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Abstract

Semi-supervised learning (SSL) is often hindered by learn-
ing biases when imbalanced datasets are used for train-
ing, which limits its effectiveness in real-world applica-
tions. In this paper, we propose Semi-ViM, a novel SSL
framework based on Vision Mamba, a bidirectional state
space model (SSM) that serves as a superior alternative
to Transformer-based architectures for visual representa-
tion learning. Semi-ViM effectively deals with imbalanced
datasets and improves model stability through two key in-
novations: LyapEMA, a stability-aware parameter update
mechanism inspired by Lyapunov theory, and SSMixup, a
novel mixup strategy applied at the hidden state level of
bidirectional SSMs. Experimental results on ImageNet-1K
and ImageNet-LT demonstrate that Semi-ViM significantly
outperforms state-of-the-art SSL models, achieving 85.40%
accuracy with only 10% of the labeled data, surpassing
Transformer-based methods such as Semi-ViT.

1. Introduction

Semi-supervised learning (SSL) aims to mitigate the
scarcity of large-scale labeled training data while reduc-
ing annotation costs [16]. In the context of classification,
however, a challenge remains: Most state-of-the-art (SOTA)
SSL models are trained under the assumption that access to
a dataset with a balanced number of labeled samples per
class is possible, which is often overly idealized and devi-
ates significantly from real-world conditions [20]. In prac-
tice, label imbalance induces learning biases in SSL, ulti-
mately compromising model performance [41].

Due to its outstanding performance, many studies have
integrated the vision Transformer (ViT) into SSL meth-
ods [4, 43, 46]; e.g., Semi-ViT, adopts a pre-training and
fine-tuning approach to achieve SOTA results [4]. How-
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Figure 1. Semi-ViT-Small trained with only 1% of the labeled data
of ImageNet-1K. Left: Training fails when FixMatch is used. The
loss decreases but test accuracy remains near zero. Right: Training
is unstable and fails when EMA-Teacher is used: The loss and
accuracy oscillate heavily.

ever, Semi-ViT has a weaker inductive bias, requiring large-
scale data for effective training [39]. Moroever, as shown
by our experiments, Semi-ViT does not perform well on
long-tailed imbalanced datasets, like ImageNet-LT, con-
firming its limitations in handling label imbalance. Al-
though the performance of Semi-ViT can be improved by
increasing the model size, e.g., Semi-ViT-Huge, this comes
at the expense of a larger number of trainable parameters,
around 632M [4]. Vision Mamba (ViM), which incorpo-
rates a bidirectional state space model (SSM), has model-
ing capabilities comparable to those of ViT, while achieving
subquadratic-time computational and linear memory com-
plexities [47].

Based on the previous discussions, this paper integrates
ViM into an SSL framework for classification and pro-
poses a ViM-based SSL model, hereinafter called Semi-
ViM. Semi-ViM incorporates two key innovations aimed at
improving model stability during training and performance:
LyapEMA and SSMixup. LyapEMA is a novel parameter
update mechanism that leverages the Lyapunov theory to
dynamically adjust parameter updates, ensuring a more sta-
ble training process. LyapEMA addresses the training fail-
ures encountered when using only a small amount of labeled



data to train Semi-ViT-Small, as shown in Fig 1. LyapEMA
also helps prevent training collapse, commonly encountered
when using the exponential moving average (EMA) and
FixMatch parameter update mechanisms [4]. SSMixup, on
the other hand, is a novel mixup strategy that operates at the
hidden state space of SSMs and goes beyond the traditional
input-level mixup strategy. Specifically, SSMixup incorpo-
rates mixed hidden states as residual units in the training
process, improving the model’s capability to generalize un-
der sparse label conditions. Our main contributions can be
summarized as follows:

* We propose Semi-ViM, an SSL framework that outper-
forms other SSL methods based on CNNs and Trans-
formers. The number of parameters of Semi-ViM is only
around one-fourth of that of Semi-ViT.

* We propose LyapEMA, a novel parameter update mech-
anism that successfully addresses the training instabil-
ity issues commonly found in Semi-ViT, thus improving
model convergence and generalization capabilities.

* We propose SSMixup, a hidden state space-level mixup
strategy that effectively enhances the learning capability
of bidirectional SSMs.

