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Abstract

The growing demand for efficient deep learning has positioned dataset distillation
as a pivotal technique for compressing training dataset while preserving model
performance. However, existing inner-loop optimization methods for dataset dis-
tillation typically rely on random truncation strategies, which lack flexibility and
often yield suboptimal results. In this work, we observe that neural networks
exhibit distinct learning dynamics across different training stages—early, middle,
and late—making random truncation ineffective. To address this limitation, we
propose Automatic Truncated Backpropagation Through Time (AT-BPTT), a novel
framework that dynamically adapts both truncation positions and window sizes
according to intrinsic gradient behavior. AT-BPTT introduces three key compo-
nents: (1) a probabilistic mechanism for stage-aware timestep selection, (2) an
adaptive window sizing strategy based on gradient variation, and (3) a low-rank
Hessian approximation to reduce computational overhead. Extensive experiments
on CIFAR-10, CIFAR-100, Tiny-ImageNet, and ImageNet-1K show that AT-BPTT
achieves state-of-the-art performance, improving accuracy by an average of 6.16%
over baseline methods. Moreover, our approach accelerates inner-loop optimization
by 3.9 x while saving 63% memory cost.

1 Introduction

The unprecedented success of deep learning [[15,20] has been fundamentally driven by the availability
of large-scale datasets and computational resources. However, this data-centric paradigm poses
scalability challenges, particularly in storage efficiency, computational overhead, and environmental
sustainability [l 36l 22]. These limitations have catalyzed the emergence of dataset distillation
[48,157,110, 52, 21] (DD) as a transformative approach to data-efficient learning. By synthesizing
compact surrogate datasets that preserve the essential characteristics of their original counterparts,
DD enables efficient model training without compromising performance.

Dataset distillation is inherently formulated as a bilevel optimization problem [39} 9]], consisting of
inner-loop and outer-loop optimization. The outer-loop optimizes the synthetic dataset to minimize
discrepancies between models trained on distilled and original data, and the inner-loop simulates the
training dynamics of a neural network on the distilled dataset [9]]. Previous DD methods focus on
approximating the outer-loop to directly align the final performance metric [57, 155} 26} 12} 16l [19, [12}
24]. However, outer-loop methods typically rely on surrogate objectives or heuristic measures to
indirectly capture the effects of inner-loop training, thereby failing to accurately reflect the model’s
training dynamics. Popular inner-loop optimization techniques, such as Backpropagation Through

*Corresponding to: Dongyang Zhang

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



=Y
S
=
=

WWM

e S F60
23 P ks
FE® £
O 5 5 5
@ 840 g S 40
8 < —— Early-Preliminary | < —— Middle-Preliminary | < —— Late-Preliminary
g E Early-Post 309 & ——  Middle-Post 304+ Late-Post
% 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
‘I: Epoch Epoch Epoch
[ @ | (b) | © |
Early Stage Middle Stage Late Stage
| | |
70 70

=N
S

Window Size
Accuracy (%)

o

3
Accuracy (%)

9

=3

40 —— Early-Smaller 2 —— Middle-Smaller —— Late-Smaller
—— Early-Original —— Middle-Original 40 —— Late-Original
30 —=— Early-Larger 30 —=— Middle-Larger 30 —=— Late-Larger
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
Epoch Epoch Epoch

(d C] ®

Figure 1: Hypothesis verification for the influence of truncation strategies and window size. (a)(b)(c)
show experiments where the preliminary or post truncation positions are implemented at early, middle
and late stages, respectively, and (d)(e)(f) present experiments where the window size is changed
after fixing the truncation position. For example, Early-Preliminary in (a) means that randomly select
preliminary phase (0-100) timesteps in early training stage (0-200 epochs).

Time (BPTT) [49] and its truncated variants (T-BPTT [34]], RaT-BPTT [9])), adopt rigid truncation
strategies to partially address performance bottlenecks. Nevertheless, these methods uniformly apply
fixed or random truncation across all training stages, disregarding the distinct learning patterns of
neural networks: early stages prioritize simple patterns and later stages refine complex features [[1]].
Consequently, the rigid truncation of learning trajectories limits model performance.

To address these limitations, we posit that automatic adjustment of truncation strategies across
distinct training stages could better align with the intrinsic learning dynamics of deep neural networks
(DNNSs) [1]]. We verify this perspective through a controlled variable experiment, which partitions
the training process into three stages, and selects preliminary or post timesteps unfolding in each
epoch as the truncation position. Our experimental analysis reveals three critical findings: (1) early-
stage truncation of preliminary timesteps yields a 2.9% improvement in test accuracy (Fig. [Tp), (2)
middle-stage performance demonstrates negligible sensitivity to truncation position (A < 0.3%,
Fig.[Tb), and (3) late-stage prioritization of post timesteps enhances accuracy by 1.8% (Fig.[Tk). These
results substantiate the suboptimality of random truncation approaches, and motivate the formulation
of a secondary perspective: adaptive window sizing could simultaneously optimize computational
efficiency and gradient preservation. Subsequent experiments with fixed optimal truncation positions
(Fig. [Td-f) demonstrate that a larger window in the early stage achieves a 2.5% accuracy gain, while
the middle- and late-stage variations show insignificant impacts (A < 0.2%). These hypotheses and
their validation are detailed in Section {11

Based on the above observation, we propose an effective DD method called Automatic Truncated
Backpropagation Through Time (AT-BPTT). This method integrates three key mechanisms: dynamic
truncation position, adaptive window size and low-rank Hessian approximation. Dynamic truncation
position employs gradient magnitudes to probabilistically determine better truncation timesteps
across different training stages. Adaptive window size leverages the magnitudes of gradient variation
to modulate the truncation window, ensuring that critical gradient information is retained when
fluctuations are high. Low-rank Hessian approximation addresses the computational time and storage
cost issues of Hessian matrix calculation in second-order optimization. Extensive experiments
illustrate that AT-BPTT achieves state-of-the-art (SOTA) performance on CIFAR-10 [16], CIFAR-100
[16], Tiny-ImageNet [18] and ImageNet-1K [32], outperforming the leading inner-loop method by
an average of 6.16% while delivering a 3.9 x faster training speed and a 63% memory reduction.

2 Related Work

Dataset distillation is proposed with the aim of generating a compact synthetic dataset that effectively
substitutes for the original dataset. Dataset distillation can be formulated as a bilevel optimization
problem, with current mainstream approaches broadly categorized into outer-loop optimization



methods (data matching methods) and inner-loop optimization methods (meta-learning methods).
Outer-loop optimization methods achieve dataset distillation by aligning surrogate objectives between
the original and synthetic datasets. Gradient matching [55]] aligns the gradients of synthetic and
original data during training to mimic the optimization behavior of the original dataset. Trajectory
matching [2} 16} [12] 24} 4] aligns parameter trajectories throughout the training process, overcoming
the short-term matching limitations of gradient matching. Distribution matching 44,156, 47| aligns
distributions in the feature space, circumventing the complexity of bilevel optimization. However,
outer-loop methods rely on surrogate models to indirectly capture the effects of inner-loop training,
failing to accurately reflect the true training dynamics of the model.

