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Abstract

In this paper, we present UniADS, the first Universal
Architecture-Distiller Search framework for co-optimizing stu-
dent architecture and distillation policies. Teacher-student dis-
tillation gap limits the distillation gains. Previous approaches
seek to discover the ideal student architecture while ignoring
distillation settings. In UniADS, we construct a comprehensive
search space encompassing an architectural search for student
models, knowledge transformations in distillation strategies,
distance functions, loss weights, and other vital settings. To
efficiently explore the search space, we utilize the NSGA-II
genetic algorithm for better crossover and mutation configura-
tions and employ the Successive Halving algorithm for search
space pruning, resulting in improved search efficiency and
promising results. Extensive experiments are performed on
different teacher-student pairs using CIFAR-100 and ImageNet
datasets. The experimental results consistently demonstrate
the superiority of our method over existing approaches. Fur-
thermore, we provide a detailed analysis of the search results,
examining the impact of each variable and extracting valu-
able insights and practical guidance for distillation design and
implementation.

Introduction

Knowledge distillation (KD) methods (Hinton, Vinyals, and
Dean 2015; Romero et al. 2015) have emerged as powerful
techniques for model compression and transfer learning in
the field of deep learning. These methods aim to transfer
knowledge from a large, well-performing model, known as
the teacher model, to a smaller, more compact model, referred
to as the student model. By distilling the knowledge from the
teacher model, these methods offer a pathway to achieve high
accuracy while reducing the computational complexity and
memory requirements of deep neural networks, making them
more suitable for resource-constrained environments. Despite
the progress made in KD designs, the distillation gap (Huang
et al. 2022; Mirzadeh et al. 2020) between teacher and stu-
dent models limits the improvement. While KDs have shown
promise in transferring knowledge from large teacher models
to smaller student models, the effectiveness of this process is
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Figure 1: Brief overview of our UniADS. UniADS co-search
student architecture in depth & width and distillation settings,
including transform, distance, and loss weights to alleviate
distillation gaps.

hindered by the inherent disparity between the two models.
Larger and more accurate teacher models often exhibit over-
confidence and struggle to improve the performance of the
student models effectively (Zhou et al. 2021). This distilla-
tion gap poses a challenge in achieving optimal knowledge
transfer and limits the overall performance gains.

To address this issue, existing methods have explored alter-
native approaches, such as assistant models (Mirzadeh et al.
2020) and distillation-aware architecture search (Liu et al.
2020). Assistant models attempt to bridge the gap by intro-
ducing an additional model into the distillation process. This
model acts as an intermediary between the teacher and stu-
dent models, helping to facilitate knowledge transfer. How-
ever, the use of assistant models often requires additional
training budgets and can result in increased computational
costs. Another approach to mitigate the distillation gap is
architecture search, which focuses on discovering optimal
student architectures specifically for knowledge distillation.
These methods aim to improve the knowledge transfer pro-
cess and reduce the disparity between teacher and student
models by searching for architectures that are well-suited
for distillation. These approaches often use strategies like
reinforcement learning, evolutionary algorithms, or Bayesian
optimization to search for architectures that maximize the
performance of the student model under the distillation frame-
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work. However, existing student architecture searches often
solely focus on the architectural dimension of the search and
overlook the impact of distiller settings. Distiller settings re-
fer to the specific choices made in the process of distillation,
such as knowledge transformations, distance functions, loss
weights, and other important settings that govern the knowl-
edge transfer process. Distiller settings play a crucial role in
shaping the interaction between the teacher and student mod-
els during the distillation process. The choice of knowledge
transformations, such as attention transfer or feature mim-
icking, can significantly impact the transfer of knowledge
from the teacher to the student. Similarly, the selection of an
appropriate distance function and loss weights can influence
the alignment between the teacher and student predictions,
ensuring that the student model captures the essential infor-
mation from the teacher model. By disregarding the effects
of distiller settings, architecture search methods may produce
architectures that are not fully compatible with the distillation
strategies. This mismatch can result in inefficient knowledge
transfer, inadequate teacher knowledge utilization, and, ulti-
mately, sub-optimal distillation performance.