* Based on evaluations on the the long-tailed ImageNet-LT
dataset, we demonstrate Semi-ViM’s strong capabilities
in mitigating learning biases caused by label imbalance.

2. Related Work

Imbalanced datasets are those in which the different classes
are distributed unequally, often resulting in long-tailed dis-
tributions [7]. SSL aims to leverage a small amount of
labeled data and a large amount of unlabeled data to im-
prove performance, which is useful to deal with imbalanced
datasets. SSL has achieved significant advancements in sev-
eral computer vision tasks [10, 11, 21, 38, 45].

Traditional SSL methods, e.g., entropy minimization and
consistency regularization [13, 15], exploit unlabeled data
to reduce dependence on manual annotation. For example,
consistency regularization leverages unlabeled data under
the assumption that a model’s predictions remain consis-
tent under different input perturbations. Mainstream meth-
ods include II-Model [22], Mean Teacher [40], Virtual Ad-
versarial Training (VAT) [30], and FixMatch [38], which
is an important benchmark in SSL [38]. Pseudo-Labeling
[23] is a common strategy used in SSL. It consists of using
the model’s predictions on unlabeled data as pseudo-labels
for training. Noisy Student, FixMatch [38], and FlexMatch
[45] adopt this strategy and use confidence thresholds to fil-
ter out pseudo-labels.

Several SOTA SSL methods are based on FixMatch
or any of its variants, e.g., FlexMatch and CoMatch
[24], which integrate contrastive learning or self-supervised
methods to enhance performance. However, these meth-
ods typically assume that the class distribution is balanced,
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which is rarely the case in real-world scenarios [12]. When
dealing with imbalanced datasets [8], these SOTA SSL
methods face two primary challenges. First, pseudo-label
biases, i.e., models tend to predict more frequently the ma-
jority classes when generating pseudo-labels, exacerbating
the imbalance issue and limiting learning from the minority
classes [19]. Second, low-quality pseudo-labels, i.e., mod-
els tend to assign low confidence scores to those pseudo-
labels generated for the minority class samples, thus reduc-
ing their impact on training and potentially leading to train-
ing collapse [4]. For example, FixMatch relies on a fixed
confidence threshold for selecting pseudo-labels, but in an
imbalanced dataset setting, pseudo-labels of the minority
classes often fail to reach this threshold, leading to insuffi-
cient learning from such classes [4, 43].

3. Preliminaries

State Space Models and ViM: SSMs have a long-standing
history in control systems and signal processing, offering a
structured approach to sequential data modeling [47]. Deep
learning adopts SSMs to more effectively handle long-
range dependencies compared to traditional recurrence-
based models. Unlike Transformers, which rely on global
self-attention, SSMs leverage structured state transitions for
sequential data propagation, enabling subquadratic compu-
tational complexity and linear memory scaling [47]. In
computer vision, SSMs have been integrated into deep ar-
chitectures to enhance representation learning by modeling
both spatial and temporal dependencies [27, 47]. The SSM
is formulated as a discrete-time state-space system [47]:

hy = Ahy—1 + Bxy,  ye = Chy, (D

where A € RV*N is the state transition matrix; B € RV*1
and C € R™¥ are input and output projection matrices,
respectively; x; represents the input sequence at time step
t; and y,; is the correspnding output representation. The
parameters of an SSM are usually optimized in a data-
dependent manner to ensure computational efficiency and
parallelization.

The bidirectional extension of SSMs further improves
feature learning by capturing both forward and backward
information, making it a competitive alternative to self-
attention mechanisms used by Transformers. [47]. The bidi-
rectional SSM operates in the forward (/) and backward (%)
direction:

hl = An! |+ Bz, yf =Chnl; 2)

ht = Ahb,, + Bxy, y? =Chl. 3)

The final output at time step ¢ is obtained by merging the
forward and backward outputs through a gating mechanism:

yi = SiLU(2) @ y{ + SiLU(2) ® g, )
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Figure 2. Differences between (a) FixMatch, (b) EMA-Teacher and (c) Semi-ViM (ours). In the figure, X and X,, are, respectively,
strongly and weakly augmented inputs; p® and pS,,, 4. are the predictions of the student model on Xs; p* and pj.,.ne are the predictions
of the teacher model on X,,; 7 is the threshold used to select pseudo-labels; and 6, §5tudent gteacher are respectively, the learnable
parameters for the entire model, the student model, and the teacher model.

where SiLU(-) is the Sigmoid-weighted Linear Unit activa-
tion function, and z is a gating vector that adaptively bal-
ances bidirectional information.