Inner-loop optimization methods treat the synthetic dataset as hyperparameters, minimizing the
risk of models trained on synthetic data on the target dataset. A prominent inner-loop approach is
Backpropagation Through Time [49], which simulates the model training process by performing
multi-step gradient descent in the inner loop and optimizes the synthetic data in the outer loop
to achieve dataset distillation. Subsequently, T-BPTT [34]] improves distillation performance by
truncating the unrolled time steps. Recently, RaT-BPTT [9]] employs a random truncation strategy
to enhance BPTT’s distillation performance, partially reducing computational costs. However, its
random truncation strategy fails to align with the learning characteristics of deep neural networks,
limiting its performance.

Besides optimization-based techniques, there are several other DD methods. Diffusion-based methods
[38, 3] generate compact samples that capture key features of the original dataset by optimizing
representations in the latent space or directly adjusting the diffusion process, excelling in high-quality
image generation and high-resolution tasks. Decoupled optimization methods [51}135}/41]] decompose
the complex distillation process into independently optimizable subtasks, reducing computational
complexity and enhancing the capability to handle large-scale datasets.

3 Preliminary

Dataset distillation [9] aims to compress a large training set D into a smaller set S such that training
on S achieves comparable performance to training on D. The process involves a bilevel formulation:

H}SI‘ILC(QT(S),’D) S.t. 9T(8> Z.A(QQ,S,T), (1)
where A represents the inner-loop learner over 7" steps with initialization 6, and synthetic dataset S.

Backpropagation Through Time (BPTT). BPTT [49] is the standard method for solving bilevel
optimization in reverse mode. When A follows gradient descent with learning rate «, the meta-
gradient with respect to every unrolling learning trajectory is computed using the chain rule:
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where H; = % represents the Hessian matrix at timestep j, and g; = % denotes

the value with respect to the parameter § and the mixed partial derivatives of S at timestep . The
detailed derivation of the formula is shown in the Appendix [A]

Truncated BPTT (T-BPTT). To alleviate the memory burden, T-BPTT [34] propagates gradients
through a smaller unrolling window of M steps instead of the full trajectory:
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This truncation omits the first 7' — M + 1 terms, reducing the number of Hessian products.

Random Truncated BPTT (RaT-BPTT). RaT-BPTT [9]] extends T-BPTT by randomly positioning
the truncated window along every unrolling learning trajectory in the training process. The meta-
gradient of RaT-BPTT with random truncation at position N is:

oL(6
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which differs from T-BPTT by randomly sampling M timesteps and omitting shared Hessian products.



4 Methodology

4.1 Hypothesis Verification

We challenge the practice of applying random truncation uniformly across the entire training process
in RaT-BPTT [9] based on two key observations. First, it is well established that deep neural networks
(DNNGs) tend to learn simple patterns during the early training stages before progressively acquiring
more complex patterns [1]. Second, T-BPTT [34]] exclusively utilizes the last 7" — M + 1 timesteps
of each epoch, while the impact of restricting updates to early timesteps remains unexplored. These
observations motivate our Hypothesis I: Might sampling specific timesteps from distinct stages lead
to better performance, rather than uniformly applying random truncation?

To verify this hypothesis, we partition the epochs throughout the training process into three equal
stages (early, middle, and late stages) while bisecting the timesteps within the unfolding learning
trajectory for every epoch (preliminary and post phases). Our validation involves controlled ex-
periments where we randomly truncate either preliminary or post timesteps during the early stage,
maintaining standard RaT-BPTT implementation in subsequent two stages. Similar validations are
implemented on the middle and late training stages. The experiments are conducted on the CIFAR-10
[16] dataset using the ConvNets architecture. Our experimental results shown in Fig. [Th-c reveal
three key observations: (1) preliminary phase truncation in early stage enhances validation accuracy
by an average of 2.9%; (2) middle stage shows negligible performance variance (A < 0.5%) between
phase choices; (3) post phase selection in late stage demonstrates 1.8% accuracy improvement. These
findings not only validate our initial hypothesis but also raise a new Hypothesis II: Can dynamically
adjusting the truncation window size further enhance distillation performance?

To further investigate the impact of truncation window size, we adopt a roughly adaptive truncation
strategy based on the experiments mentioned above: selecting preliminary timesteps during the early
training stage, applying random truncation in the middle stage, and seclecting post timesteps in the
late stage. Subsequently, we conduct experiments in which each stage alternated between using the
original window (used in RaT-BPTT), a larger window, and a smaller window (modifying the original
window size by +10 timesteps). As shown in Fig. [IJd—f, large window leads to a 2.5% accuracy
improvement in the early stage, while variations in window size during the middle and late stages
have a negligible effect (A < 0.2%). Based on these, we conclude that selecting appropriately sized
truncation windows for specific timesteps at different training stages yields better performance.

4.2 Automatic Truncated BPTT

Building on the above findings, we propose an Automatic Truncated Backpropagation Through Time
(AT-BPTT) framework designed to optimize the inner-loop for dataset distillation. This automatic
mechanism consists of three components: dynamic truncation position, adaptive window size and a
low-rank Hessian approximation, as shown in Fig. 3]

Gradient Magnitude and Gradient Variation Magnitude

=== Gradient Variation Magnitude

idation of Hypothesis I raises a question: How to estab-
lish an evaluation metric that enables staged truncation
of timesteps during different training stages? Our analy-
sis begins with the gradient accumulation mechanism ex-
pressed in Eqn. 4] which reveals that parameter updates
represent cumulative contributions from all timestep gra-
dients, with each timestep’s influence modulated by its
temporal position and subsequent gradient dynamics. To
quantify these temporal effects, we record gradient mag- oo
nitudes across all timesteps during training iterations, Timestep
with averages visualized in Fig.[2] It is observed that gra-
dient updates are initially large but gradually diminish
as timesteps progress. Interestingly, this observation and
the verification of Hypothesis I align with Arpit et al.
[L]’s seminal work on deep learning dynamics: DNNs
tend to learn simple, easily identifiable patterns during
the early stages of training before progressively shifting toward more complex and fine-grained
patterns in later stages. This is attributable to that simple patterns often dominate the data and exhibit
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Figure 2: Illustration of the gradient
and gradient variation average magnitudes
each timestep during training process. The
entire timesteps are roughly averaged into
preliminary and post phases.
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and adaptive window size then jointly optimize inner-loop training dynamics. The low-rank Hessian
approximation is utilized to reduce computational cost.

high saliency, allowing large gradient updates in the preliminary phase to align effectively with these
patterns, leading to rapid performance improvement in the early stage. Although the gradients of
timesteps in the post phase are smaller, they play a crucial role in fine-tuning the network, ultimately
leading to significant performance gains in the late stage.