To address the challenges mentioned, we introduce Uni-
ADS, an innovative automated search framework specifically
designed to tackle the joint optimization of architectural di-
mensions and distiller settings in the knowledge distillation
process. UniADS offers a comprehensive and efficient ap-
proach by exploring the design space, encompassing various
architectural choices, knowledge transformations, distance
functions, loss weights, and other crucial settings. In UniADS,
the search algorithm is vital in discovering optimal combi-
nations of architectural dimensions and distiller settings. We
employ the NSGA-II multi-objective optimization algorithm
with accuracy-performance trade-offs as multiple conflicting
objectives. By considering the evaluation results of different
configurations, NSGA-II performs crossover and mutation
operations to generate new candidate solutions. This iterative
process aims to improve the overall performance of the stu-
dent model while maintaining a diverse set of high-quality
solutions. Furthermore, UniADS incorporates an accelera-
tion strategy known as the Successive Halving algorithm.
The Successive Halving algorithm is a progressive elimi-
nation strategy that efficiently prunes the search space by
iteratively discarding underperforming configurations. This
approach significantly reduces the computational burden and
speeds up the distiller search process. In fact, our acceler-
ation strategy achieves a remarkable 40-fold acceleration
during the distiller search, enabling faster exploration of the
design space and more efficient identification of promising
architectures and distiller settings. By incorporating distiller
settings into the search space, UniADS enables researchers
to explore a broader range of possibilities. This holistic ap-
proach ensures that the discovered architectures are not only
well-suited for distillation but also compatible with effective
distiller settings. UniADS aims to achieve improved distil-
lation results and a reduced gap between the teacher and
student models by jointly optimizing architectural dimen-
sions and distiller settings. This comprehensive optimization
process maximizes the utilization of the teacher’s knowledge.
It enhances the transfer of information to the student model,
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leading to compact and efficient student models that closely
match the performance of their larger teacher counterparts.

Our approach, UniADS, offers several key advantages over
traditional KD methods. It effectively reduces the teacher-
student gap by introducing a general distiller search space
and employing an adaptive evolutionary search technique.
UniADS is efficient, eliminating the need for laborious man-
ual tuning and increasing efficiency systematically. It also
provides valuable insights by analyzing advanced distillation
designs, offering practical guidance for implementation. In
summary, UniADS presents a new direction for automated
KD, enhancing effectiveness, improving efficiency, and facil-
itating future research in this field.

* To address the architecture and capability gaps between
teachers and students, we introduce UniADS, a pioneering
auto-search framework that evolves optimal distillers by
leveraging current knowledge. This framework starts from
fundamental concepts and rapidly incorporates advanced
insights to develop new distillation approaches.

* We construct a comprehensive distiller search space
that includes the architectural search for student mod-
els, knowledge transformations in distillation strategies,
distance functions, loss weights, and other essential set-
tings. Moreover, we utilize the NSGA-II genetic algorithm
to identify and combine optimal configurations and em-
ploy the Successive Halving algorithm for efficient search
space pruning.

* We conducted extensive experiments on the CIFAR-
100 and ImageNet datasets with various teacher-student
pairs. The experimental results consistently show that our
method surpasses traditional KD techniques. Specifically,
ResNet-18 enhanced with UniADS achieves a Top-1 ac-
curacy of 72.51% on ImageNet, which is an improvement
of 1.83% over conventional KD methods.

Related Work

Knowledge Distillation. Knowledge distillation (Hinton,
Vinyals, and Dean 2015) transfers knowledge from a com-
plex, large teacher model to a more efficient, smaller student
model, aiming to equip the student with comparable perfor-
mance. Attention-based techniques, such as AT (Zagoruyko
and Komodakis 2017), enhance the student model’s perfor-
mance by aligning attention maps, enabling a focus on perti-
nent input features. RKD (Park et al. 2019) further enriches
this process by leveraging the teacher’s relational hints, bol-
stering the student’s training. The ‘distillation gap’—the
performance disparity between teacher and student mod-
els—presents a persistent challenge. To narrow this gap,
strategies like employing assistant teachers (Mirzadeh et al.
2020), architecture search, and tailored KD designs, in-
cluding transformations (Huang et al. 2022), distance func-
tions (Shu et al. 2021), and weight adjustments (Liu et al.
2022), have been proposed. For instance, ATKD (Mirzadeh
et al. 2020) uses an intermediate student model as a bridge,
facilitating knowledge transfer to the final student model by
capturing a mid-level abstraction. In contrast, our UniADS
method innovates by automating the search for optimal distil-
lation strategies without necessitating additional architectural
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Table 1: Specific operations in UniADS.

changes or manual KD design efforts. UniADS transcends
the focus of meta-KD (Deng et al. 2022; Liu et al. 2022) meth-
ods, which mainly fine-tune hyperparameters amidst complex
optimization landscapes. It ventures into the uncharted ter-
ritory of distiller design, revolutionizing KD research and
practice. By simultaneously navigating hyperparameters and
distillation strategies, UniADS provides a holistic approach
to knowledge distillation, enhancing the efficiency and effec-
tiveness of knowledge transfer.