ViM adopts a bidirectional SSM for visual representation
learning and integrates positional embeddings for spatial
awareness. In ViM, the input image is first partitioned into
patches and projected onto a high-dimensional feature space
before being processed. With a linear computational com-
plexity, ViM provides data-dependent global visual mod-
eling, significantly improving efficiency in high-resolution
tasks compared to Transformer-based architectures [26, 47].

Mixup strategies: These strategies interpolate input
samples and labels, and hence can be used as data augmen-
tation techniques to improve generalization capabilities [2].
In SSL, they can enhance pseudo-labeling and provide con-
sistency regularization [34]. Recent variants extend mixup
strategies to the feature space and pseudo-label frameworks,
e.g., the probabilistic pseudo mixup strategy refines pseudo-
label quality by weighting interpolated samples based on
their confidence scores, which are derived from the model’s
softmax outputs or uncertainty estimates. These variants
can improve SSL robustness, particularly for ViTs, which
benefit from stronger regularization [4].

Weak and strong data augmentation: Weak data aug-
mentation involves simple transformation, e.g., random
cropping, flipping, or slight color jitter, which introduce
small variations to the original data to help a model learn
from basic invariances. Strong data augmentation, on the
other hand, applies more aggressive transformations, e.g.,
large crops, strong color distortions, or more significant per-
turbations, which force a model to learn more robust repre-
sentations by simulating more challenging scenarios [31].
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4. Proposed Semi-ViM framework

Semi-ViM adopts a teacher-student framework and uses
a labeled dataset, X; = {(z},4!)}~,, and an unlabeled
dataset X, = {x¥}N for training. Specifically, the
teacher model, fieacher(6°°*""), generates pseudo-labels,
{g:}, for unlabeled samples, {z!'}, and outputs confidence
scores, {0;}, for the pseudo-labels. The student model,
Fstudent (059", is then trained on samples mixed accord-
ing to their confidence scores. The difference between the
training paradigm of Semi-ViM and those of FixMatch and
EMA-Teacher is shown in Fig 2.

In this section, we first introduce LyapEMA, which is in-
spired by Lyapunov stability theory [36] and stabilizes pa-
rameter updates, thus preventing model collapse during the
training of Semi-ViM. Next, we introduce SSMixup, a new
mixup strategy designed for SSM-based models. Unlike
traditional mixup strategies that operate solely on the in-
put level, SSMixup mixes the hidden states of bidirectional
SSMs. Finally, we detail the training and loss function of
Semi-ViM.

4.1. LyapEMA

LyapEMA is a novel optimization framework that inte-
grates Lyapunov stability theory with EMA. LyapEMA is
designed for teacher-student frameworks under an SSL set-
ting. It has two main objectives. The first is to ensure stable
parameter updates, because training SSL frameworks, like
Semi-ViT, with a limited amount of labeled data can lead
to training collapse. The second objective is reducing the
learning bias associated with pseudo-labels while preserv-
ing the advantages of EMA in refining the teacher model.
Let fsudent and gteaher denote the student and teacher
model parameters, respectively. EMA updates the teacher



model using gradient descent as follows:

teacher teacher student
Ht = Oétet_l + (1 — at)Gt y (5)

where a € (0,1) is the EMA decay factor. However, EMA
cannot guarantee stability, potentially leading to divergence
due to accumulated bias associated with learning from
pseudo-labels. To address this issue, LyapEMA introduces
Lyapunov stability constraints to guide the updates. Let us
define a Lyapunov candidate function, V/ (gstudent, greacher)
to measure the discrepancy between the student and teacher
models:

(6)

V(astudent’ eteacher) _ %Hestudem _ eteacher”g_

Note that the function in Eq. 6 acts as a stability indi-
cator, ensuring that the student model does not drift too far
from the teacher model. The Lyapunov stability criterion
requires that the derivative of V (-, -) w.r.t. time, i.e., V, sat-
isfies:

av

J student teacher\ T / ystudent Nteacher
V—dt_(ﬁ 0 ) (6 0 ) <0, (7)
where @student and gteacher g15 derivatives w.r.t. time. The
criterion in Eq. 7 guarantees that the discrepancy between
the student and teacher models decreases over time, ensur-
ing convergence.

