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Abstract

Previous Knowledge Distillation based efficient image
retrieval methods employ a lightweight network as the stu-
dent model for fast inference. However, the lightweight stu-
dent model lacks adequate representation capacity for ef-
fective knowledge imitation during the most critical early
training period, causing final performance degeneration.
To tackle this issue, we propose a Capacity Dynamic Dis-
tillation framework, which constructs a student model with
editable representation capacity. Specifically, the employed
student model is initially a heavy model to fruitfully learn
distilled knowledge in the early training epochs, and the stu-
dent model is gradually compressed during the training. To
dynamically adjust the model capacity, our dynamic frame-
work inserts a learnable convolutional layer within each
residual block in the student model as the channel impor-
tance indicator. The indicator is optimized simultaneously
by the image retrieval loss and the compression loss, and a
retrieval-guided gradient resetting mechanism is proposed
to release the gradient conflict. Extensive experiments show
that our method has superior inference speed and accu-
racy, e.g., on the VeRi-776 dataset, given the ResNet101 as
a teacher, our method saves 67.13% model parameters and
65.67% FLOPs without sacrificing accuracy. Code is avail-
able at https://github.com/SCY-X/Capacity
Dynamic _Distillation.

1. Introduction

Image retrieval [2] aims to rank all the instances in a
retrieval set based on their relevance to the query image.
However, many image retrieval methods [45, 50] use heavy
networks to acquire a high accuracy, causing a low infer-
ence speed and hindering practical applications. As an effi-
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Figure 1. The mAP (%) of KD methods in per epoch on VeRi776
[30]. R101 and R34 denote the ResNet101 and ResNet34 students,
respectively. Our CDD+RGGR outperforms other KD methods
because the heavy student has more talented in effectively learning
distilled knowledge than a light student in the early epochs.

cient network compression technology [21, 52, 58], knowl-
edge distillation (KD) [42,43,57,59] has been widely val-
idated to be useful for boosting the performance of the
lightweight student model by transferring knowledge from
a heavy teacher model, which is also applied to accelerate
image retrieval, as done in [40, 54, 56].

Previous KD-based image retrieval methods [40,47] as-
sign a lightweight network as the student model to acquire
a fast inference speed. However, we have an experimental
observation that a lightweight student model is less talented
in effectively learning distilled knowledge than a heavy stu-
dent model in the early epochs, leading to final performance
degeneration. As shown in Fig. 1, a heavy ResNetl101
(i.e., our) improves its performance faster than the light
ones (ResNet34, other methods) in the early epochs (first 20
epochs) of KD optimization. This finding is consistent with
previous KD works [6,29,37], which have shown that a ca-



pacity mismatch between teachers and students can hinder
light students from acquiring knowledge from large teach-
ers [6]. This is similar to a kid only comprehending a small
portion of taught knowledge [3]. In addition, many stud-
ies [1, 5, 14] have shown that the quality of the initial train-
ing period is crucial in determining the final optimization
solution. Thus, the light student needs to effectively learn
from large teachers during the critical early training stages.

Motivated by the above finding, we propose a new KD
framework, Capacity Dynamic Distillation (CDD), to al-
low dynamic model compression during KD learning. Un-
like existing KD-based image retrieval methods that use
a lightweight student model, CDD employs a heavy ini-
tial network as the student model. Thus the student has
a high representation capacity to comprehensively under-
stand knowledge from teachers in the early KD iterations.
To acquire a fast inference speed, we design a Distillation
Guided Compactor (DGC) module inserted after the heavy
convolutional layer of the student as the channel importance
indicator of each convolutional layer. Then, we implement a
parametric sparse loss on DGC during KD learning to find
the unimportant channel of the heavy convolutional layer,
thus gradually reducing the capacity of the student network.
The overall training process can be done end-to-end in one
KD training period. After training, the sparse DGC will
be pruned to a slim DGC, and the slim DGC and previous
heavy convolutional layer can convert to a slim convolu-
tional layer. Therefore, the heavy student model will be
converted to a lightweight model.

To dynamically edit the student model capacity, DGC is
optimized simultaneously by the image retrieval loss and
the parametric sparse loss, resulting in a gradient conflict
between knowledge accumulation and forgetting. To re-
lease the gradient conflict, we propose a retrieval-guided
gradient resetting mechanism (RGGR), which introduces a
binary mask to zero out the knowledge accumulation gra-
dient. Specifically, we first use the train data to simulate
the retrieval result. Then, RGGR selects channels with lit-
tle influence on simulation retrieval results and zeros the
knowledge accumulation gradient, achieving a high prun-
ability. As demonstrated in Fig. 1, when we activate RGGR
(at the 21st epoch), the heavy student model focuses more
on compression and suffers transient performance degrada-
tion. But, thanks to the well-trained KD optimization of stu-
dents in the early epochs, the student model finally achieves
a good balance between accuracy and inference speed.

The main contributions of this paper are listed as follows:

(1) We propose a capacity dynamic distillation framework
(CDD) to effectively learn distilled knowledge in the
early training epochs.

(2) We propose a retrieval-guided gradient resetting mech-
anism (RGGR) to release the gradient conflict between
the image retrieval loss and the parametric sparse loss.

(3) Extensive experiments demonstrate that our method
is superior to state-of-the-art approaches in terms of
inference and computations, by a large margin of
24.13%MP and 21.94% FLOPs.

2. Related Works

Network Pruning. Network Pruning (NP) [7,31,52] aims
to obtain a light network by removing unimportant parts
from a well-trained yet heavy network. Recent NP works
primarily focus on structured pruning [31, 52], which ap-
plies sparsity functions to the convolutional layers of well-
trained large models to filter out unimportant channels.
However, NP often leads to a reduction in accuracy due to
its irreversible sparsification process, which can cause sig-
nificant damage to the network [7].

Knowledge Distillation. Most KD-based image retrieval
works [40,53,56] employ a lightweight model as the student
and transfers the knowledge among samples from teachers
to guide the student optimization. Although these works
have helped light students improve their accuracy, the weak
representational capacity hinders further accuracy improve-
ment of students. Therefore, recent KD works [3, 35] have
paid attention to this situation. However, they only focused
on how to transfer knowledge well to facilitate students’ un-
derstanding of teachers’ knowledge without considering en-
hancing students’ representational capacity. Although self-
distillation methods [24, 26, 41] assign a large student the
same size as the teacher to better understand the teacher’s
knowledge, they suffer from large students’ high computa-
tional cost in the inference phase. To address this issue, a
natural solution is to aggregate NP with KD in a two-stage
design, i.e., self-KD + NP. Specifically, the two-stage meth-
ods first assign a large student to effectively distilled knowl-
edge from teachers, and then the well-trained large student
network is pruned to a slim network. However, the two-
stage approach may suffer a significant performance loss
during the pruning stage since it still faces the challenge of
sparsification process deviation. In this paper, we present an
end-to-end KD method integrated with NP, which exploits
the proposed distillation guided compactor (DGC) module
to effectively alleviate the conflict between KD and NP.
Re-parameterization. = The re-parameterization (Rep)
methods [8, 10, 11] construct a sequence of multiple con-
volutional layers to replace a single convolutional layer of
an original network to enhance the feature learning ability
during training. Then, those sequences are simplified to a
convolutional layer to avoid extra computation consumption
during inference. Recently, Ding et al. [9] proposed a gra-
dient resetting and compactor re-parameterization (ResRep)
method, which is the first attempt to apply Rep to NP. Moti-
vated by this, we explore the gradient resetting technique in
knowledge distillation and propose zeroing out the selected
channel’s gradients according to feature retrieval results.



