Distillation-aware architecture search. To address the gap
in teacher-student architectures, distillation-aware architec-
ture search (DAS) has emerged as an essential task. The
aim of DAS is to find an optimal student model architec-
ture that can effectively utilize the teacher model’s knowl-
edge (Wei et al. 2024; Hu et al. 2021; Dong et al. 2022;
Chen et al. 2022; Dong, Li, and Wei 2023; Dong et al. 2023;
Zimian Wei et al. 2024). One of the initial methods (Liu
et al. 2020) for DAS used a traditional reinforcement learn-
ing (RL) search techniques. This method used the KD loss
as a feedback signal to guide the search process. However, it
required significant computational resources and time due to
the RL-based search. To address these limitations, subsequent
work (Gu and Tresp 2020) introduced more efficient, gradient-
based methods for DAS. These new methods utilize gradient
information to refine and optimize the student model’s ar-
chitecture during the search. Despite their efficiency, these
gradient-based approaches can be challenging due to issues
like non-differentiability and the high dimensionality of the
search space. A recent innovation in this area is the Dis-
WOT (Dong, Li, and Wei 2023) framework. DisWOT is a
gradient-free DAS framework that reduces the computational
load by eliminating the need for repeated training iterations.
It uses a pre-trained teacher model and a dataset to inform
the search process without further training. However, many
existing DAS methods do not adequately consider the dis-
tiller settings, which include the strategies and configurations
that enable effective knowledge transfer from the teacher
to the student model. Overlooking these settings can lead
to suboptimal distillation results and maintain a significant
gap between the teacher and student models. In contrast, our
proposed framework extends beyond the conventional meth-
ods by including hyper-parameter search that encompasses
transformations, distance functions, loss weights, and archi-
tectures. By thoroughly exploring this complex search space,
our UniADS framework is designed to fine-tune the distil-
lation process and bridge the gap between the teacher and
student models effectively. It offers a more systematic and au-
tomated approach to distiller design, leading to more efficient
knowledge transfer and improved distillation outcomes.
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Methodology

In this section, we first present the design of our distillation
search space, detailing the search methodology, acceleration
techniques, and the objectives for fitting. Subsequently, we
analyze the outcomes of the search and offer some practical
guidelines. Lastly, we delve into the analysis of the student
models distilled through UniADS, exploring their application
across various distillation scenarios. The workflow of our
approach is depicted in Figure 2.

Universal Architecture-Distiller Search Space

Search space structure. In KD, the student student S is
distilled with the fixed teacher 7' by minimizing:

EKD:TQXWXD(T(As)/T,T(.AT)/T), (1)

where W is the loss weights factor, 7 is the temperature
factor, T is transformations, D(-,-) is distance function
measuring the knowledge difference. A are outputs (e.g.,
features, embeddings, and logits) of the teacher-student.
Our search space consists of different types of operations
(see Table 1) in transformations, distance functions, and
loss weights of the distiller and depth & width-ratio of
student architecture. Following this general KD formula-
tion, we select operators normalized in different dimensions
(e.g., batchnorm,normpg w,c,n), various types of activa-
tion functions (e.g., exp, relu, tanh, sigmoid, pow2), multi-
scale process and spatial-wise/channel-wise mask transforms
and other advanced operations in the knowledge transforma-
tion. Our distance function options include smooth ¢1, /1,
€25 ZKLa éharda éCOsine, EPearson and eCorrelation distance.
Options in the loss weight part include various values for loss
factors and temperature factors. Then, we use a computation
graph to represent each candidate, in which the input nodes
are different types of knowledge and the intermediate nodes
are primitive operations.