To enforce stability while leveraging EMA for smooth
teacher model updates, LyapEMA updates the student

model parameters by using aLyapunov regularization term:

Hztudem _ Hztgciem_Tlve‘c(estudem)_1_)\(eieacher_(9;tudem)7 (8)

where £(6%U%M) is a semi-supervised loss function, 7 is the
learning rate, and ) is a stability coefficient that ensures the
student model remains close to the teacher model.

LyapEMA updates the teacher model parameters by us-
ing EMA as denoted by Eq. 5. However, the EMA decay
factor o, is dynamically adjusted based on the Lyapunov
function:

oy = sigmoid(y |0 — 0129"|2), ©)

where + is a sensitivity hyperparameter controlling how o
adapts based on the student-teacher discrepancy, and the
sigmoid function ensures «; remains within (0, 1), prevent-
ing instability in the updates.

LyapEMA ensures that updates lead to stable training by
using the Lyapunov decrease condition:

Viss — Vi = 5 B — G013 — 165 — g3

(10)
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Algorithm 1 LyapEMA

Input: Initial parameters @svdent gteacher " Jearning rate 1,
stability coefficient A, sensitivity -y
Output: Stabilized parameters gstudent | greacher

1: while training not converged do

2. Compute loss £(fstudent)

3:  Update student model:
eitudem — Gilﬂdlent _ nvgﬁ(asludem) + )\(eltfeacher _

student
g

4:  Compute adaptive EMA decay in LyapEMA:
ty = sigmoid (/) gi1dent — gieicher )
5. Update teacher model:
egeacher — ateie_aclher + (1 _ at)eiludent
Ensure stability: Verify V' (0) decreases
if V; > V,_; then
Reduce learning rate: 1) < 1/2
Increase stability coefficient: A «+— A + A\
10: Recompute student and teacher updates
11:  endif
12: end while
13: return eteacher7 estudent

0O 2 3D

By using the LyapEMA update rules in Eq. 10 and ex-
panding, we obtain:

Vt+1 _ Vt ~ _mlveﬁ(astudent)H% _ )\Heitudent _ Q;CaCherH%.

(1)

Since both terms in Eq. 11 are negative, V' decreases

monotonically, ensuring stability. The complete LyapEMA

framework is summarized in Algorithm 1. In Section 5.1,

we conduct experiments not only on Semi-ViM but also on
other SSL methods to validate LyapEMA’s effectiveness.

4.2. SSMixup

SSMixup introduces mixup strategies in the input and the
hidden state space of a bidirectional SSM to effectively
leverage unlabeled data and enhance generalization in SSL.
As mentioned before, Semi-ViM adopts a teacher-student
framework where the student model, fiudent(6504™), is
trained on the mixed samples.

In SSMixup, the pseudo-label confidence scores, o; and
0j, of two unlabeled samples, x}" and 7, respectively, are
used first to compute a mixup coefficient:

05

0; +0;

(0 (12)

The mixup coefficient ¢ is used to form the mixed input
and labels:

Tmix = w%u‘f’(l—?ﬂ) x;u Ymix = ¢Qz+(1_w) gj~ (13)
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Figure 3. The SSMixup strategy. The red part applies mixup at the
hidden state level. L denotes to the number of SSMixup encoder
layers in Semi-ViM. It is a hyperparameter typically set to 24.

The mixed input xnx is then fed into the forward and
backward components of the bidirectional SSM, yielding
hidden states:

hde = SSMfwd(xmix)a hde = SSMbwd(xmix)~ (14)

SSMixup mixes the hidden states by using the mixup co-
efficient, v:

haix = ¥ B™ + (1= ) h™, (15)
where hp;, is computed as a residual unit and C' is defined
in Eq. 1. The forward and backward outputs of the bidirec-
tional SSM are merged to compute the final output (see Eq.
4):

ye = SiLU(2) ® y{ + SiLU(2) ® 4! + v(Chmiy).  (16)

where v is the control coefficient. The computed y; is used
in a cross-entropy loss with ymix to update gstudent  Parame-
ters 6'°*"r are smoothly updated via LyapEMA, maintain-
ing stable pseudo-label generation.

