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Abstract

Neuroscientific evidence reveals that human visual recogni-
tion is not an instantaneous event but a hierarchical process,
where the brain constructs a holistic perception by progres-
sively integrating simple features like edges or texture into
complex scenes. Ensemble learning successfully utilizes this
principle, yet existing methods typically integrate models at
the decision level, neglecting the rich, complementary infor-
mation within the feature space itself and thus fundamen-
tally limiting their potential. To address this, we introduce
Synergistic Semantic Boosting (S2-Boosting), a framework
that employs a self-supervised hierarchical semantic learning
module to decompose an image into complementary, seman-
tically meaningful parts autonomously. These parts guide a
boosting procedure where a sequence of specialized learners,
each focusing on a specific semantic partition, collaboratively
corrects the ensemble’s errors. We further present encourag-
ing results on real-world image datasets, highlighting the in-
trinsic interpretability, paving the way for more robust and
transparent models.

Introduction
Human visual object recognition is a remarkably effective
hierarchical process, where the brain deciphers complex
scenes not in a single step, but by progressively integrating
rudimentary features like edges and textures into represen-
tations of object parts and, ultimately, holistic concepts (Di-
Carlo, Zoccolan, and Rust 2012). This principle of achieving
robust understanding through the synthesis of multiple, sim-
pler analyses finds a powerful parallel in machine learning’s
ensemble paradigms. Techniques like bagging and boosting,
which aggregate outputs from multiple models (Popov, Mo-
rozov, and Babenko 2020), have become a cornerstone for
enhancing generalization and robustness, naturally evolving
into deep ensemble learning with the advent of powerful
neural networks (Wu 2024). However, a critical disconnect
from this cognitive comprehension emerges in their applica-
tion to vision: current deep ensemble methods operate on the
final, monolithic feature embeddings produced by a model
(Jiang et al. 2021; Liu et al. 2023). By treating this rich rep-
resentation as an unstructured vector akin to tabular data,
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Figure 1: Construction process of human visual percep-
tion. Starting with a coarse, holistic view, (a) can lead to
a misidentification of “leaf”. Through progressively consid-
ering isolated “fine” details in the bottom panel, incorrect
but closer classifications can be obtained. The correct iden-
tification of “Sulphur Butterfly” is finally achieved only by
integrating the initial coarse perception with the full set of
synergistic semantic details.

they disregard the very spatial hierarchy and semantic rela-
tionships that make biological vision so powerful. This ap-
proach not only leads to suboptimal performance but also
obscures the decision-making process, making it difficult to
understand how individual learners contribute to the collec-
tive output.

In stark contrast, human visual cognition offers a power-
ful solution for resolving ambiguity, a process vividly illus-
trated in Fig.1. The key insight from this example is not sim-
ply that scenes are decomposable, but that robust perception
is a dynamic process of synthesis (Pennick and Kana 2021;
Von Seth et al. 2023). It highlights the limitations of rely-
ing on either a single monolithic glance or isolated details
alone. This cognitive strategy, where an initial, coarse hy-
pothesis is iteratively corrected and refined by integrating
multiple, complementary semantic parts, finds a strong the-
oretical parallel in the error-correcting nature of ensemble
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Figure 2: Conventional vs. Semantic-Guided Ensembles.
Top: Learners are applied to original features. Bottom:
Learners are guided by semantic partitions decomposed
from the image.

boosting (Wu et al. 2021), providing a compelling motiva-
tion to design a framework that learns not from a black-box
vector, but from a structured, coarse-to-fine analysis.

To operationalize this strategy, we leverage two key
paradigms. The first is the self-supervised module that learns
deep contextual relationships by reconstructing masked im-
age patches (Zhang, Wang, and Wang 2022; Li et al. 2022).
Crucially, as shown in Fig.2, this mechanism can be pre-
cisely directed: by supplying a semantic mask instead of a
random one, we can compel the model to learn a specialized
representation for a specific object part. The second is boost-
ing module, which provides a principled framework for se-
quentially combining these specialized learners (Mienye and
Sun 2022), ensuring they develop complementary expertise
by focusing on the errors of the existing ensemble.

