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In order to solve the endogenous contradiction between the data scale dividend
and the diminishing marginal effect of computing power in large-scale deep learning, this
paper proposes a collaborative learning framework for large-scale Dataset distillation and
Filtering (DF-CoLearn). By constructing a dynamic feedback closed loop based on bi-level
optimization and mutual information maximization, the Pareto optimality between training
efficiency and model generalization ability is realized, which provides a new theoretical
perspective and technical path for green and efficient Al model training.

Dataset distillation, Data filtering, Collaborative learning, Bilevel optimization,
Mutual information maximization

In the journey of artificial intelligence towards universal cognition, deep learning models are
undergoing a profound transition from quantitative change to qualitative change. For a long time, the
academic community firmly believes in the "law of scale", and believes that the expansion of the
parameter scale means the improvement of the intelligence level [1-3].

However, as the model volume exceeds the trilla-level parameter threshold, this extensive growth
model relying on computing power accumulation is facing the severe challenge of diminishing
marginal effect [4]. In order to alleviate the above sharp contradictions, researchers have carried out
arduous exploration on the core proposition of "data reduction". However, as shown in Figure 1,
examining the existing results, although both have their own advantages, they are both trapped by
their own endogenous defects, and it is difficult to independently undertake the task of large-scale
and efficient training.
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Figure 1. Insufficient existing research

The core set selection is essentially a subtraction strategy based on discrete sampling. However, it
often fails due to the loss of fine-grained features [5,6]. Compared with direct filtering, data
distillation is an additive strategy based on generative adversarial. Unfortunately, this generative
paradigm often falls into the computational quack of bileval optimization when facing large-scale
datasets, which largely offsets the efficiency dividend brought by data compression [7].

To sum up, most of the existing studies regard the two as either/or alternatives, and few scholars
try to build a collaborative mechanism that can integrate the advantages of the two and complement
their shortcomings. Based on the above pain points, this study proposes a DF-CoLearn framework.
The framework aims to break the limitation of traditional single strategy and establish a dynamic
interactive and spiral-ascending optimization closed loop. By introducing the mutual information
maximization theory, the objective function of cooperative optimization is constructed, and the
necessity of cooperative mechanism over single strategy is clarified from the mathematical
principle, which lays a solid theoretical foundation for data efficiency research. Through detailed
comparative experiments, it is strongly confirmed that the framework can maintain the excellent
generalization performance of the model with very low data retention rate.

2. Methodology
In this paper, large-scale data set processing is formalized as a constrained bi-level optimization

problem [8], as shown in FIG. 2, and then a gradient-based dynamic interactive algorithm is derived
from the perspective of information theory [9]. Let the original large-scale dataset be:

7 = {(zi,y:)}] @)

Where = € 2 C R?, y € % . Our goal is to generate a minimal synthetic dataset:

S ={(s )} @)

Where || < |Z]| , so that the model . trained on 6y can achieve the minimum
generalization error on the real data distribution. However, direct distillation from the full &
computationally too expensive and susceptible to noise interference. Therefore, we introduce a
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learnable filter mask vector m € [0,1]7! | which is used to define the filtered subset distribution
P 7 (m) . We define the overall objective function of DF-CoLearn as follows.

WinE e )1 [Z (fy(zm (@),9)] =2 (5 7)

—_—— 3)
Task Performance Information Synergy

st. 0 (F,m) = argmeinjf e (<,0) —{—y‘m

1

Among them, the first term aims to minimize the validation loss and ensure the generalization
performance. The second term I (.%;.7) is the mutual information regularization term, which

aims to maximize the information overlap between synthetic data and screening data, forcing m to
select samples that can most effectively support the generation of.%” [10].
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Figure 1: DF-CoLearn Framework Architecture — Iterative Closed-Loop Process for Robust Al Training

Figure 2. Overall architecture diagram of DF-CoLearn

To solve this problem, we define the "hard coefficient" th)

Not only the prediction error is considered, but also the rate of change of gradient norm is
introduced to capture the contribution of samples to the decision boundary:

of the sample (z;,y;) at iteration t.

Kz(t) =a-Z (fet (mi)ayi) +(1-0)- ‘Veg (fet (mi)ayi)

) 4)

Based on this, an adaptive truncation function @ (-) is constructed to generate the soft mask. The

goal of the distillation module is to generate a synthetic dataset % . As shown in Figure 3, the
traditional gradient matching loss function is modified to a weighted form:
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Figure 3. Schematic diagram of the microscopic mechanism of gradient cooperation

To solve the inclusion joint optimization problem, we design an alternating update strategy based
on gradients. Randomly initialize the set () | and initialize the mask m(®) = 1 . Fix the mask m
and update the synthesized image using stochastic gradient descent as follows.