Accuracy-Efficiency Trade-offs Search

In our architecture-distiller search aiming to optimize ac-
curacy and model parameters simultaneously, NSGA-II is
applied as a multi-objective genetic algorithm. It explores
the architectural space, generating diverse architectures that
trade-off between accuracy and model parameters. To ac-
curately evaluate each distiller and reduce the distillation
gap, we include test loss and model parameters as the multi-
objectives. Specifically, we conduct a gradient-free evolu-
tionary search algorithm to efficiently discover the optimal
distiller o* from search space A, as:

o* = arg (ry,neiﬂ(ECE(f(AS)’ Y) + ||Param.(Ag) — C||),
)
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Figure 2: The overall illustration of our UniADS. Our architecture-distiller search space includes options for student depth &
width, transformations, distance functions, and loss weights. From these options, we construct our architecture-distiller search
and use the NSGA-II genetic algorithm with successive halving to search for the best configurations.

where L g is the regular cross-entropy objective with labels
Y. C is a pre-defined constraint of the model parameters.

The algorithm initializes a population, evaluates archi-
tectures based on both objectives, performs non-dominated
sorting and crowding distance assignment, selects architec-
tures for the next generation, applies genetic operators, and
replaces individuals. This process continues until a termina-
tion condition is met. By considering accuracy and model
parameters as multi-target objectives, NSGA-II efficiently
discovers architectures that strike a balance between the two
objectives in the distillation process.

Successive Halving Search Acceleration

Successive Halving is employed as the underlying search ac-
celeration technique. It starts with a large population of can-
didate distillation architectures. The process is then carried
out in several stages, each consisting of the following steps:
1. Initialization: The search begins with a large population
of candidate architectures. 2. Evaluation and Loss-Rejection
Protocol: Each architecture in the population is trained and
evaluated. However, the loss-rejection protocol is employed
to accelerate the search and filter out unpromising distillers.
Candidates with excessive loss values or collapsed optimiza-
tion, indicating poor performance, are filtered out and elimi-
nated from further consideration. 3. Search Space Shrinkage:
As Successive Halving proceeds, the search space is system-
atically narrowed. Operations tied to frequent loss rejections
and poor performers see reduced sampling probabilities, con-
centrating computational resources on more promising archi-
tectures. 4. Resource Reallocation: Resources are reallocated
to the remaining candidates after the less promising distillers
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are discarded, allowing the search to advance with a focused
subset. 5. Iteration: The cycle of evaluation, shrinkage, and
reallocation (Steps 2-4) is repeated, each iteration refining the
pool of architectures by removing the least successful ones.
6. Selection: The search culminates in the selection of the
final architecture, based on its performance in the concluding
iteration or upon meeting a predefined termination criterion.

In conjunction with the mentioned strategies, the Suc-
cessive Halving technique allows for an efficient and ac-
celerated search for optimal distillation architectures. The
loss-rejection protocol filters out unpromising candidates,
the search space shrinkage focuses computational efforts on
more promising architectures, and Successive Halving pro-
gressively allocates resources to the remaining architectures.
This combination of strategies helps streamline the search
process, reducing the computational burden and enabling
the identification of optimal distillation architectures more
quickly.

Search Results Analysis

Table 2 presents searched distillers for different models.
Based on these results, some practical guidance for KD de-
signs can be summarized as:

* Transform 7 : Some normalized-based methods are
“batchnorm”, “tanh”, and “norm”. These methods are ap-
plied to manipulate the input data before it is used for
distillation. For example, “batchnorm” refers to batch nor-
malization, which normalizes the input data by subtracting
the mean and dividing by the standard deviation.

* Distance metric D(+,-): The most frequently occurring
metrics are “cos”, “kl” and “12”. This suggests that some
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Teacher KD DAS UniDAS Tr Te Tp D(-,-) 7 Depth-1 Depth-2 Depth-3 Width-ratio
ResNet56 70.76 71.01 72.45 batchnorm scaler2 softmax N kil 4 7 1 3 1
ResNet110 72.18 72.58 74.89 mask mask softmax C 12 16 7 3 5 1
WRN-40-2 73.36 73.94 75.33 tanh scale_rl scale cor & 3 3 5 2
ResNet32x4 74.42 74.86 76.25 drop natt bmm kl 8 7 3 5 1.5

Table 2: Top-1 accuracies (%) of different methods on CIFAR-100. KD denotes random student architecture distilled by the
search by KD (Hinton, Vinyals, and Dean 2015). DAS denotes DisWOT search student architecture of DisWOT searched distilled
by KD. UniADS and detailed architecture-distillation search profiles are shown in Table 2.