Building on this foundation, we introduce Synergistic Se-
mantic Boosting (S2-Boosting), a novel framework that op-
erationalizes this part-based reasoning. The primary chal-
lenge lies in finding a visual analogue to words, a non-
trivial task of decomposing an image into its semantic con-
stituents without supervision. Our framework addresses this
through two synergistic components. First, a Self-supervised
Progressive Semantic Learning Module (SPSLM) generates
these semantic tokens by using cross-attention mechanisms
to produce part-based attention maps. To ensure these dis-
covered parts are semantically meaningful, they are vali-
dated through a rigorous reconstruction task within a condi-
tional diffusion model. Second, a Semantic Boosting Mod-
ule (SBM) uses these validated masks to orchestrate a se-
quence of lightweight Masked Autoencoders (MAEs) as
base learners. In this module, each MAE is guided to focus
on one semantic partition, learning a specialized representa-
tion while sequentially correcting the residual errors of the

overall ensemble, effectively building a powerful and inher-
ently interpretable model from the ground up.

Our contributions include: 1) We introduce S2-Boosting,
a novel method that operationalizes the human cognitive
strategy of coarse-to-fine understanding by unifying part-
based semantic decomposition with the iterative, error-
correcting power of the boosting paradigm. 2) We design
a unique Semantic Boosting Mechanism that is guided by
masks from our self-supervised hierarchical semantic dis-
covery module to sequentially build a robust and accurate
representation. 3) We provide a theoretical justification from
an information-theoretic perspective, demonstrating that this
strategy both reduces the representational redundancy for
each base learner and ensures the systematic aggregation of
complementary information, in direct correspondence with
the chain rule of mutual information.

Related Works
Masked Autoencoder for Visual Learning
MAE (He et al. 2022) revolutionized self-supervised learn-
ing by adapting masked language modeling (Devlin et al.
2019) to computer vision. The core idea is to mask a large
portion of an image and train an asymmetric Vision Trans-
former (ViT) (Dosovitskiy et al. 2021) to reconstruct the
pixels, forcing the model to learn a holistic contextual un-
derstanding. While this approach is computationally effi-
cient, its initial random masking strategy treats all image re-
gions as equally important. Recognizing this limitation, sub-
sequent works have proposed semantically aware masking
strategies (Chen et al. 2023; Zhang, Wang, and Wang 2022).
For instance, SemMAE (Li et al. 2022) learns to focus mask-
ing on important objects, while AutoMAE (Shin et al. 2024)
targets high-information regions. These advancements con-
firm that guiding the masking process toward salient re-
gions enables MAE to learn superior semantic representa-
tions (Kong et al. 2023).

However, there is still a critical limitation: these ap-
proaches still optimize for a single, monolithic representa-
tion by identifying one set of “important” regions rather than
a diverse set of complementary parts that collectively define
an object’s full meaning. Our work addresses this gap by in-
troducing a framework that systematically decomposes an
image and learns from its constituent parts in a coordinated,
ensemble fashion.

Deep Ensemble Learning
To address the limitations of traditional ensemble meth-
ods on complex, unstructured data (Popov, Morozov, and
Babenko 2020; Wu 2024), deep ensemble learning has
emerged. These approaches integrate powerful feature ex-
tractors from models like CNNs (Das 2022), ViTs (Cui
et al. 2024), and diffusion models (Balaji et al. 2022) with
classical ensemble paradigms. Implementations can be ex-
plicit, where deep models act as feature extractors for sub-
sequent aggregation (Lee et al. 2017; Borandag 2023; Zey-
nali, Seyedarabi, and Afrouzian 2023), or implicit, embed-
ding mechanisms like specialized backpropagation (He et al.
2025) or dropout (Zhang et al. 2020; Momeni, Thibault,
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and Gevaert 2019) directly into the learning framework. The
overarching goal is to balance specialization and diversity,
often drawing inspiration from human cognition to improve
performance and plausibility (Cho, Krähenbühl, and Ra-
manathan 2023; Hinton 2023).

However, a critical limitation persists: these methods treat
the final, monolithic feature embedding as an unstructured
“black box,” ignoring the image’s intrinsic spatial hierarchy
and semantic composition. This leaves boosting algorithms
without the explicit guidance needed to ensure learners fo-
cus on complementary and conceptually distinct regions. As
a result, the ensemble is limited in its ability to form a truly
synergistic and expert committee.