Figure 3 illustrates the functionality of SSMixup. By in-
troducing mixup strategies at both the input (see Eq. 13) and
hidden state levels (see Eq. 15), combined with confidence-
driven weighting, SSMixup effectively exploits unlabeled
data and significantly improves generalization capabilities
in SSL settings.

4.3. Training Semi-ViM

Training Semi-ViM involves three main steps. The first step
involves self-supervised pre-training based on Autoregres-
sive Mamba (ARM) [33], where labeled data is treated as
unlabeled data and used as part of the training samples. The
second step involves supervised fine-tuning using only la-
beled data. The third step involves SSL. These three steps
are detailed next.

Self-supervised pre-training based on ARM: To im-
prove feature extraction, we propose to leverage ARM
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for self-supervised pre-training of Semi-ViM. ARM is bet-
ter suited for ViM pre-training than Masked Autoencoders
(MAEs) and DINO-V2 (contrastive learning) [32] due to
its alignment with ViM’s sequential state-space modeling
[33]. Unlike MAEs, which rely on masked image recon-
struction and bidirectional Transformers, Semi-ViM’s bidi-
rectional state-space modeling allows to effectively lever-
age ARM’s autoregressive token prediction, making ARM
a more natural fit [17]. Compared to DINO-V2, which
depends on global feature alignment and large-batch con-
trastive learning, ARM directly optimizes sequential token
dependencies, avoiding instability from batch size sensitiv-
ity and augmentation complexity [9]. By leveraging ViM’s
structured recurrence, ARM enables faster training, bet-
ter scalability, and improved efficiency over both methods.
These statements are validated by our experiments in Sec-
tion 5.

Fully-supervised fine-tuning: After completing ARM-
based pre-training, Semi-ViM undergoes fine-tuning using
only labeled data. This process aims to leverage the rep-
resentations learned during pre-training to adapt the model
to specific downstream tasks. During fine-tuning, most pre-
trained parameters remain unchanged, with only certain lay-
ers or global parameters being updated to a limited extent in
order to improve performance in SSL. Fine-tuning specif-
ically targets layers responsible for learning bidirectional
dependencies, i.e., the forward and backward SSMs are up-
dated to better capture dependencies specific to a classifica-
tion task. The class token used in image classification tasks
is also fine-tuned during this phase.

SSL: In the third training step, we use LyapEMA, in con-
junction with SSMixup to fully exploit unlabeled data while
ensuring training stability and efficiency. This last train-
ing step consists of five key components: weak and strong
data augmentation, pseudo-label generation, LyapEMA,
SSMixup, and minimization of the loss function.

For each unlabeled sample x*, we generate a weakly
augmented sample z} and a strongly augmented sample
xy. The weakly augmented sample x}, is processed by the
teacher model fieacher to produce a set of predicted probabil-
ities, one for each class:

A7)

pteacherm% = ficacher («'EZ)
The pseudo-label for z7; is then determined as the class
associated with the highest probability in set pieacher,u

(18)

AU
Yy = arg max(pteacherzﬁ} )

Note that only unlabaled samples with a class probability
exceeding the threshold 7 are retained for training; i.e., only
those with high-score pseudo-labels are retained. SSMixup
is then applied to these unlabeled samples with high-score
pseudo labels in order to be used to train the student model.



Variant name ‘ Backbone Param. ‘ Input size
Semi-ViM-Tiny ViM-Tiny [47] ™ 2242
Semi-ViM-Small | ViM-Small [47] 26M 2242
Semi-ViM-Base ViM-Base [47] 98M 2242

Table 1. The different variants of Semi-ViM.

The overall loss function consists of the supervised loss
Liabelea and the unsupervised 10ss Lypiabeled:

L = Liaveled + t-Lunlabeled- (19)

The supervised 10ss, Liapeled, 1S based on the standard
cross-entropy (CE) loss using labeled samples:

N,
1
Liabeled = ﬁl ; CE(fsludent(-’Eé)a yi) (20)
The unsupervised 10ss Lypjabeled Uses strongly augmented
samples, =¥ as follows:

N,
1 - ~u
Luntabeled = N E HA(Oi > T)CE(fstudent(x;i)ayi )7 2D
=1

where the indicator function (o > 7) selects only those
unlabeled samples with high-score pseudo-labels, where
o denotes the probability of the class assocated with the
pseduo-label. Finally, the teacher model is updated using
LyapEMA to stabilize parameter evolution and improve the
quality of pseudo-labels.