Reatio | 7
num3 012

trans_func3 ooz
gamma [Joo2
distance_func [J0-02
trans_func2 JJo.o1
learning_rate [0.01
weight_decay Joot
alpha [0.01
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kd_T 0.00
trans_funcl 000
Numl 000
knowledge 000
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Hyperparameter Importance
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Figure 3: Hyperparameter importance of our UniADS
search for ResNet experiments on CIFAR-100. Ratio, Num3,
trans_func3, gamma denote the model width-ratio, model
depth configuration, knowledge transform in logits and loss
weights.

common distance functions can also provide promising
distillation results.

Loss weight W : The table includes different loss weights
assigned to components in the distillation loss function.
The values 16, 5, 1, and 0.5 frequently appear as loss
weights. These weights determine the relative importance
of different components in the overall distillation loss. For
instance, a higher weight indicates a greater emphasis on
a particular component during the distillation process.

Temperature 7: Relatively large values such as 16 and 8
are often chosen, which may help to alleviate teachers’
overconfidence.

Regarding architecture, wider and deeper networks tend
to have good performance. Moreover, the width of the
network and the number of cells in the deeper layers of
the network have larger importance.

The examination of the findings in Table 2 yields valuable
insights that can inform the design of knowledge distilla-
tion techniques. These insights offer practical guidance for
effectively implementing KD methods.
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Experiments

In this section, we evaluate our method on CIFAR-100 and
ImageNet datasets and compare its performance with exist-
ing knowledge distillation methods. For fair comparisons,
we use the public codes and adopt the same training and
data preprocessing settings for all reference methods. We
also perform various ablative experiments to analyze the
key designs of our UniADS. All experiments are conducted
with PyTorch (Paszke et al. 2019) for 3 separate runs. Full
implementation details are available in the supplementary
materials.

Experiments on CIFAR-100

Dataset. CIFAR-100 (Krizhevsky and Hinton 2009), contain-
ing 50,000 training images and 10,000 test images with 100
classes, is the most popular classification dataset for evaluat-
ing the performance of knowledge distillation methods.
Implementation. We choose prevalent ResNets (He et al.
2016) of different depths and WRNs (Zagoruyko and Ko-
modakis 2016) of different widths as the student networks
to conduct experiments. All teacher-student networks are
trained with the typical training setting of 200 epochs, fol-
lowing the original papers. During the distiller search phase,
we adopt a basic tree structure search space and training ac-
celeration settings, including 24 early-stop training epochs.
Our UniADS search performs 200 iterations for each teacher-
student pair. During the distillation phase, all teacher-student
networks are trained using typical training settings, with a
training epoch of 240. We set the batch size to 128 and use
a standard SGD optimizer. The learning rate is initialized to
0.1 and decays by 0.1 at 100 and 150 epochs.

Compared to the distillation-aware architecture search
method. Table 2 presents the average results obtained from
Random Search, Architecture Search, as well as our pro-
posed methods UniADS. Specifically, focusing on the stu-
dent model with ResNet backbones, we observe substan-
tial absolute accuracy gains ranging from 1.69% to 2.71%
when utilizing UniADS. This observation highlights the ef-
fectiveness of our methods in improving the performance of
ResNets while accommodating various constraints. Although
different teacher models yield only modest accuracy gains
when employing the same knowledge distillation strategy,
our UniADS approach demonstrates significant improvement
over both architectural and random searches. This highlights
the superiority of joint architectural-distiller search. These
findings underscore UniADS’s effectiveness in optimizing
student model performance. It showcases UniADS’s ability to
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Teacher WRN-40-2 ResNetl10 ResNetl1l0 ResNet32x4 VGGI13 VGG13 ResNet32x4 WRN-40-2