Condition Diffusion Generative Model
The conditional reconstruction task, where image embed-
dings are decoded with the constraint of specified condi-
tions, has been explored through various generative architec-
tures. While models like StyleGAN (Karras et al. 2020) ex-
cel at synthesizing high-fidelity images by manipulating dis-
entangled latent codes for global style control, they offer less
direct and granular influence when the condition requires
precise spatial or semantic adherence. In contrast, condi-
tional diffusion models (Rombach et al. 2022) are uniquely
suited for this role. Their iterative denoising process, often
built on a U-Net architecture, provides a natural framework
to inject external guidance through mechanisms like cross-
attention layers (Zhang, Rao, and Agrawala 2023). This al-
lows conditioning variables to steer the generation at mul-
tiple scales, ensuring the output faithfully aligns with the
desired structure. This ability to directly integrate detailed
semantic constraints makes conditional diffusion a supe-
rior foundation for our reconstruction objectives (Wei et al.
2023; Li et al. 2024).

Methodology
Synergistic Semantic Boosting
To address the limitations of existing methods, where
semantic-aware MAEs generate general representations and
boosting treats image features as an unstructured black box,
we propose S2-Boosting. Our framework bridges this gap
by unifying the part-based learning of MAEs with the struc-
tured, drawing inspiration from the human cognitive strat-
egy of understanding scenes by integrating information from
distinct semantic parts (Pennick and Kana 2021; Von Seth
et al. 2023). Specifically, we define semantics as an instance-
specific concept focused on discovering a set of function-
ally distinct and informationally complementary regions
that are vital for reconstructing the whole object. This ap-
proach ensures that the identified ”parts” are not just ar-
bitrary segments but are meaningful components that con-
tribute uniquely to the overall understanding of the image.

S2-Boosting operationalizes this part-to-whole strategy
through a novel two-stage process with the structure shown
in Fig.3. First, our SPSLM automatically discovers comple-
mentary, semantically meaningful regions within an image,
generating a unique mask for each. Second, these masks
guide the SBM, where an ensemble of lightweight learners

is trained sequentially. Each learner is explicitly tasked with
focusing on a single semantic part to correct the residual er-
rors of the preceding ensemble. In the following subsections,
we detail the SPSLM architecture, formulate the boosting
dynamics within the SBM, and provide a theoretical analy-
sis of our approach.

Self-supervised Progressive Semantic Learning
The SPSLM overcomes the limitation of lacking visual
understanding grounded in semantic decompositions by
autonomously discovering interpretable part-based hierar-
chies, without the need for segmentation labels. Technically,
SPSLM can be divided into three parts: a pretrained ViT
module for image tokenization, a part projection module for
part-level attention map generation, and a conditional diffu-
sion module for semantic optimization restriction.

Given the input image I , we employ the Image BERT
Pre-training model (iBOT) (Zhou et al. 2022a) for the Hier-
archical Tokenization Mechanism. The image is partitioned
into P 2 patches, resulting in corresponding tokens processed
through the iBOT encoder fibot. This generates two comple-
mentary representations: patch tokens Tp ∈ Rp2×d encoding
localized visual semantics, and global token Tg ∈ Rd encap-
sulating instance-level abstraction. Here d denotes the latent
space dimensionality, where Tp maintains spatial patch em-
beddings while Tg preserves instance-level image semantics.

Following the pretrained extraction, the Semantic Part
Projection generates interpretable part-based representations
through the following synergistic operations:

1) Semantic-Guided Part Tokenization: The global to-
ken Tg is transformed into K part-specific semantic anchors:

Ts = W2 · σ(W1 · Tg), (1)

where W1 ∈ R4d×d and W2 ∈ RKd×4d are projection ma-
trices and σ means the LeakyReLU function for non-linear
activation. Through this projection, Ts ∈ RK×d obtain K
semantic part tokens T p

s ∈ Rd, which are used for subse-
quent semantic response discovery.

2) Semantic Attention Generation: Patch tokens Tp are
restructured into a spatial features tensor F ∈ Rd×p×p to
restore the 2D spatial context from the flattened patch se-
quence. This is essential for generating spatially coherent
semantic masks, and these features are projected via a resid-
ual convolution:

Fp = σ(Wconv ∗ F +Wres ∗ F). (2)

These spatially aware features Fp then interact with pro-
jected part tokens through channel-wise correlation:

Rk,i,j = γ
d∑

c=1

(T [k,c]
s · F [c,i,j]

p ), (3)

where k responding to semantic part ID, i, j are the locations
and γ is the scalar parameter for stabilized optimization.

