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ABSTRACT

Learning Methods for Generalizable Visual Perception Models

Shiyu Xuan (Computer Applied Technology)
Directed by: Prof. Shiliang Zhang

ABSTRACT

Deep learning brings impressive development to computer vision, giving rise to many
applications such as autonomous driving and smart security. Compared with hand-crafted
features-based methods, deep learning enables visual perception models to not only learn dis-
criminative features from large-scale data but also show strong robustness to various visual
tasks. However, the training of visual perception models relies heavily on high-quality la-
beled data collected from target deployment scenarios. Due to the difficulty of data collection
and labeling, obtaining labeled data, data, or task definitions for target deployment scenar-
ios in the training set can be challenging. The lack of target domain labeled data will lead
to the lack of supervision signals in model training. The partial lack of target domain data
will lead to differences in labels or data distribution between the training domain and the tar-
get domain. The complete lack of target domain data or task definitions will make the model
unable to obtain target domain information during training. The above problems cause differ-
ences between training scenarios and target deployment scenarios, seriously affecting model
performance. Generalization learning aims to improve the model’s ability to handle unseen
scenarios or tasks, thereby solving the problem of model performance degradation when there
are differences between the training data and the target domain. To this end, this thesis con-
ducts research on four types of generalization learning scenarios: lack of labeled data from
the target domain, partial lack of data from the target domain, complete lack of data from the
target domain, and lack of target domain task definitions. The main contributions of this thesis
include:

In terms of lack of labeled data from the target domain, this thesis proposes an unsuper-
vised learning method based on intra-inter similarity learning. This method uses a two-stage
training framework to enhance the robustness of the model to intra-inter domain appearance
variations. Furthermore, the method proposes an instance and camera style normalization.
The intra-domain appearance variation can be reduced through adaptive instance and batch

normalization. The transform normalization increases sample diversity through style transfer
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between cameras, improving the robustness of the model to inter-domain appearance variation.
The above method directly improves the quality of pseudo-labels and achieves the training of
high-discrimination models in the target domain using only unlabeled data. With only unla-
beled data, the method achieves a rank-1 accuracy of 64.4% on MSMT17, outperforming the
recent method SpCL by 20+%.

In terms of partial lack of data from the target domain, this thesis first proposes de-
coupled contrastive learning and patch-based self-distillation methods. This method avoids the
model bias caused by head category samples and the under-representation of the tail classes,
which significantly improves the model performance on the test set with uniform label distri-
bution. Secondly, this thesis proposes an incremental model enhancement setting to achieve
distribution alignment between the training set and the target domain by collecting data multi-
ple times. To reduce the high training complexity caused by sequentially arrived training data,
this thesis proposes a memory contrastive learning framework, achieving continuous enhance-
ment of model performance. Experimental results show that the proposed method improves the
accuracy by 6.5% to 57.7% compared with the contrastive learning method on the commonly
used long-tail recognition data set ImageNet-LT. Under the incremental model enhancement
setting, the method improves the accuracy from 55.5% to 61.1% on ImageNet1K compared

with the fine-tuning baseline.

In terms of complete lack of data from the target domain, to learn generalizable mod-
els for unknown target domains, this thesis proposes the domain-adaptive prompt learning
method. This method leverages text modality to construct domain-adaptive classifiers to adapt
decision boundaries to the unknown target domains. By leveraging the rich knowledge of the
text encoder in the vision-language model, this thesis enhances the visual features and classi-
fier features. Specifically, the knowledge features are generated by several learnable prompt
sentences. A knowledge injection framework is proposed to refine classifier features and vi-
sual features with knowledge features. The proposed method effectively improves the model’s
generalization ability to unknown target distributions and categories. Benefiting from the in-
troduction of the text modality, the proposed method outperforms the recent single-modal DG
method PCL by 5.0% on PACS. The knowledge injection framework further improves the
model’s generalization ability to unknown target distributions and categories. It outperforms

CoCoOp by 4.4% under the base-to-new classes generalization setting.

In terms of lack of target domain task definitions, this thesis leverages the large lan-

guage model to unify various visual tasks into the form of visual question answering and pro-
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poses a referential comprehension instruction tuning method. This method constructs a high-
quality instruction tuning data set by designing diverse referential comprehension tasks. To
further involve more training data, the method proposes a self-consistent bootstrapping process
to extend bounding box annotations into referring-expression-bounding-box pairs. Diversified
instruction tuning tasks and data enable large language models to acquire various visual per-
ception capabilities and generalize well to various unknown tasks. It also achieves the best
zero-shot performance on 12 benchmarks and surpasses the accuracy of Kosmos-2 by 24.7%
on RefCOCO.

The thesis conducts research on learning methods for generalizable vision models and
proposes a set of cross-distribution, cross-category, and cross-task model training methods.
These methods gradually eliminate the dependence of model training on target domain labeled
data, data, and task definition. It achieves a generalizable model with multi-modal and multi-
task capabilities. This thesis validates the proposed method on various benchmarks and various
generalization settings. The experimental results demonstrate the superior performance of the

proposed methods compared with recent advanced methods.

KEY WORDS: Generalizable Model Learning, Long-tailed Recognition, Incremental Learn-

ing, Multi-modal Learning
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