Student WRN-16-2  ResNet20 ResNet32 ResNet8x4 VGG8 MobileNetV2 ShuffleNetV2  ShuffleNetV1
Tea_Acc 75.61 74.31 74.31 79.42 74.64 74.64 79.42 75.61
Stu_Acc 73.26 69.06 71.14 72.50 70.36 64.60 71.82 70.50
KD 74.92 70.67 73.08 73.33 72.98 67.37 74.45 74.83
FitNet 73.58 68.99 71.06 73.50 71.02 64.14 73.54 73.73
AT 74.08 70.22 72.31 73.44 71.43 59.40 72.73 73.32
SP 73.83 70.04 72.69 72.94 72.68 66.30 74.56 74.52
CC 73.56 69.48 71.48 72.97 70.71 64.86 71.29 71.38
RKD 73.35 69.25 71.82 71.90 71.48 64.52 73.21 72.21
CRD 75.48 71.46 73.48 75.51 73.94 69.73 75.65 76.05
DIST 75.35 71.68 73.86 75.79 73.86 69.17 76.08 75.85
SRRL 75.46 71.51 73.80 75.92 73.23 69.34 75.66 76.61
SemCKD N/A N/A N/A 76.23 74.43 69.61 77.62 76.39
UniADS (Ours) 76.32 71.93 74.20 76.65 75.12 70.79 79.73 76.87

Table 3: Results comparison of our UniADS with other methods (e.g., FitNets (Romero et al. 2015), AT (Zagoruyko and
Komodakis 2017), SP (Tung and Mori 2019), CC (Peng et al. 2019), RKD (Park et al. 2019), CRD (Tian, Krishnan, and Isola
2020), DIST (Huang et al. 2022), SRRL (Jing Yang 2021) and SemCKD (Liu, Liu, and Huang 2022)). We report Top-1 “mean
(std)” accuracies (%) for UniADS over 3 runs under the same CRD (Tian, Krishnan, and Isola 2020) training settings.

achieve substantial accuracy improvements, particularly with
ResNet-based models, while also illustrating its superiority
over traditional architectural and random search approaches.
Comparison with existing KD methods with individual
distiller search. Table 3 presents a comparative analysis of
our UniADS with other state-of-the-art (SOTA) KD meth-
ods. We conduct multiple trials with randomly selected dis-
tillers in the same search space to evaluate the efficacy of
our EA search. For teacher-student pairs with the same ar-
chitectural style, UniADS outperforms the baselines by mar-
gins ranging from 1.12% ~ 3.32%. Compared with CRD
and other KDs, UniADS obtains consistent performance
gains (2.38% ~ 6.52%). Besides strengths in the same
architecture pairs, UniADS exhibits even stronger perfor-
mance when dealing with different architectural styles, while
other KD methods suffer from noticeable accuracy reductions.
Specifically, UniADS outperforms the baseline by margins of
1.12% ~ 5.28% and the random search results by margins
of 1.9% ~ 2.3%, demonstrating the effectiveness of our de-
sign for different structures. Compared with other SOTA KD
methods, our UniADS achieves 1.2% ~ 1.5% gains. These
results show that UniADS can improve each student model
with simple settings under different teacher-student pairs.

Experiments on ImageNet

Dataset. We also conduct experiments on the ImageNet
dataset (ILSVRC12) (Deng et al. 2009), which is known
as one of the most challenging image classification datasets.
It contains about 1.2 million training images and 50 thou-
sand validation images, each belonging to one of the 1,000
categories.

Implementation. Following CIFAR-100 trials, we employ
similar EA settings on a subset of ImageNet for search ac-
celeration. Then, we utilize the discovered distiller for the
training of student models (e.g., ResNet-18 (He et al. 2016)).
All teacher-student networks are trained with an SGD opti-
mizer for 100 training epochs. The batch size is set to 256,
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and the learning rate is initialized to 0.1 and decays by 0.1 at
30, 60, and 90 epochs.

Comparison results. Table 4 reports the results of our meth-
ods on ImageNet. UniADS and improve baseline models of
ResNet18 by 1.59% and 1.83% absolute gains in top-1 ac-
curacy, respectively, which validate the effectiveness of our
designs on the large-scale dataset. In addition, UniADS sur-
passes other SOTA methods with clear gains, demonstrating
its superiority in large-scale datasets. These findings substan-
tiate the effectiveness of UniADS in distillation optimization
with considerable benefits, establishing the versatility and
potency of our framework. In summary, UniADS facilitates
substantially improved predictive accuracy of student mod-
els on ImageNet, more complex domains while preserving
superior performance.

Ablation Study

In this section, we isolate the impact of each component of
our UniADS and study other possible variants. All experi-
ments are conducted on CIFAR-100 dataset. For the experi-
ments of each setting, we run our method 3 times and report
top-1 “mean (std)” accuracies.