Finally, the Semantic Attention Maps (SAM) Mp can be
obtained with multi-scale convolutional refinement from R.
Through this, human-aligned part semantics without super-
vision can be discovered.
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Figure 3: An overview of the proposed S2-Boosting framework. The process consists of three main stages: (1) A pretrained ViT
extracts initial patch tokens from the input image. (2) The SPSLM then generates a set of SAMs, with their semantic validity
enforced by their ability to guide a conditional diffusion model in denoising. (3) Finally, the SBM uses these SAMs as masks
to orchestrate a sequence of base learners, progressively building a powerful composite embedding that is optimized for both
reconstruction and final downstream tasks.

3) Conditional Diffusion Reconstruction: To enforce
the semantic integrity of the learned part tokens, we validate
them by guiding a conditional diffusion process. To ensure
this semantic guidance is effective and not ignored by the
model, we employ Classifier-Free Guidance (CFG) (Ho and
Salimans 2021). The key to CFG is training the U-Net on a
mix of conditional (using our part tokens) and unconditional
(using a null token) denoising objectives. Specifically, for a
given image I , its latent representation z0 is corrupted to zt
via the forward process:

zt =
√
ᾱtz0 +

√
1− ᾱtϵ. (4)

The U-Net is then trained to predict the noise ϵ from the
noisy latent zt. The key to CFG is that the condition c is
stochastically set to either the projected part tokens ϕ(Ts) or
the null token c = ∅. Then the model is optimized via the
single-step noise prediction loss, which facilitates straight-
forward end-to-end training and serves as a component of
our overall objective:

Ldiff = Et,z0,ϵ,c

[
||ϵ− UNet(zt, t, c)||22

]
. (5)

Such a training scheme enables explicit and tunable guid-
ance during the reverse process. By steering the prediction
away from the unconditional estimate and towards the con-
ditional one, we control the influence of our semantic tokens.
The final noise prediction ϵ̄t used for denoising is a linear
extrapolation of the two learned outputs:

ϵ̃t = ϵ̂t(zt, t, ∅) + η · (ϵ̂t(zt, t, ϕ(Ts))− ϵ̂t(zt, t, ∅)), (6)

where η is a guidance scale that modulates the strength of
the semantic conditioning. A successful denoising process

under this strict guidance serves as robust validation that the
tokens Ts have effectively captured the essential concepts of
the image, making them a reliable foundation for the subse-
quent boosting stage.

4) Compound Loss Optimization: To train SPSLM in
an end-to-end manner, we optimize a composite loss that
balances the accuracy of the conditional denoising process
with part diversity and spatial compactness:

L = Ldiff︸ ︷︷ ︸
Construction

+λdiv Ldiv︸︷︷︸
Diversity

+λctr Lctr︸︷︷︸
Center

, (7)

where three loss are combined through hyperparameters
λdiv and λctr.

Diffusion Reconstruction Loss Ldiff measures the error
between the predicted and true noise across timesteps.

Diversity Loss Ldiv penalizes high cosine similarity be-
tween part tokens so that each semantic anchor occupies a
distinct direction in latent space:

Ldiv =
2

K(K − 1)

∑
i<j

T i
x · T j

x

||T i
x || · ||T

j
x ||

. (8)

Center Loss Lstr encourages each attention map Mk
p to

concentrate around its learned centroid:

Lctr =
1

K

K∑
k=1

∑
(i,j)∈Ak

Mk
p (i, j)||Pij − Ck||22, (9)

where Ak is the coordinate set of salient elements in Mk
p ,

Pij is the elements location and Ck is the centroid of the
salient area Ak.
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By jointly minimizing the three components, PSLM
learns to discover a set of diverse and spatially compact se-
mantic parts. The conditional denoising task validates that
these discovered parts are semantically meaningful, as they
must be sufficient to guide the generative process, all with-
out requiring explicit segmentation labels.

Semantic Boosting Module
The SBM leverages semantic masks {Mk

p }Kk=1 generated
by SPSLM to progressively build a unified embedding rep-
resentation through dual-task optimization. The sequence
of semantic masks is sorted by mean activation intensity
to mimic a coarse-to-fine perceptual strategy. This guides
learners to focus first on broad regions and then on details,
an approach that empirically outperforms random ordering.