5. Experiments

Table | lists the different variants of Semi-ViM we use in
our experiments: Tiny, Small, and Base. These variants
are trained on ImageNet-1K using 8 NVIDIA A100 (80GB)
GPUs with DistributedDataParallel (DDP) PyTorch. We
use AdamW as the optimizer with a weight decay of 0.05,
and a learning rate that follows a cosine annealing sched-
ule starting from 5 x 10~* with 10 epochs of warm-up. We
use 300 epochs for training with a global batch size of 1024
(128 per GPU) and automatic mixed precision (AMP) en-
abled. Strong data augmentation includes AutoAugment,
Mixup (a = 0.2), CutMix (« 1.0), and label smooth-
ing (¢ = 0.1). The total training time is approximately 70
hours.

We conduct classification experiments on ImageNet-1K
[9] and ImageNet-LT [28]. ImageNet-1K contains 1.28M
training and 50K validation images across 1,000 classes.
ImageNet-LT has a long-tailed class distribution. We use
a confidence threshold of 7 = 0.7 for pseudo-label selec-
tion, with weak and strong data augmentations applied to
unlabeled data. Inference is performed using a 224 x224
center crop on the images.
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5.1. Results and analysis

Semi-ViM demonstrates superior performance across mul-
tiple experimental settings as tabulated in Table 2. On
ImageNet-1K, Semi-ViM-Base achieves 85.40% accuracy
with only 10% of the labeled data, outperforming Semi-
ViT-Huge. Compared to SemiFormer, Semi-ViM consis-
tently excels, confirming the suitability of ViM for SSL.
For the more challenging ImageNet-LT dataset, Semi-
ViM-Base achieves 77.40% accuracy with only 10% of the
labeled data, significantly surpassing Semi-ViT-Huge and
SemiFormer. This demonstrates Semi-ViM’s adaptability to
long-tailed data distributions and its capability to work with
rare category representations. With only 1% of the labeled
data, Semi-ViM-Base achieves 66.30% accuracy, surpass-
ing Semi-ViT-Huge and demonstrating its strength in SSL.
In terms of the Top-5 accuracy on ImageNet-LT with
only 1% of the labeled data (last column of Table 2),
Semi-ViM-Base outperforms Semi-ViT-Huge by 6.17% and
CNN-based methods, like FixMatch and PAWS, by over
15%, highlighting its superior feature representation, class
diversity learning, and robustness against data imbalance.
Table 3 tabulates the Top-1 Average Precision (AP) on
ImageNet-LT of several fully-supervised models trained ex-
clusively with labeled data. Semi-ViM-Base with just 10%
of the labeled data achieves competitive accuracy. This
suggests that our framework efficiently extracts meaning-
ful representations even with significantly fewer labeled
samples, making it highly suitable for real-world scenarios
where labeled data may be scarce.
Figure 4 graphically summarizes the performance of
Semi-ViM and that of other SOTA SSL models and fully-
supervised models.

5.2. Ablation study

Several pre-training strategies, parameter updating meth-
ods, and mixup strategies are compared in Table 4, using
Semi-ViM-Base. ARM pre-training consistently achieves
the best performance, demonstrating its effectiveness in
leveraging sequential dependencies inherent to the ViM.
ARM reaches 81.90% (1% of the labeled data) and 85.40%
(10% of the labeled data) when used in conjunction with
LyapEMA+SSMixup, significantly outperforming MAEs
and DINO-V2 across all settings. This confirms that ARM,
designed specifically for sequential state-space models, is
a more appropriate fit for ViM than contrastive learning
(DINO-V2) or MAEzs.

In terms of parameter updating methods, LyapEMA out-
performs EMA in all configurations, particularly when used
in conjunction with ARM. Unlike EMA, LyapEMA stabi-
lizes updates by leveraging Lyapunov theory, preventing
pseudo-label collapse and ensuring more reliable parame-
ter evolution. This is particularly beneficial in low-labeled
data scenarios, where training instability is a key challenge.