This staged behavior suggests the gradient magnitude serves as an intrinsic metric for training
stage identification. We thus formalize our truncation probability mechanism through temperature-
controlled softmax normalization:

exp(||VoLel2/7)
S exp(||VoLill2/7)]

where T represents the annealing temperature parameter. Therefore, we define a three-stage strategy
to determine dynamic truncation positions: (1) In the early stage, each timestep at ¢ is selected as a

truncation position with probability Pyync(); (2) In the middle stage, truncation is applied randomly;
1— Rmnc (t) .
T—1 °

Rrunc(t) = (5)

(3) In the late stage, the probability of each timestep is

exp([[VoLe|l2/T)
Sy exp(IVoLill2/T)’

if Early Stage,

_lur, if Middle Stage,
Poune () = 1{ opUVelila/m) : ©
Zm o UTeni2/T) | if | ate Stage.

Adaptive Window Size. Based on the three-stage framework, we further propose an adaptive window
size mechanism to address Hypothesis II. Revisiting Eqn[4] conventional inner-loop optimizations
employ fixed window size truncation to reduce computational overhead by partial Hessian matrix
computation. This Hessian matrix, obtained via second-order differentiation of the loss function,
captures the temporal variations in gradients across different timesteps. We thus record the gradient
variation magnitude |||[VoL;|l2 — |[VeLi—1]|2| at each timestep during training as visualized in Fig.
This reveals a type of staged pattern: early training stages exhibit high-magnitude oscillatory gradients,
while middle and late stages demonstrate stabilized gradient variations.

This observation aligns with Hypothesis II verification experiments, suggesting that substantial gra-
dient variations indicate active adjustment of model decision boundaries at corresponding timesteps.
To obtain an adaptive window size aligned with gradient variation magnitude, we introduce a
temperature-controlled soft normalization of gradient variations to obtain the size weight 7)(t) at ¢:

n(t) = exp(|[|[VoLell2 — [VoLe—1ll2] /7) .
S exp ([[IVoLilla — [VoLio1ll2| /7)

(N

The adaptive window size W*(t) at timestep ¢ is then computed through linear transformation of the
original window size W in RaT-BPTT: W*(¢) = W — d + 2d - n(t) with a range of [W — d, W + d]
and d > 0. This adaptive adjustment enables the model to automatically allocate larger windows for



timesteps with significant gradient variations while contracting windows for stable phases, achieving
better balance between computational efficiency and model performance.

Threshold-guided Stage Transition. In contrast to the rough equal partitioning for hypothesis
verification in Section d.I] we adopt a threshold-guided stage transition approach to stably switch
between early, middle, and late training stages. Since the convergence of optimization processes in
visual tasks is ultimately determined by the trend in model performance metrics, we utilize accuracy
variation at each timestep to automatically regulate training stages. We define the accuracy variation
as: AAy = Ay — Ay_1. Two zero-initialized counters Ceqriy—middie and Criddie—iate are defined to
record the number of times AA; < M and AA; < N, respectively. The rule from early to middle
stage and from middle to late stage are:

T1 T2
Cearty—middie = Y LHAA < M) > X, Crnjadie—tate = Y, LAA <N)>Y, ®)
=1 t=T1 +1

where 1(-) denotes the indicator function that returns 1 if the condition is satisfied and 0 otherwise.
This mechanism triggers stage transition when either: (1) X times of accuracy variation fall below M
for early-to-middle transition, or (2) Y times fall below /N for middle-to-late transition. The accuracy
variation reflects model learning dynamics, and employing multiple threshold evaluations effectively
mitigates training noise, thereby ensuring stable transitions.

4.3 Low-Rank Hessian Approximation

In addition to random truncation, RaT-BPTT’s unfolding learning trajectory approach also suffers
from high computational overhead. This primarily stems from the frequent computation of implicit
Hessian matrix products in Eqn. [d] which are required for evaluating inner-loop optimization perfor-
mance. Therefore, we introduce a low-rank Hessian approximation (LRHA) to reduce both time and
memory complexity while preserving the gradient direction by leveraging the low-rank structure of
the Hessian matrix. Given the Hessian at timestep j, we approximate it by a rank-%; factorization:

H; =U;%,V;" ~ Hj, 9)

where U;, V; € R¥%i and ; € R**ki, We adaptively determine k; based on the normalized
gradient magnitude, with a lower bound:

IVoL;ll2 D
k: = max kmin; kmax T e . TR ) 10
J ( \\ max;< ||V0£iH2 o

where kpax = 0.1d and ki, > 0 ensures numerical stability. Instead of materializing H;, we
apply randomized singular value decomposition (SVD) using Hessian-vector products (HVP) and
QR factorization:

Y© =HVP(H;,Q;), Q; ~N(0,1),
yv(@ — HVp (Hj,H]Ty@—U), qg=1,2, (11)
Q;,R; =QR(Y®), B;=Q]H,;Q;, U; %, V;=SVD(B)).

We then reconstruct new H it
Hj = (Q;U;) - %5 - (Q;V) " (12)
The final meta-gradient of AT-BPTT is formulated as:

OLON(S),D) _ Ni

T-1
G xrpprT = —0—— II L= af;] - Panci)g:- (13)

I=N—W*(t) j=i+1

Let p denote the dimensionality of the model parameter vector. Through our proposed LRHA, the
time and memory complexity drop from O(p*) to O(p k; + k3) and from O(p?) to O(2pk; + k3),
respectively, greatly reducing computational resource consumption.



4.4 Patch-wise Semantic Preservation

To address the poor performance of inner-loop DD on high-resolution datasets, we propose a
lightweight patch-wise semantic preservation (PSP) to enhance generalization capability. Given an
input image = € R *W>3 we split it into n x n non-overlapping patches:

P={zijlviyy=xli-s:(i+1)-s,j-s:(j+1)-5], s=|H/n|} (14)

where n controls the granularity of local processing and we set n = 4. Each patch x;; is independently
distilled using AT-BPTT to generate local synthetic prototypes:

Sij = AT-BPTT(z;, bioca), (15)

where 60),., denotes the parameters of the local distillation network applied to each patch. To
ensure semantic coherence, we perform prototype centroid matching against the global prototype set

Satobal = {Sij }1 =1
Laign = Y 1111(Si5) = 1(Seioba) |25 (16)
¥

where p(-) calculates the prototype centroid. The final objective combines original distillation loss
and alignment loss: Lol = Lar-BprT + ALalign, Where A balances the two objectives.

5 Experiments

5.1 Experimental Setup

Dataset. We adhere to the conventional procedure adopted in dataset distillation [9]. We select
three standard datasets: CIFAR-10 [[16] (10 classes, 32x32), CIFAR-100 [[16] (100 classes, 32x32),
and Tiny-ImageNet [[18] (200 classes, 64 x64). To further show the effectiveness of AT-BPTT on
high-resolution images, we scale up the dataset to ImageNet-1K [32] (1,000 classes, 224 x224). For
CIFAR-10 and CIFAR-100, we distill datasets with 1, 10, and 50 images per class IPC = 1, 10, 50),
while for Tiny-ImageNet and ImageNet-1K, we use 1 and 10 images per class (IPC = 1, 10).