S PO gV, (yU,m(k)) 6)

The temporary model .#(+1) is trained using the current Bjy . Fix the synthetic set . and

calculate the loss feedback of the original data under 9;; . Update the mask with the idea of meta-
gradient [11] to reward the original samples whose gradient direction is the same as that of the
validation set:

m(k+1) - m(k) eV, & (9* (5/’ m), T ) (7)

The termination condition is to reach a preset number of iterations or performance convergence.
3. Experiments

In order to verify the generalization robustness of the algorithm under different semantic complexity,
CIFAR-10/100 and ImageNet-1K are selected as benchmark datasets [12]. The comparison methods
include: Herding [13]; Data distillation (Dataset Condensation, DSA, Matching Training
Trajectories, TESLA) [14-16].

The experiments were conducted on NVIDIA A100 cluster, using standard ConvNet and ResNet-
AP architectures. The evaluation metric is anchored as Top-1 test set accuracy (%) versus relative
training speedup.

Table 1 shows the results of the lateral comparison under different Settings of the number of
images per class. In the extreme compression scenario with IPC=1, DF-CoLearn achieves a 3.6%
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improvement over the second-best model TESLA. The advantages are further amplified in the
CIFAR-100 high-dimensional classification task. Under the ResNet-18 architecture, the proposed
method achieves an accuracy of 28.4% when [PC=10, which confirms the excellent performance of
the framework in dealing with large-scale heterogeneous data in the real world.

Table 1. Comparative analysis of top-1 accuracy (%)

Method Type  CIFAR-10 (IPC=1)  CIFAR-10 (IPC=10) = CIFAR-10 (IPC=50)  CIFAR-100 (IPC=1)  CIFAR-100 (IPC=10)
Random Subset 144+1.2 26.0+1.1 434+1.0 42403 14.6+£0.5
Herding Coreset 21.5+1.0 31.6+0.8 55.8+0.7 84+0.4 17.3+0.6
DC + DSA Distill 283+0.5 52.1+£0.4 60.6 +0.5 12.7+0.3 32.1+04
MTT Distill 46.3+0.8 653+£0.7 71.6 £0.6 243+0.6 40.1+0.5
TESLA Distill 48.5+0.6 66.4+0.5 72.8+0.5 24.8+0.5 41.7+04
DF-CoLearn  Ours 52.1+04 69.8+0.3 754+0.3 27.6+04 452+023

Improvement - +3.6% +3.4% +2.6% +2.8% +3.5%

The results of the step-by-step peeling experiments are shown in Table II. Pipelining only
"filtering-then distillation" is better than pure distillation, but still worse than DF-CoLearn. This
shows that the gradient information of the synthetic data successfully calibrates the discriminative
threshold of the filter, allowing the model to dynamically mine those "hard examples" that are
critical to the decision boundary. Compared to distillation alone, the full framework improves by
4.5%. This increment does not come from the increase in the amount of data, but purely from the
information purification effect brought by mutual information maximization.

Table 2. Ablation studies of component contributions

Configuration Filtering (m) Distillation (S) Synergy Loop Accuracy (%) Remark
Baseline A X x x 26.0 Random Selection
Baseline B Y x x 342 Filtering Only (Limited by discrete nature)
Baseline C \/ X 65.3 Distillation Only (Suffers from noise)
Variant D v v 67.1 Pipeline (Filter then Distill, no feedback)
DF-CoLearn \ v N 69.8 Full Collaborative Loop

4. Conclusion

By reconstructing the underlying logic of data reduction, this study confirms that "distillation" and
"filtering" are not zero-sum games at the level of information theory, but have deep complementary
coupling. The successful construction of the DF-CoLearn framework not only solves the problem of
feature collapse in large-scale data synthesis at the technical level, but also illustrates the necessity
of improving the information density of data through "dynamic collaborative feedback" at the
theoretical level. The empirical data show that the proposed method effectively maintains the
decision boundary robustness of the model in complex semantic scenes while greatly reducing the
training cost, and completes the paradigm transformation from "violent data stacking" to "high-
quality data intelligence".

Future work will focus on the transfer and adaptation of this collaborative paradigm in the pre-
training stage of multimodal large model, and further explore the theoretical explanation framework
based on neural tangent kernel, in order to define the physical boundary of data efficiency in a
broader dimension.
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