CNN-based method ‘

ImageNet-1K

ImageNet-LT

| Backbone  Param. 1% 5%  10% | Param 1% 5%  10%  Top5(1%)
FixMatch [38] ResNet-50  25M - 6783 7174 | 25M - 5232 57.68 -
PAWS [1] ResNet-50  27M 6654 6921 7655 | 27M 4630 56.13 61.81 5519
FreeMatch [42] ResNet-50  26M 5542 70.11 7450 | 26M - 5554 60.94 -
SoftMatch [5] ResNet-50  28M - 7040 7620 | 28M - 5741 61.02 -
SimCLRv2(self-distilled) [6] | ResNet-152 ~ 28M  76.65 78.23 80.90 | 28M  48.55 59.30 62.10  67.28
SimCLRv2(distilled) [6] ResNet-50  28M 7590 7740 8020 | 28M 4770 57.23 60.81 68.50
Co-training method ‘ ImageNet-1K ImageNet-LT

| Backbone  Param. 1% 5%  10% | Param 1% 5%  10%  Top5(1%)
Co-Training [35] CT(MLP) ~ 56M  80.03 81.65 8170 | 56M 58.62 6479 7120 7830
MCT [35] MCT (MLP) 176M  80.75 82.08 8520 | 176M 63.18 7260 7530  80.11
Transformer-based method ‘ ImageNet- 1K ImageNet-LT

‘ Backbone  Param. 1% 5% 10% ‘ Param. 1% 5% 10%  Top-5 (1%)
DINO [14] ViT-Small ~ 22M 6521 7145 7253 | 22M  47.80 5530 59.90  64.25
SemiFormer [43] ViT-S+Conv  42M - 7280 7328 | 42M  50.10 5800 6350  67.87
DPT [44] ViT-Huge ~ 604M 8020 8250 84.06 | 604M 5591 6476 68.15 7540
Semi-ViT-Base [4] ViT-Base ~ 86M 7130 7752 79.90 | 86M 5320 6290 6840  71.50
Semi-ViT-Large [4] ViT-Large ~ 307M 76.81 80.50 82.26 | 307M 56.80 66.10 7120  74.70
Semi-ViT-Huge [4] ViT-Huge ~ 632M 8047 8320 8427 | 632M 5890 6840 7350  76.90
REACT [25] ViT-Huge ~ 65IM 79.13 8323 8474 | 632M 59.36 6871 73.08  77.45
Semi-ViM-Tiny ViM-Tiny ~ 12M  76.10 7830 81.00 | 12M 5213 6290 6830 7111
Semi-ViM-Small ViM-Small ~ 27M 8030 81.40 83.10 | 27M 6324 7215 7468  80.02
Semi-ViM-Base ViM-Base 146 M 81.90 8325 8540 | 146M 66.30 7552 77.40  83.07

Table 2. Accuracy (%) of the different variants of Semi-ViM (in pink) and other SOTA SSL models over 5 folds when 1%, 5% and 10%

of the labeled data is used for training. The best performance of other SOTA models is highlighted in peach .
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Figure 4. (a) Training accuracy (%) on ImageNet-1K of Semi-ViM-Base and other SOTA SSL methods using only 10% of the labeled data.
(b) Top-1 accuracy (%) on ImageNet-LT (1% of the labeled data) of Semi-ViM and other SOTA SSL algorithms across different model

scales. (c) Top-1 Average Precision (%) on ImageNet-LT of Semi-ViM-Base and several fully supervised models.

Regarding mixup strategies, SSMixup provides the
largest performance boost, outperforming ProbMixup con-
sistently across all pre-training methods. With ARM, Lya-
pPEAM+SSMixup boosts accuracy by 2-3% compared to
ProbMixup. This confirms that SSMixup is highly effective