Baselines. We compare our AT-BPTT with the most representative baselines categorized into two
distinct paradigms: one category contains methods that approximate or optimize the outer-loop of
bilevel optimization, and the other category includes methods that directly improve the inner-loop of
bilevel optimization. More details on baseline methods are introduced in Appendix [B]

Implementation Details. Following Rat-BPTT [9], we employ standardized convolutional neural
network [11] (CNN) architectures with depth adapted to dataset specifications: a 3-layer CNN (Conv-
3) for CIFAR-10/CIFAR-100 synthetic datasets, and a 4-layer CNN (Conv-4) for Tiny-ImageNet and
high-resolution ImageNet-1K datasets. More hyperparameter settings are detailed in Appendix [B]

5.2 Comparison with Previous Methods

Tab. [T demonstrates that the proposed AT-BPTT framework establishes new state-of-the-art perfor-
mance on three benchmark datasets (CIFAR-10 [[16], CIFAR-100 [[16]], and Tiny-ImageNet [18]]),
outperforming existing inner-loop and outer-loop optimization approaches by a significant margin.
Most remarkably, AT-BPTT achieves an average accuracy gain of 6.16% over RaT-BPTT, the SOTA
inner-loop DD method. This substantial improvement in low-resolution image distillation stems from
the combination of our novel dynamic truncation strategy and adaptive window size mechanism,
which collectively enhance the model’s capacity to capture multi-level feature correlations through
dynamically adjusted learning trajectories. The visualizations of these synthetic datasets are shown in
Appendix [

For the high-resolution dataset ImageNet-1K, Tab. [T| shows that AT-BPTT also exhibits superior
competitiveness compared to leading methods, achieving 30.6% accuracy under the IPC=10 setting.
This exceptional performance is attributed to the transformative role of PSP segmentation strategy,
which effectively transfers AT-BPTT’s strengths in low-resolution domains to high-resolution scenar-
i0s. These results not only confirm AT-BPTT’s capability in processing high-resolution data but also
highlight the scalability of the PSP strategy for more advanced high-resolution applications. More
experimental results are provided in Appendix



Table 1: Comparison with the SOTA baseline dataset distillation methods. Following previous
methods, the ConvNet used for distillation are Conv-3 on CIFAR-10 [16] and CIFAR-100 [16]],
Conv-4 on Tiny-ImageNet [18]] and ImageNet-1K [32]]. Each reported result is the average of 5
experiments. Entries with “-” are absent due to scalability problems.

Dataset | CIFAR-10 | CIFAR-100 | Tiny-ImageNet | ImageNet-1K
Img/class(IPC) | 1 10 so | 1 10 so | 1 0 | 1 10

Outer-loop Optimization

DsA [57) 28.8+0.7 52.1+0.5 60.6+0.5 | 13.9+0.3 32.3+0.3 42.8404 | 6.6+0.2 14.4+2.0 | 1.1£0.7 3.2+0.3
CAFE [44] 30.3+1.1 46.3+0.6 55.5£0.6 | 12.9£0.3 27.8+0.3 37.9+0.3 - - - -

MTT [2] 46.2+0.8 65.4+0.7 71.620.2 | 24.3+0.3 39.7+04 47.7+0.2 | 8.8+0.3 23.2+0.2 - -
TESLA [6] 48.5+0.8 66.4+0.8 72.6+0.7 | 24.840.4 41.7+0.3 47.9+0.3 - - 7.7+£1.0  17.8+0.5
DATM [12] 46.9+0.5 66.8+0.2 76.1+0.3 | 27.9+0.2 47.2+0.4 55.0+0.2 | 17.1+0.3 31.1+0.3 - -
ATT [24]) 48.3x1.0 67.720.6 74.5+0.9 | 26.1+0.5 44.2+0.8 51.2+0.2 | 11.0+0.4 25.8+0.7 | 4.7x1.4 8.7x1.0
MCT [58] 48.5+0.2 66.0£0.3 72.3+0.3 | 24.5+0.5 42.5+0.5 46.8+0.2 | 9.6+0.5 22.6+0.8 - -
NCFM [47] 49.5+0.3 71.840.3 77.4+0.3 | 34.4+0.5 48.7+0.3 54.7+0.2 | 18.2+0.5 26.8+0.6 - -

Inner-loop Optimization

BPTT [49] | 49.140.6 624204 70.5:04 |213+0.6 347+05 - - - 1107 23209
FRePO [59] | 45.6£0.1 63.520.1 70.7+0.1 | 26.3£0.1 4130.1 41.5+0.1 | 16.9£0.1 2240.1| - -
RCIG[26] |49.6£12 66.8+03 -  |355%07 - - |224203 - - -
RaT-BPTT [0] | 53.2#0.7 69.420.4 753203 | 353204 47.5:02 50.620.2 | 20.120.3 24.4x0.2| 52¢1.1 13.020.9
Teddy [53] |30.1£14 53.0:0.5 66.1:0.4 | 13.5204 334207 494205 - - - 341208

Ours 544206 72.4%0.3 78.7:0.2 | 36.9:0.5 49.0£0.6 55.9:0.1 | 24.3:0.4 32.7+0.5 | 14.70.7 30.6+0.3
Full dataset | 84.8 | 56.2 37.6 338

5.3 Computational Efficiency Comparison

To evaluate the computational efficiency of our approach, ——DATM

we compare the average GPU memory consumption and  g75 | Ral-BPTT

training time among three leading data distillation meth- 3

ods: DATM [12]], RaT-BPTT [9], and our proposed AT- £ 65 e
BPTT. All experiments are conducted on NVIDIA A800 g 55 A oamm | 98 106 132
GPUs with IPC setting of 1, 10, and 50. As demonstrated e
in Fig. ] AT-BPTT achieves superior computational 45 T ———————

efficiency while maintaining competitive performance, 1 10 50
delivering a 63% reduction in memory usage and a 3.9 x Image Per Class (IPC)

speedup compared to RaT-BPTT. These results under- Figure 4: Comparison of performance,
score the exceptional scalability and practical viability GPU memory usage, and speedup between
of our method for real-world deployment. the SOTA DD methods and our AT-BPTT.

5.4 Ablation Study

Component Combination Evaluation. In this section, we evaluate the individual and combined
contributions of three performance components: dynamic truncation position (DTP), adaptive window
size (AWS), and patch-wise semantic preservation (PSP). Ablation studies are conducted under the
IPC=10 setting across CIFAR-10/100 [16]], Tiny-ImageNet [ 18] and ImageNet-1K [32]]. Tab. E]shows
that the integrated application of DTP and AWS yields a combined optimization effect, resulting in a
2.8% accuracy improvement, which surpasses the sum of the individual contributions. This arises
from the complementary information processing mechanisms of DTP and AWS, which enhance
the model’s ability to capture key features of the original dataset. Regarding the PSP component,
Tab. 2] reveals that its accuracy improvement is marginal on CIFAR-10/100 yet it is substantial on two
datasets with higher resolution. When combined with DTP and AWS, it leads to remarkable gains of
8.3% and 17.6%. This is attributed to PSP’s ability to segment high-resolution images into smaller
patches, thereby fully leveraging AT-BPTT’s strengths across various resolutions.