Hyperparameter Importance Analysis. To analyze the im-
pact of different search objects in the search space on the total
distillation results, we used the hyperparameter optimization
(HPO) tool to analyze the importance of each element. We
added optimization parameters to the search (e.g., batch size,
learning rate) in Figure 3. Through the different importance
analyses, it is discovered that (1) The network’s depth and
width significantly impact the search results, particularly the
network width, which is consistent with the search space de-
sign. (2) The weights assigned to transformations and feature
losses for the knowledge output from the network have a
considerable impact, aligning with the characteristics of the
knowledge itself. (3) Some additional optimization parame-
ters exhibit minimal influence. These observations provide
valuable insights for optimizing knowledge distillation and
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Teacher ~ Student | Acc. | Teacher |Student KD ~ ESKD  ATKD,,, ONE DML DisWOT | UniADS
Top-1| 73.40 | 69.75 70.66  70.89 70.78 7055 7103 7208 | 7225
ResNet34 ResNetl8 | Top-5| 91.42 | 89.07 89.88  90.06 89.99 89.59 9028 90.38 | 90.58
Teacher ~ Student | Acc. | Teacher |Student KD ATKDy,, , ATKD,,,, Seq.ESKD ESKD DisWOT | UniADS
Top-1| 76.16 | 69.75 70.68  70.65 70.85 70.65 7095 7230 | 72.51
ResNet50 ResNetl8 | Top-5| 92.86 | 89.07 N/A N/A N/A N/A N/A 9051 | 90.77

Table 4: The accuracy (%) of ResNet18 on ImageNet-1k with various teachers. Results of other KD methods refer to the papers
of CRD (Tian, Krishnan, and Isola 2020), ONE (Zhu, Gong et al. 2018), DML (Zhang et al. 2018) and ESKD (Cho and Hariharan
2019). ATKD 4,,, (Mirzadeh et al. 2020) denotes ResNet34 used as the assistant teacher. N/A means no available results.
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Figure 4: Optimal search curves of random search (Left), NSGA-II genetic algorithm with the Successive Halving algorithm
(Middle), and NSGA-II genetic algorithm (Right) for 100 trials in ResNet experiments with ResNet110 as the teacher model on

CIFAR-100.

guiding experiments in practical applications.

Search algorithm. We use the NSGA-II genetic for distiller
search, which is gradient-free and flexible for non-convex
optimization. Figure 4 demonstrates the effectiveness of the
NSGA-II genetic algorithm compared to random search. The
figure likely depicts a comparison of the convergence be-
havior and final search results between the two methods. It
shows that NSGA-II achieves faster convergence, meaning
it reaches good solutions more quickly and produces better
final search results compared to random search. By integrat-
ing successive halving algorithms into the distiller search
process, UniADS is able to achieve better search results with
fewer trials. This implies that UniADS efficiently explores
the search space, discarding unpromising configurations early
on and allocating more resources to the most promising ones,
leading to improved performance in distiller search.

Conclusion

In this paper, we present UniADS, an automated search frame-
work for optimizing architectural dimensions and distiller
settings in knowledge distillation. UniADS offers a compre-
hensive and efficient approach by exploring a wide range of
design choices, including various architectural dimensions,
knowledge transformations, distance functions, loss weights,
and other crucial settings. To achieve this, UniADS utilizes
the NSGA-II multi-objective optimization algorithm, which
balances accuracy and performance trade-offs as conflicting
objectives. By evaluating different configurations and apply-
ing crossover and mutation operations, NSGA-II generates
new candidate solutions iteratively, aiming to improve the
overall performance of the student model while maintaining
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a diverse set of high-quality solutions. Additionally, UniADS
incorporates the Successive Halving algorithm, an accelera-
tion strategy that progressively eliminates underperforming
configurations, effectively reducing the computational burden
and speeding up the distiller search process. Extensive exper-
iments and comparative studies on two benchmark datasets
provide evidence of the effectiveness and universality of the
UniADS framework across various models. Notably, Uni-
ADS achieves outstanding accuracy on CIFAR-100 and Ima-
geNet datasets, demonstrating its potential to contribute new
ideas and methods to advance knowledge distillation meth-
ods. We hope that this research result is expected to provide
new ideas and methods for the development of knowledge dis-
tillation techniques and better solutions for the compression
and acceleration of deep learning models.
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