for SSL, mitigating pseudo-label noise and improving gen-
eralization in low-data settings. The combination of ARM
pre-training, and LyapEMA+SSMixup achieves the high-
est accuracy, underscoring the importance of pre-training
alignment, stable parameters updates, and structured aug-
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Model Labeled data Top-1 AP Model Method 1% 10%
LIFT(ViT-L/14) [37] 100% 82.90 FixMatch [38] - -
MAM(ViT-B/16) [18] 100% 82.30 FreeMatch [42] EMA-Teacher [3] 55.42 74.50
LIFT(ViT-B/16) [37] 100% 78.30 LyapEMA 56.70 75.07
BALLAD (ResNet-50) [29] 100% 76.50 FixMatch [38] _ %
Semi-ViT-Huge [4] 10% 73.50 Semi-ViT-S [4] EMA-Teacher [3] X 75.80
Semi-ViM-Small 10% 74.68 LyapEMA B 7660
Semi-ViM-Base 5% 75.52 FixMatch [38] - X
Semi-ViM-Base 10% 77.40 Semi-ViT-B [4] EMA-Teacher [3] 66.41 78.15
LyapEMA 68.84 80.43
Table 3: T(?p-l AP (%) of fully-super.vist.:d models énd the variants FixMatch [38] % %
9f Semi-ViM on ImageNet-LT. Semi-ViM-Base  (in purple) , us- Semi-ViM-S EMA-Teacher [3] % 74.01
;Iz)gx(irél)y 10% of the labeled data, outperforms BALLAD (ResNet- LyapEMA 8030 85.40
FixMatch [38] X 71.28
Semi-ViM-B EMA-Teacher [3] 70.53 76.11
Pretrained Method 1% 10% LyapEMA 81.90 85.40
finetune - -
EMA 4211 4741 Table 5. Top-1 accuracy (%) on ImageNet-1K of FixMatch, EMA-
None LyapEMA 4473 53.26 Teacher and LyapEMA with different models using 1% and 10%
+ProbMixup 44.78  49.57 of the labeled data for training. “x” means the training failed
+SSMixup 4529 54.73 (accuracy near 0). “—” means no result is available. Results
in light blue indicate risk of training instability and collapse.
finetune 63.05 73.14
EMA 7130 74.20
MAE LyapEMA 65.30  75.65 beled data, where training fails to converge. In contrast,
+ProbMixup  66.09  75.87 LyapEMA effectively prevents collapse, achieving 61.30%
+SSMixup 66.02  76.15 and 80.30% accuracy, respectively, showing its robustness
finetune 62.02  72.63 in low-labeled data scenarios. By dynamically adapting the
EMA 6345 7357 EMA decay factor based on the student-teacher discrep-
DINO-V2  LyapEMA 64.84 75.21 ancy, LyapEMA mitigates pseudo-label bias and enhances
+ProbMixup  65.53  74.04 convergence. Additional ablation studies and the model’s
+SSMixup 6532  76.07 performance under our designed extreme imbalance scenar-
ios are provided in the supplementary material.
finetune 66.53 74.21
EMA 72.53  79.90 6. Conclusion
ARM LyapEMA 76.02  78.03
+ProbMixup 79.83 80.52 In this paper, we introduced Semi-ViM, a novel semi-
+SSMixup 81.90 8540 supervised learning framework that leverages bidirectional

Table 4. Top-1 accuracy (%) on ImageNet-1K of Semi-ViM-
Base under different pre-training strategies and parameter updat-
ing methods using 1% and 10% of the labeled data for training.
“+” means the mixup strategy used in conjunction with LyapEMA.
Best results are highlighted in bold font.

mentation in semi-supervised models based on ViM.

Table 5 compares different parameter updating metho-
dos, demonstrating the superior stability and generaliza-
tion capability of LyapEMA in SSL. The EMA-Teacher
suffers from training instability, particularly in Semi-ViT-
Small and Semi-ViM-Small with only 1% of the la-
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SSMs to mitigate learning bias caused by label imbal-
ance in classification tasks. By integrating LyapEMA, a
novel stability-aware parameter update mechanism, and SS-
Mixup, a hidden-state-level mixing strategy, Semi-ViM en-
hances both training stability and feature learning. Our
extensive experiments on ImageNet-1K and ImageNet-
LT demonstrate that Semi-ViM significantly outperforms
CNN-based and Transformer-based SSL models, achieving
superior accuracy with fewer labeled samples. Moreover,
Semi-ViM requires far fewer parameters than ViT-based
SSL models. These findings highlight the potential of state
space models as a competitive alternative to Transformers
in semi-supervised learning, particularly in addressing real-
world imbalanced datasets.
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