Stage Transition Threshold Analysis. To achieve precise control over stage transitions during model
training, we study four critical hyperparameters: M (the accuracy variation threshold in the early
stage), X (the counter threshold for early stage), IV (the accuracy variation threshold in the middle
stage), and Y (the counter threshold for middle stage). Through experiments with the CIFAR-10 [[16]]



Table 2: Ablation study for the contribution of differ- Table 3: Ablation study for d corresponding
ent components in our framework. The improvements to window size. The improvements denoted
denoted by red numbers are with respect to baseline. by red numbers are with respect to baseline.
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Figure 5: Ablation study for the stage transition threshold. The left and right matrices reflect the
effect of X and M, and Y and N on the accuracy, respectively. Darker colored squares indicate
higher accuracy under the synergistic influence of horizontal and vertical coordinates.

under IPC=10, we identify that suboptimal parameter configurations induce two failure modes: the
plateaus in the initial training phase or too early transition to the final stage, both of which disrupt
the staged paradigm and cause substantial performance degradation. Fig.[5]demonstrates optimal
parameterization when X corresponds to 5% of total training epochs and Y to 4%, with M=1.5 and
N=1.0. This configuration achieves balanced stage duration distribution, stable convergence patterns,
and better AT-BPTT performance.

Window Size Analysis. The hyperparameter d in Section ff.2] governs the adjustment range of
the truncation window, demonstrating a trade-off between model performance and computational
efficiency. We conduct an ablation study on CIFAR-10 [16] with IPC=10 and quantitatively assess
the dual effects of varying d values. As Tab[3|shows, progressive increases in d simultaneously
enhance test accuracy and computational demands. Notably, compared to the baseline (d = 0),
d = 10 achieves a 1.88% accuracy improvement with modest resource increments, with only 0.6
hours additional training time and 0.8 GB GPU memory usage. However, when d > 10, the accuracy
gains diminish while the computational cost rises substantially. This mainly stems from the need
for longer timesteps and the corresponding exponential growth in the dimensionality of the Hessian
matrix as d increases. Based on a trade-off analysis between performance gains and computational
costs, we set the value of d to 10 and report the results obtained with this setting. More ablation
studies are provided in Appendix [C]

6 Conclusion

This paper proposes AT-BPTT, a novel dataset distillation framework that optimizes inner-loop
training through staged adaptation. Our analysis reveals that neural networks prioritize distinct
learning patterns across training stages, necessitating adaptive truncation mechanisms. AT-BPTT
resolves this by dynamically aligning truncation positions with gradient magnitude distributions,
adjusting window sizes based on gradient stability, and reducing computational cost by low-rank
Hessian approximation. The experiments across four benchmark datasets confirm that our method
significantly outperforms existing dataset distillation method, achieving superior accuracy with
efficient training. Furthermore, the formalization of gradient dynamics as a stage indicator provides a
theoretical foundation for future research in bilevel optimization. Future work will focus on extending
AT-BPTT to recurrent architectures and federated learning scenarios.
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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 clearly state the contributions of AT-BPTT,
including dynamic truncation positions, adaptive window sizing, low-rank Hessian approxi-
mation, and patch-wise semantic preservation.

Guidelines:

e 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: Appendix [E]discusses limitations: (1) computational overhead due to inner-
loop unrolling, and (2) reliance on simple CNN architectures. Future work directions address
these limitations.

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

Answer: [Yes]

Justification: Theoretical derivations for BPTT and meta-gradient computation are provided
in Appendix [A] Assumptions and proofs are included.

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.

. 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: Implementation details (data preprocessing, hyperparameters, architectures)
are described in Section [5|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.
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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?

Answer: [Yes]

Justification: Experiments use publicly available datasets (CIFAR-10, ImageNet-1K, etc.),
which are standard benchmarks.

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: Training protocols, hyperparameters, and dataset splits are detailed in Section[5]
and Tab.

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: Results in Tab. [I] report mean accuracy with standard deviations across 5
independent runs. Error bars in Tab. ] are explained as variations across experiments.

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.
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8.

10.

* 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.

* 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% CI, 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: GPU memory usage and training time are compared in Fig. @] Experiments
were conducted on NVIDIA A800 GPUs in Section

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?

[Yes]

Justification: Appendix [G]states compliance with NeurIPS ethics guidelines. No human
subjects, sensitive data, or fairness concerns are involved.

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: Appendix [H|discusses positive impacts (privacy-preserving ML) and potential
risks (misuse of generative models), with mitigation suggestions.

Guidelines:
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11.

12.

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

o 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
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: While societal risks are acknowledged, no specific safeguards are detailed for
the proposed framework.

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 cite and intro the creators of all baselines and dataset.
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.
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14.

15.

* 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?

Answer: [NA]
Justification: There is no new asset like datasets or platforms proposed in this work.
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: The work does not involve human subjects or crowdsourcing.
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

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: No human subjects research is conducted.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* 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.
16. Declaration of LLLM 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]
Justification: LLMs are not used in the methodology or experiments.
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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Algorithm 1: Automatic Truncated Backpropagation Through Time

Input: Training dataset D, model parameters 6, total training timesteps 7.
Params: Accuracy variation thresholds M, N, transition counters X, Y, temperature
parameter 7.
1 Initialize zero-initialized counters C7, Cs.
2 fort=1,2,....,T do
Segment images through patch-wise semantic preservation.
Compute accuracy variation AA; = A, — A 4.
Update counters: C; «— C1 + 1(AA; < M), Cy <+ Cy +1(AA; < N).
if 7 > X then
| Switch to Middle Stage.

if 5 > Y then
9 | Switch to Late Stage.

10 Compute gradient magnitude ||VoLy||2.

11 Computes probability Py (t).

12 Adjust window size W*(t) computed with d.

13 Compute G argprr through low-rank Hessian approximation.
14 Compute inner-loop loss L£(67(S).

15 Update model: 0;,1 < 0; — aVL,.

16 Compute outer-loop loss L., on validation set.

17 Compute meta-gradient V s Lyeqa-

18 Update distilled dataset: S + S — o’ Vs Leta-

Oiltput: Distilled dataset S.

N AW

=)

A The Mathematical Derivation for Equation.2 in Main Text

We minimize the test loss £(07(S), D), where 07(S)is the model parameter obtained through inner

optimization on the synthetic dataset S. Update parameters via gradient descent:
6t+1 = 915 — OLVQE(at, 8),

7)

for T steps, resulting in 7 (S). The goal of BPTT is to compute the gradient of the outer loss with
respect to S, i.e., the meta- gradlent . We express 7 as the result of 7" updates from the initial

parameters 6 :
T—1

Or =00 — Y VoL(0:(S),S).

t=0

The meta-gradient is decomposed into:

oc_ o o6
oS 9bp oS
—

Outer gradient Inner gradient propagation

We then expand the parameter update process recursively:

s 0, [2 N )
s oS [8‘8%5(9“8)} =55~ |VeL(0r,S) - 5o+ VeVsL (O, S)
— Y

. Mixed derivative term
Hessian term

We expand the recursion into an explicit summation:

or WY I [1 82£<9j<8>,8>],a%(et(S),S),

062 000S
t=0 j=t+1

The final BPTT Meta-Gradient is formulated as:

T 1 T-1
Guprr = —a2EUTORPI N~ T { 0j<8),5)}_025<ot<s>,3)_

89T 062 000S

t=0 j=t+1
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B More Implementation details

To validate the effectiveness of our method while ensuring experimental rigor, we employ a controlled
variable approach in designing the experimental protocol. The critical experimental parameters and
configurations are rigorously aligned with those of RaT-BPTT [9]], specifically encompassing essential
aspects including data preprocessing procedures, model convergence acceleration mechanisms,
gradient explosion mitigation strategies, and label processing methodologies. Each reported result is
the average of 5 experiments..