Shown in Fig.3, SBM operates through K sequential
stages, with the aim to learn a cumulative embedding extrac-
tor EK =

∑K
j=1 αje

j which focuses on a specific seman-
tic region defined by Mp and can lead to better downstream
task (classification) performance. This architecture mimics
human visual cognition by learning from part-to-whole rela-
tionships while enforcing cross-task consistency.

To capture the region-focused embeddings, MAE sequen-
tially recovers image details from the most salient semantic
part to the complete instance. At the k-th stage, the masked
input is formed by element-wise multiplication:

IkM = I ⊗Mk
p . (10)

The shared feature extractor processes this masked input to
generate focused features fk

m = Ek(IkM ). These features are
then fed to the reconstruction head:

Îk = Gk−1 + αkg
k(fk

m), (11)

with Gk−1 =
∑k−1

j=1 αjg
j(f j

m) reconstructing the original
image I from the masked feature in the k-th and previous
steps, and gk means the k-th reconstruction model. The re-
construction follows gradient boosting principles, targeting
the residual region:

Lrec = ||I − Îk||22. (12)

For classification tasks, SBM implements gradient boost-
ing dynamics in output space through additive logits. At
stage k, the classification head produces logit hk(fk

o ) with
hk the lightweight MLP and fk

o = Ek(I). These ensemble
predictions across stages:

pk = Softmax(Hk−1(I) + αkh
k(I)). (13)

As the boosting classification mechanism minimizes cross-
entropy loss:

Lcls = CE(pk, y), (14)
which means hk mimics gradient descent in output space:

hk ≈ −∇Hk−1
Lk−1
cls , (15)

satisfying the first-order condition for loss reduction
The entire framework of SBM is optimized end-to-end via

a composite loss balancing both objectives:

Lk
tot = λrec · Lrec + λcls · Lcls, (16)

with λrec, λcls balancing task importance. The gradients
propagate through all components, which creates synergis-
tic pressure to reconstruct geometric details within semantic
regions while enhancing the classification discrimination.

Principled Semantic Decomposition
The efficacy of S2-Boosting relies on its ability to learn
a set of features that are inherently complementary and
compatible. This ensures that the model builds a coarse-to-
fine understanding by progressively integrating information
from global context down to local details, a process funda-
mentally consistent with human visual cognition. For our
model to be justified, we now demonstrate from a theoreti-
cal perspective of Variational Information Bottleneck (VIB)
(Tishby, Pereira, and Bialek 2000; Alemi et al. 2016).

The goal of supervised learning, as defined by VIB, is to
learn a compressed representation R of a high-dimensional
input X that is maximally informative about a target label Y .
This is formalized as a trade-off between predictive power
and compression, governed by the objective:

max
R

I(R;Y )− β · I(R;X), (17)

where I(·; ·) denotes the mutual information, I(R;X) mea-
sures the representation’s relevance for the task, while
I(R;Y ) measures the semantic relevance for predicting Y .

By decomposing the image I into K semantic parts
{I1M , ..., IKM}, S2-Boosting turns this one hard problem into
a series of easier ones. This has two key advantages:

1) Reducing Representational Redundancy: Each se-
mantic part IkM has lower entropy (He) than the full image
(He(I

k
M ) ≪ He(I)). By limiting each base learner to a low-

entropy region, the VIB trade-off simplifies significantly:

max
Rk

I(Rk;Y )− β · I(Rk; I
k
M ). (18)

Constraining the input space acts as a strong regularizer, re-
ducing the risk of overfitting to spurious correlations and
making minimization of I(Rk; I

k
M ) more effective. This

aligns with the principle of entropy minimization, which
mitigates noise from irrelevant information (Li et al. 2025).

2) Systematic Information Aggregation: The total infor-
mation about Y provided by all parts follows the chain rule
of mutual information:

I(X1, . . . , XK ;Y ) =I(X1;Y ) + I(X2;Y |X1) + . . .

+I(XK ;Y |X1, . . . , Xk−1).
(19)

This equation shows that total information is the sum of
the information from the first part, plus the new information
from the second part, and so on.

