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ABSTRACT

Efficient Sparse Optimization Methods for Visual

Transformers

Zhanzhou Feng (Computer Application Technology)
Directed by Prof. Shiliang Zhang

ABSTRACT

Vision Transformers, with their exceptional global modeling capabilities and feature ex-
pression potential, have rapidly become the mainstream paradigm in computer vision. How-
ever, their inherently dense processing of visual signals leads to severe efficiency bottlenecks.
This bottleneck, originating from dense representation, significantly restricts the efficient de-
ployment of Transformer models in two crucial application scenarios: visual recognition and
visual generation. First, at the visual representation level, existing methods typically map vi-
sual signals mechanically into dense feature sequences, inevitably generating a massive amount
of redundant features and causing substantial computational overhead. Second, during the
training phase of visual recognition tasks, dense supervision targets tend to introduce back-
ground noise and dilute effective gradients, hindering the model’s efficient learning of high-
level semantics. Third, for visual generation tasks, the traditional autoregressive dense de-
coding mechanism generates visual tokens serially, resulting in severe inference latency and
throughput bottlenecks. Therefore, this paper investigates sparse optimization methods for Vi-
sion Transformers from three perspectives: model representation, visual recognition training,
and visual generation inference, and further builds a multimodal recognition and generation
system to validate the proposed methods in a unified interactive scenario.

To address the problem of feature redundancy caused by dense feature representation in vi-
sual representation, this dissertation proposes a sparse representation method based on feature
fusion. This method introduces learnable meta-tokens as semantic anchors to adaptively mine
and locate core semantic clues in visual content, dynamically aggregating the original dense
sequence into multiple sets of semantically related features. During the aggregation process,
highly correlated redundant backgrounds can be compressed into a more compact sparse repre-
sentation. Meanwhile, through a learnable gating mechanism, the model adaptively regulates
the feature fusion ratio and sparsity granularity across different network layers according to

task objectives. Furthermore, this work not only achieves feature sparse optimization for im-
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ages in the spatial dimension but also extends to video tasks by decoupling the spatial structure
and temporal dynamic information of video signals. It specifically eliminates cross-frame re-
dundant backgrounds while preserving motion trajectory information, thereby achieving joint
sparsification in the spatial-temporal dimension. While preserving key spatial structures and
dynamic information, this method effectively alleviates the quadratic computational pressure
brought by the self-attention mechanism through representation sparse optimization, achiev-
ing a dynamic match between feature representation and computational capacity. Experiments
demonstrate that this method can reduce the number of feature tokens by up to 95% and achieve
over 60% computational acceleration, all while maintaining nearly lossless classification per-

formance.

To address the issues of dense supervisory signals hindering high-level semantic learn-
ing in visual recognition training, this dissertation proposes a sparse training method based on
evolvable masks. Existing self-supervised pretraining works mostly adopt fixed dense recon-
struction targets, easily causing the optimization process to fall into the overfitting bottleneck of
low-level texture details and harming generalization. In response, this dissertation constructs
a training mechanism based on evolvable masks, achieving a synergistic evolution between
training difficulty and model capacity. Unlike traditional methods that perform indiscriminate
fitting on dense features, this mechanism utilizes the model’s current feature parsing capabil-
ity to dynamically parse the input signal into sparse semantic sets, and subsequently generates
sparse training masks as the training target. As the training epochs progress, the masking strat-
egy follows an easy-to-hard evolutionary rule, gradually transitioning from masking low-level
texture details in the early stages to reconstructing sparse high-level complex semantics in the
later stages. This dynamic evolution strategy not only avoids the dilution of training gradients
by background noise but also forces the network to accomplish an capability evolution from
local pixel reconstruction to global semantic relationship inference, significantly accelerating
pre-training convergence. Experimental results show that this strategy not only enhances the
model’s generalization ability and robustness in downstream recognition tasks such as seg-
mentation and detection but also improves the training efficiency of baseline models by over

50% while ensuring performance.

To address the issues of speed bottlenecks and quality degradation caused by dense se-
rial decoding in autoregressive visual generation, this dissertation proposes a sparse inference
method based on set prediction and feedback calibration. First, to break through the paradigm
limitation of token-by-token serial prediction, this research designs a next-set prediction strat-

egy. This strategy sparsifies the original dense sequence into multiple semantically related
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compact subsets, supporting the synchronous parallel prediction of tokens within the subsets,
thereby multiplying the computational throughput. Meanwhile, this dissertation introduces a
continuous-domain decoding mechanism to replace the discrete encoding scheme used in tradi-
tional autoregressive generation, eliminating quantization errors and fundamentally improving
visual generation quality from the feature space. Furthermore, to overcome the issues of qual-
ity degradation and error accumulation that parallel generation may induce, this dissertation
proposes a local calibration mechanism based on quality evaluation feedback. The model can
autonomously evaluate the generated content and perform iterative optimization only on low-
quality local regions, avoiding repetitive and redundant computations on global dense features.
Experiments prove that this mechanism not only accelerates the inference speed of traditional
autoregressive methods by more than 5 times but also ensures that key generation quality met-
rics such as FID and FVD outperform frontier autoregressive generation schemes, achieving a
dual guarantee of quality and efficiency in visual generation tasks.

Based on the above methods, this dissertation further builds an integrated multimodal
system for image understanding, text-based interaction, and image generation. The system
deploys the sparse recognition training method on the visual encoder and the sparse genera-
tion inference method on the autoregressive generation model, thereby validating the proposed
sparse optimization methods in a unified multimodal framework. Experimental results show
that the system improves fine-grained visual understanding in visual question answering and
substantially reduces end-to-end latency in image generation.

Overall, this dissertation constructs an efficient computational framework for Vision Trans-
formers. It improves the computational efficiency and generalization capabilities of visual
recognition and visual generation models, and validates their practical potential through a mul-
timodal recognition and generation system. This provides technical support for the deployment

of large vision models in resource-constrained environments.

KEY WORDS: Transformer, Sparsification, Efficiency, Visual perception, Visual generation
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