Data Preprocessing. In the experimental setup, all datasets were subjected to a unified geometric
augmentation strategy comprising random rotation and horizontal flipping operations. The augmented
data subsequently underwent ZCA whitening processing with a regularization coefficient A = 0.1.
For synthetic data preprocessing, the initial data generation was performed through a Gaussian
distribution-based random initialization method, followed by normalization operations to ensure
numerical distribution consistency.

Model Convergence Acceleration Mechanisms. During the distillation stage, three acceleration
strategies are implemented to enhance optimization efficiency: (1) An Exponential Moving Average
(EMA) technique is adopted to accelerate model convergence while improving stability and general-
ization capabilities; (2) The Higher framework is employed for efficient meta-gradient computation;
(3) An Adam optimizer with learning rate o« = 0.001 is utilized for precise inner-loop updates.

Gradient Explosion Mitigation and Label Processing. To address the issue of gradient explosion,
our methodology incorporates a meta gradient clipping strategy while ensuring gradient stability
through sufficiently large batch sizes for each dataset. Consistent with the experimental configuration
of RaT-BPTT, our approach maintains architectural coherence by employing raw positive real-value
representations rather than implementing normalization on label probability distributions.

Hyperparameter Settings. In the experiments, several hyperparameters require tuning, as they
directly influence the distillation performance of the method. Accordingly, we detail the hyperparam-
eter settings used for performance evaluation in the main text as presented in the Tab.[4] Specifically,
window denotes the initial window size, totwindow represents the total number of unrolled time steps,
d controls the range of the truncation window size, lr indicates the learning rate, architecture refers
to the adopted network architecture, batch size determines the number of training samples used in a
single parameter update, and epoch specifies the number of iterations.

Table 4: Description of Hyperparameters in Experiments.

Dataset | CIFAR-10 | CIFAR-100 | Tiny-ImageNet | ImageNet-1K

window 40 60 100 120
totwindow 200 200 300 400
d 10 20 40 50
Ir 0.001 0.001 0.0003 0.0001
architecture ConvNet3 ConvNet3 ConvNet4 ConvNet5
batch size 1000 1000 500 250
epoch 600 600 1000 1000

C More Experimental Results

C.1 Hypothesis Verification on Tiny-ImageNet

We conduct similar verification experiments on Tiny-ImageNet [18]. As shown in Fig.[6] the Tiny-
ImageNet exhibits three-stage characteristics consistent with CIFAR-10: (1) During the early stage,
models preferencely select preliminary truncation positions with larger window sizes; (2) middle
stage demonstrates limited performance sensitivity to variations in both truncation positions and
window sizes; (3) In the late stage, models shift preference towards post truncation positions while
window size adjustments show diminishing impact. This cross-dataset consistency substantiates
the generalizability of our findings and confirms the effectiveness of the AT-BPTT across diverse
datasets.

22



— = W
S » S G 3

Accuracy (%)

- =
S

S »

Accuracy (%)

—=— Early-Preliminary —— Middle-Preliminary

—=— Middle-Post

o v

{ —— Late-Preliminary

o v

1 —— Early-Post

Late-Post

0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
Epoch Epoch Epoch
b

@ | © [
Early Stage Middle Stage Late Stage

Truncation Position

bl
g
freg
=3
I

25

—— Early-Smaller —— Middle-Smaller
—=— Middle-Original

—=— Middle-Larger

—— Late-Smaller

Window Size
Accuracy (%)
Accuracy (%)
Accuracy (%)

—=— Early-Original —=— Late-Original

—=— Early-Larger

—=— Late-Larger

0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
Epoch Epoch Epoch

(@ @) ®
Figure 6: Hypothesis verification for the truncation strategies and window size on Tiny-ImageNet
[L8]. (a)(b)(c) show experiments where the preliminary or post truncation positions are implemented
at early, middle and late stages, respectively, and (d)(e)(f) present experiments where the window
size is changed after fixing the truncation position. For example, Early-Preliminary in (a) means that
randomly select preliminary phase (0-100) timesteps in early training stage (0-200 epochs).

Table 5: Computational efficiency and performance comparison with low-rank Hessian approximation
(LRHA) on CIFAR-10 when IPC=10.

Method GPU Memory (GB) Training Time (h) Accuracy (%) Memory Saving Speedup
RaT-BPTT [9] 18.9 21.6 69.4 - 1.0x
AT-BPTT (w/o LRHA) 15.3 18.4 72.7 19.0% 1.17x
AT-BPTT (w/ LRHA) 6.94 5.5 72.4 63.3% 3.9x%

C.2 Impact of Low-Rank Hessian Approximation

To rigorously evaluate the impact of our low-rank Hessian approximation (LRHA) mechanism, we
conduct controlled experiments comparing three configurations on CIFAR-10 with IPC=10: (1)
Baseline RaT-BPTT with full Hessian computation, (2) AT-BPTT without LRHA, and (3) Full AT-
BPTT with LRHA enabled. All experiments are performed on NVIDIA A800 GPUs with identical
hyperparameters and ConvNet-3 architecture. The results in Tab. [5|demonstrate that LRHA provides
substantial computational benefits while preserving model performance.

C.3 Generalization Experiments on Wide Networks

Previous studies [59,26] have sought to narrow the discrepancy between proxy training environments
and real training scenarios by adopting wider network architectures. Notably, the RaT-BPTT [9]
method similarly employs a paradigm of training on narrow networks while evaluating on wide
networks (4 times wider ConvNet). This study systematically evaluates the performance of AT-
BPTT under wide network architectures through experiments. Experimental results as shown in
TabJ6| demonstrate that AT-BPTT maintains its comprehensive leading advantage over RaT-BPTT
in wide network configurations, outperforming RaT-BPTT by an average of 3.4%. Compared with
narrow network configurations, AT-BPTT achieves measurable performance improvements in wide
architectures. This outcome successfully validates prior hypotheses and directly stems from AT-
BPTT’s phased training strategy with dynamically adjusted windows, confirming the effectiveness of
its adaptive mechanism.