Our boosting process directly mimics this. The first
learner captures the most obvious information I(I1M ;Y ).
Subsequent learners, by training on the errors of the previous
ones, are naturally guided to capture the new, conditional in-
formation I(IkM ;Y |I1M , ..., Ik−1

M ) from the next part.
By solving a sequence of easier problems, S2-Boosting

builds a final representation that is more robust and accurate
than a single model trying to solve the hard problem all at
once (Luo et al. 2019).
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Method Base CIFAR-10 CIFAR-100 ImageNet-1K
Top-1 Acc. (%) Top-1 Acc. (%) Top-1 Acc. (%) Top-5 Acc. (%)

Base Models

ViT (Dosovitskiy et al. 2020) ViT-B 98.95 91.67 83.97 95.28
ViT-L 99.16 92.44 85.15 96.13

BEiT (Bao et al. 2022) ViT-B - 90.10 83.2 -
DeiT (Touvron et al. 2021) ViT-B 99.10 91.30 83.4 -

Mask guided Baselines

MAE (He et al. 2022) ViT-B 98.20 87.60 83.6 95.1
ViT-L 99.42 93.31 85.9 96.2

iBOT (Zhou et al. 2022b) ViT-B 99.20 92.20 84.0 -
SemMAE (Li et al. 2022) ViT-L - - 84.5 96.5
DiffMAE (Wei et al. 2023) ViT-L - - 88.1 97.8
SGMAE (Shin et al. 2024) Vit-B 99.27 90.00 83.2 96.0

Ensemble Methods

XgBoost (Chen and Guestrin 2016) ViT-S 97.71 90.02 80.73 94.06
ViT-L 98.89 93.04 84.03 95.82

LightGBM (Ke et al. 2017) ViT-S 97.40 84.25 78.28 93.61
ViT-L 98.13 90.62 82.57 95.35

BoostForest (Zhao et al. 2023) ViT-S 98.67 91.21 83.54 94.87
ViT-L 99.14 92.49 84.07 95.14

Re-Boosting (He et al. 2025) ViT-S 98.92 91.42 83.85 95.44
ViT-L 99.24 92.86 84.71 96.39

Our Proposed Method

S2-Boosting (Ours) ViT-S 99.18 92.69 84.52 96.77
ViT-L 99.51 93.47 88.35 98.03

Table 1: Performance comparison with state-of-the-art methods on CIFAR-10, CIFAR-100 and ImageNet-1K. All results are
reported as Top-1 accuracy, with Top-5 also included for ImageNet. The best results are highlighted in bold.

Experiment

Experiment Setting

Hardware and Software: All experiments were con-
ducted on a server equipped with four NVIDIA RTX 3090
GPUs. Our framework is implemented using PyTorch 2.6.

Dataset: We evaluate our method’s effectiveness and
generalization capabilities on standard image classifica-
tion benchmarks. Including CIFAR-10/100, which contain
60,000 images across 10/100 classes respectively. Besides,
to test scalability on more complex data, we also use the
large-scale ImageNet-1K benchmark (Deng et al. 2009),
which contains over 1.2 million training images spanning
1000 diverse categories.

Model Architecture: For CIFAR, we employ a
lightweight, fully trainable framework: the SPSLM uses
TinyViT and a small diffusion model trained from scratch,
while the SBM uses equally lightweight MAEs as weak
learners. For ImageNet, we leverage powerful pre-trained
models: the SPSLM uses a frozen iBOT (ViT-L/16) and
fine-tunes the U-Net from a pre-trained Stable Diffusion
v1.4, while the SBM fine-tunes a pre-trained DeiT-Tiny as a
more capable base learner for each boosting stage.

Training Hyperparameters: Across all experiments, the
AdamW optimizer is used. The initial learning rate is set to
1e-4 for modules trained from scratch and fine-tuning pre-
trained modules. Key loss-balancing hyperparameters are
set empirically: the number of semantic parts K = 6, recon-
struction weight λrec = 1.0, diversity weight λdiv = 0.1,
and center weight λctr = 0.1.

Comparision Experiment
As detailed in Table.1, we benchmark S2-Boosting against
three distinct categories of state-of-the-art methods: foun-
dational Base ViT models; advanced Mask-guided Base-
lines which learn a single semantic representation; and var-
ious Deep Ensemble models, including those that apply tra-
ditional boosting to unstructured deep features. For sev-
eral advanced baselines, namely BEiT, DeiT, iBOT, Sem-
MAE, and DiffMAE, we report the performance metrics
as published in their original papers to ensure a fair and
direct comparison. The results demonstrate the superiority
of our proposed framework. With a ViT-L backbone, S2-
Boosting consistently achieves the highest Top-1 accuracy
across all datasets, reaching 93.47% on CIFAR-100 and
88.35% on ImageNet-1K. This superior performance high-
lights the unique advantage of our design. While standard
ensembles offer modest gains over their base models, they
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ID Model Configuration Top-1 Top-5
(a) Full Model 88.35 98.03
(b) w/o Boosting 76.73 89.71

