous increments, maximizing
sample utility across the distilled dataset.

6. Conclusion

Existing dataset distillation methods suffer from substantial
redundancy, with disjoint subsets capturing 80–90% over-
lapping training signals. This arises because methods opti-
mize for visual diversity or average trajectories without con-
sidering training signal complementarity across samples.
We propose learnability-driven dataset distillation that con-
structs synthetic datasets incrementally, conditioning each
stage on the current model state to generate complementary
rather than redundant samples. Our learnability-guided dif-
fusion automatically produces curriculum-aligned samples
by balancing current-model informativeness with reference-
model validity. This reduces redundancy by 39.1%, enables
specialization across training phases, and achieves state-of-
the-art results: ImageNet-1K (60.1%), ImageNette (87.2%),
and ImageWoof (72.9%). Our framework establishes foun-
dations for adaptive distillation methods that exploit staged
learning dynamics to maximize sample efficiency.
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