C.4 Cross-architecture Performance Evaluation

Under the IPC=10 and IPC=50 configurations on CIFAR-10 [16]], we conduct cross-architecture
evaluations of the distilled dataset obtained through distillation. The comprehensive evaluation
spans four distinct architectures: ConvNet [[11], VGGI11 [36]], AlexNet [17], and ResNet18 [13],
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Table 6: Comparison with the baseline dataset distillation methods on wide networks. The improve-
ments denoted by red numbers are with respect to our baseline RaT-BPTT". Each reported result is
the average of 5 experiments.

Dataset | CIFAR-10
Img/class(IPC) | 1 10 50

KIP* 311 49.940.2 62.7+0.3 68.6+0.2
RFAD* [125] 53.6+1.2 66.3+0.5 71.1x0.4
FRePO* [59] |46.840.7 65.5+0.6 71.7+0.2
RCIG* [26] 53.9+1.0 69.1+0.4 73.5+0.3
RaT-BPTT* [O] | 54.1£0.4 71.0+0.2 75.4+0.2
Ours* 55.6+0.3 71.8+0.2 78.7+0.2

A% | +15 +0.8 +3.3

CIFAR-100 | Tiny-ImageNet | AVG
1 10 50 |1 10|

15.7+0.2  28.3%0.1 - - - -
26.3+1.1 33.0+0.3 - - - -
28.74#0.1 42.5+0.2 44.3£0.2 | 15.4+0.3 25.4+0.2 | 425
39.3+0.4 44.1+0.4 46.7£0.1 | 25.6+0.5 29.4+0.9 | 47.7
36.5+¢1.0 47.9+0.2 51.0+0.6 | 20.3+0.9 24.9+1.3 | 47.6
37.240.5 49.9+0.7 54.7+0.2 | 26.8+0.8 33.4+0.6 | 51.0

+0.7 +2.0 +37 | 465 +8.5 | +34

accompanied by systematic comparisons with prevailing methods. As demonstrated in Tab[7] AT-
BPTT consistently outperforms all baseline methods across four tested architectures, establishing
new SOTA benchmarks. These findings not only validate AT-BPTT’s remarkable cross-architecture
transfer capability but also provide compelling evidence for its superior generalization properties.

Table 7: Comparison with baselines across different architectures. Under the settings of IPC=10 and
IPC=50 on CIFAR-10 [16], the distilled datasets are evaluated for performance on ConvNet, VGGI11,
AlexNet, and ResNet18. The best results are highlighted in bold.

Architecture | ConvNet | VGGl | AlexNet | ResNetl8

Img/classPC) | 10 50 | 10 50 | 10 50 | 10 50

KIP [31] 476 - | 421 - | 244 - | 368 -

DSA [55] 52.1 - 43.2 - 35.9 — 42.8 —
MTT [2] 64.3 71.6 50.3 554 342 482 | 464 619
FTD [8] 66.1 73.8 47.0 58.4 35.9 53.8 53.2 65.7
ATT [24] 67.7 745 542  61.7 43.6  60.0 54.5 66.3
NCFM [47] 71.8 77.4 68.0 75.5 67.9 75.5 67.7 73.8
Ours 723 789 689 77.1 68.5 763 69.3 75.6

C.5 High IPC Evaluation

We conduct performance comparisons between AT-BPTT and other dataset distillation methods under
high IPC settings across various datasets, including CIFAR-10, CIFAR-100, and Tiny-ImageNet.
Consistent with the experimental setups of other methods for high IPC, we select ResNet-18 as the
evaluation network. To maintain a consistent compression ratio across datasets of different scales, we
adjust the IPC settings accordingly and choose DSA [57], DM [56], MTT [2]], SRe?L [51]], DATM
[12], SelMatch [[19], CDA [50]], CUDD 28], and CCFS [4] as baselines. The results shown in
the Tab. [§]indicate that a significant portion of distillation methods gradually lose effectiveness as
IPC increases, with performance occasionally inferior to random selection. By employing distinct
distillation strategies for different stages and directly capturing model training dynamics in the inner
loop, AT-BPTT effectively captures and retains deeper feature information. Consequently, even
under high IPC settings, AT-BPTT outperforms other distillation methods, achieving state-of-the-art
distillation performance. Notably, for Tiny-ImageNet at IPC=100, AT-BPTT attains a test accuracy of
60.7%, closely approaching the 60.9% test accuracy of the full dataset, achieving lossless distillation.

C.6 Comparison with Diffusion Model-Based Methods

In addition to optimization methods based on the inner- and outer-loop, generative model-based
methods have been developed for synthesizing compact datasets. These methods leverage Generative
Adversarial Networks (GANSs) or diffusion models to produce high-quality synthetic data, gaining
significant popularity and advancements in recent years. We select two leading diffusion model-based
methods, D*M [37] and D?M [33]], as baselines and evaluate the distillation performance of AT-BPTT
under identical experimental settings. As shown in Tab.[9] AT-BPTT maintains a leading position
in distillation performance, achieving a average of 6.7% performance improvement across various
datasets.
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Table 8: Comparison with various baseline methods under high IPC settings using CIFAR-10/100 and
Tiny-ImageNet, evaluated with the ResNet-18 network architecture, with bolded values indicating
the highest test accuracy. Entries marked with “-” missing due to scalability Issues.

Dataset | CIFAR-10 | CIFAR-100 | Tiny-ImageNet
Img/classIPC) | 250 500 1000 1500 | 25 50 100 150 | 50 100
Ratio 5% 10% 20% 30% | 5% 10% 20% 30% | 10%  20%
Random [57] | 73.4 793 856 883 | 358 407 532 603 | 30.1  40.1
DSA [57] 747 787 848 - | 384 436 - - 278 -
DM [56] 753 791 856 - | 375 426 @ - - ] 310 -
MTT [2] 807 822 861 886 | 499 513 587 63.1 | 403 442
SRe2L[57] | 775 851 868 87.8 | 497 514 588 619 | 41.1 497
DATM [12] - 848 876 - - 510 615 - | 422 -
SelMatch [19] | 82.8 859 904 913 | 509 545 624 674 | 447 504
CDA [30] 78.0 844 864 875 | 506 597 611 634 | 456 524
CuDD [28] - - - - | 635 657 - - | 556 568
CCFS [4] 879 925 932 938 | 653 715 730 748 | 558 602
Ours 894 933 949 953 | 661 729 758 765 | 57.3  60.7
Full dataset | 95.5 \ 78.8 \ 60.9

Table 9: Comparison with decoupled optimization-based distillation methods using CIFAR-10/100
and Tiny-ImageNet datasets, with bolded values indicating the highest test accuracy.

Dataset |  CIFAR-10 |  CIFAR-100 | Tiny-ImageNet
Img/classPC) | 1 10 50 | 1 10 50 | 1 10 50
DM [37) - 562 728 | - 450 488 - - 468
DM [33] 502 678 744|298 466 512 | 167 261 301
Ours 544 724 787 | 369 490 559 | 243 327 487

C.7 Comparison with Baseline on Other Datasets

To further demonstrate the effectiveness of AT-BPTT on high-resolution dataset, we conduct experi-
ments on ImageNet subsets [[14], including ImageNette, ImageWoof, ImageMeow, and ImageFruit.
The experiments compare AT-BPTT with baseline methods, including Random MTT [2], RDED [39],
FTD [8], DATM [12], EDF [43], and NCFM [47]]. As presented in the Tab.[I0} AT-BPTT consistently
achieves the highest accuracy across all datasets and IPC settings, for example, attaining 79.1% on
ImageNet (IPC=10) and 47.6% on ImageFruit (IPC=1). These results significantly outperform leading
methods, demonstrating that AT-BPTT exhibits superior generalization and performance stability
across diverse datasets and data scales. This advantage is particularly pronounced in data-constrained
scenarios (IPC=1), underscoring its efficacy in image classification tasks.