(c) w/ Random Grid Masks 85.07 95.89

(e) SPSLM w/o Ldiv and Lctr 83.35 95.75

(d) SBM w/o (Lrec) 81.37 94.14

Table 2: Ablation studies on the Imagenet dataset. The full
model serves as the baseline for comparison.

are limited by their failure to exploit the image’s seman-
tic structure. Conversely, while powerful single models like
DiffMAE effectively use semantic information, they lack
the collaborative, error-correcting power of boosting. S2-
Boosting excels by synergistically unifying these two prin-
ciples, guiding an iterative boosting process with semantic
part discovery to construct a more robust and accurate final
model that outperforms all competing approaches.

Ablation Studies

We conducted a series of ablation studies on ImageNet-1K,
as detailed in Table.2, to dissect the contribution of each
key component of S2-Boosting. The indispensable role of
the boosting mechanism is starkly evident in model (b),
where its removal causes a catastrophic drop in accuracy to
76.73%, confirming that a simple ensemble is insufficient.
Furthermore, the importance of semantic guidance is vali-
dated by model (c); replacing our learned masks with simple
random grid masks degrades performance to 85.07%, prov-
ing that guiding learners with meaningful partitions is cru-
cial. The integrity of our two main modules is also critical.
Disabling the mask quality objectives (Ldiv,Lctr) in the SP-
SLM or the reconstruction loss (Lrec) in the SBM leads to
significant performance declines. Collectively, these results
affirm that the success of S2-Boosting arises from the tightly
integrated synergy between its semantic decomposition and
the iterative, error-correcting boosting process.

Robustness to Partial Occlusion

To evaluate our model’s resilience, we tested its performance
on ImageNet-1K under increasing levels of random patch
occlusion, with results shown in Table.3. S2-Boosting con-
sistently and significantly outperforms the baseline ViT-L
across all conditions. Notably, even with 50% of the image
occluded, our model maintains an impressive 75.61% accu-
racy, a level the standard ViT fails to achieve even at just
20% occlusion. This superior robustness is a direct benefit
of our ensemble design. Unlike a monolithic model where
occlusion can corrupt the entire global representation, S2-
Boosting can still rely on specialized learners whose corre-
sponding semantic parts remain visible, allowing it to make
a robust final prediction even with incomplete information.

Method Occlusion Patch Size
0 5% 10% 20% 50%

ViT-L/16 83.97 82.36 81.49 77.88 60.37
S2-Boosting 88.35 87.96 86.41 82.19 75.61

ViT Drop - 1.61 2.48 6.09 23.60
Our Drop - 0.39 1.94 6.16 12.74

Table 3: Top-1 Accuracy (%) on ImageNet-1K under vary-
ing levels of random patch occlusion.

Ori P1 P2 P3 P4 P5 P6

Figure 4: Visualization of S2-Boosting’s interpretable,
coarse-to-fine learning strategy. For each object, the model
first identifies a broad, salient region before sequentially fo-
cusing on smaller, complementary semantic details.

Visualization of Semantic Progressive Boosting
To provide evidence of our model’s intrinsic interpretability,
Fig.4 visualizes the semantic decomposition process on var-
ious ImageNet samples. For each object, the initial learner
correctly identifies a large, general region that is most salient
for classification with the guidance of pretrained ViT mod-
els, such as the wings of the butterfly or the main body of the
hamster. Subsequent learners in the boosting sequence then
progressively focus on smaller, complementary, and seman-
tically coherent parts, such as the butterfly’s antennae, the
fly’s eyes, the fish’s fins, and the rooster’s beak. Instead of
merely finding a single important area, this structured de-
composition into diverse, meaningful components provides
clear insight into how the final prediction is constructed by
aggregating specialized part-based knowledge.

Conclusion
In this work, we propose S2-Boosting, a framework that
unifies a cognitive coarse-to-fine strategy with the error-
correcting power of ensemble boosting. Our approach
achieved superior performance, interpretability, and robust-
ness to occlusion. Its primary limitation is the computational
overhead from its sequential ensemble learning and genera-
tive components. Future work will focus on enhancing effi-
ciency via distillation and parameter sharing.
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