Table 10: Comparison with baseline methods using ImageNette, ImageWoof, ImageMeow, and
ImageFruit dataset [[14]], with bolded values indicating the highest test accuracy.

Dataset ‘ ImageNette ‘ ImageWoof ‘ ImageMeow ‘ ImageFruit
Img/class(IPC) | 1 10 | 1 10 | 1 10 | 1 10
Randon [57] 235 477 | 142 270 | 138 290 | 132 214
MTT [2] 4777 63.0 | 286 358 | 30.7 404 | 266 403
RDED [39] 338 632 | 185 406 - - - -
FTD [8] 522 67.7 | 30.1 38.8 | 33.8 433 | 29.1 449
DATM [12] 525 689 | 304 405 | 340 489 | 309 455
EDF [43] 526 710 | 30.8 41.8 | 345 526 | 32.8 462
NCFM [47] 534 776 | 272 484 | 346 582 | 292 448
Ours 555 791 | 318 498 | 36.0 60.8 | 341 47.6

C.8 Experiments on Language Tasks

To assess AT-BPTT’s generalization capability for language tasks, we evaluate our method on
three standard text classification benchmarks: SST-2 [42], MNLI-m [42], and AGNews [54]. As
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demonstrated in Table[TT| AT-BPTT achieves consistent improvements over existing textual dataset
distillation approaches, with an average accuracy gain of 3.2% across all evaluated datasets. The
results demonstrate that our method is also effective on non-visual datasets.

Table 11: Comparison with the SOTA textual dataset distillation methods on BERT [7] across SST-2
[42], MNLI-m [42], and AGNews [54].

Dataset | SST-2[42] | MNLI-m[42] | AGNews([54]
Img/class(IPC) | 1 10 50 | 1 10 50 | 1 10 50
DDAL [29] 645 697 735 | 341 388 415 | 261 289 342
DilM[30] | 725 763 803 | 397 448 487 | 278 309 365
DaLLME [40] | 723 775 809 | 427 472 514 | 276 308 366
Ours 732 794 824 | 449 481 532 | 288 311 393
Full dataset | 92.7 | 86.7 94.6

D Difficulty Sample Conjecture

Our theoretical analysis reveals the learning characteristics of deep neural networks (DNN) [[1]:
during the initial training stage, the networks tend to rapidly capture easily identifiable simple patterns
in data, while progressively shifting their focus to more complex and fine-grained feature repre-
sentations as training advances. This discovery aligns theoretically with the data difficulty scoring
mechanism proposed in PAD [23]] based on the trajectories matching framework [2]]. Specifically,
the PAD innovatively introduces a difficulty scoring function that effectively quantifies the learning
complexity of data samples for DNNs, thereby establishing a dynamic curriculum learning mech-
anism. Through intelligent scheduling strategies, this mechanism gradually introduces samples of
increasing difficulty during expert trajectory training, demonstrating inherent consistency with the
phased training paradigm of the AT-BPTT algorithm.

Building upon these theoretical connections, we propose the following hypothetical improvement:
systematically ordering the original dataset through the difficulty scoring function and combining it
with a phased progressive training strategy to construct a stepwise learning path from low-difficulty
to high-difficulty samples. We suggest focusing on low-scoring samples during the initial training
stage and progressively incorporating high-scoring complex samples as model capability improves.
This structured knowledge progression mechanism is expected to establish a more refined model
learning paradigm, thereby enhancing overall training effectiveness. The development of a more
sophisticated and refined data preprocessing framework presents a promising direction for further
investigation, which constitutes one of our key research priorities in future studies.

E Discussion

Although we evaluate AT-BPTT in the context of dataset distillation, the proposed algorithm is
generally applicable to a broad range of bilevel optimization problems that involve unrolled gradient-
based inner loops. In particular, AT-BPTT can serve as a drop-in replacement for standard or
truncated BPTT in applications such as meta-learning, logical reasoning [27], tool learning [46],
agent [45]], differentiable neural architecture search (NAS), and personalized federated learning.
These applications often rely on fixed-length unrolling or heuristic truncation strategies, which can
be suboptimal or inefficient. In contrast, AT-BPTT adaptively adjusts both the truncation points and
the weighting of intermediate gradients based on the optimization landscape, potentially leading to
improved stability, reduced memory and compute costs, and better overall performance. We believe
AT-BPTT offers a principled and generalizable framework for efficient bilevel optimization, and we
leave its integration into these broader domains as promising directions for future work.

AT-BPTT also has some drawbacks that need to be addressed. First, this inner-loop optimization
inevitably involves unfolding the learning trajectory during training. Although we have simplified
the computation of the Hessian matrix product using a low-rank Hessian approximation method, the
computational cost remains significant, leading to higher time complexity compared to NCFM [47].
Second, our base network is still limited to relatively simple models like CNNs, results in practical
limitations. Therefore, our future work will focus on improving the computational efficiency of
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the algorithm or combining the inner- and outer-loop optimization to reduce the unfolding of the
learning trajectory, and exploring the implementation of our algorithm on larger-scale models, such
as diffusion models and transformers.

F Visualizations of Distilled Dataset

In this section, we present visualizations of the distilled datasets obtained from various datasets. The
IPC of the presented datasets is uniformly set to 10, with Fig.[7]and Fig.[§]illustrating the visualization
results on CIFAR-10 and CIFAR-100, respectively. For CIFAR-100, we display a subset of the
content to ensure clarity in visualization.

| i
Figure 7: Visualization results of our proposed method for CIFAR-10 [16] with IPC=10.

G Ethical Statement

This research proposes a general optimization algorithm for bilevel problems that improves the
efficiency and adaptability of truncated backpropagation through time. The work was conducted
with integrity, transparency, and academic rigor. No human subjects, sensitive data, or personally
identifiable information were involved. The method does not raise concerns regarding fairness, bias,
or misuse in its current form. We have also ensured reproducibility by providing full methodological
details and plan to release code under an open-source license upon publication.
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Figure 8: Visualization results of our proposed method for CIFAR-100 [16] with IPC=10.

H Broader Impacts

This paper introduces an adaptive and efficient method for truncated gradient backpropagation in
bilevel optimization, which has the potential to significantly reduce computational costs in a range of
machine learning applications, including meta-learning, federated learning, neural architecture search,
and dataset distillation. The positive societal impact includes making advanced machine learning
more accessible and sustainable by lowering the hardware and energy requirements of training large
models. This aligns with ongoing efforts in the community to improve the environmental footprint of
ML research.
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