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Abstract: Objective Deep visual recognition models have achieved remarkable success in diverse domains ranging from
everyday object classification to specialized tasks, such as medical image analysis. However, their performance remains
heavily dependent on large-scale labeled datasets, the construction of which is costly, time consuming, and often impracti-
cal in real-world scenarios. Semi-supervised learning (SSL), which leverages abundant unlabeled data to compensate for
limited labeled samples, has therefore emerged as a promising paradigm. Among existing SSL methods, FixMatch is a
widely adopted baseline because of its simple yet powerful combination of consistency regularization and pseudo-labeling,
driven by weak-strong augmentation. However, FixMatch still faces notable limitations: feature extraction instability dur-
ing early training, entanglement of content and style caused by acquisition or imaging variations, and noise accumulation
from single-view pseudo-labels. These issues reduce the robustness and generalizability of FixMatch in realistic deployment
scenarios. Method To address these challenges, we propose FixMatch++, an enhanced framework that introduces three
tightly integrated improvements. The first improvement is learnable-shift batch normalization (LS-BN) and dual-scale par-
allel convolution (DSPC). Conventional batch normalization assumes stable channel statistics, but the aggressive augmen-
tations employed in FixMatch frequently distort these distributions, introducing bias. We design LS-BN that adaptively cor-
rects augmentation-induced deviations, and DSPC incorporates parallel convolutional branches with different receptive
fields, thus enabling rich multiscale representations and improving robustness to variations in object size and texture. The
second improvement is content-style dual-branch representation with dynamic residual gating. Natural images often embed
intertwined structural (content) and appearance (style) factors. A single-stream backbone entangles these signals, reduc-
ing discriminative power. We disentangle features into two dedicated branches: one focusing on content (shape and seman-
tics) and the other on style (texture, illumination, and acquisition artifacts). A dynamic residual gating mechanism adap-
tively fuses the two streams and selectively emphasizes informative features under varying conditions, thereby stabilizing
representation learning and enhancing generalizability. The third improvement is multilevel pseudo-label fusion. Unlike
FixMatch that generates pseudo-labels from a single augmented view, FixMatch++ aggregates predictions from weak,
medium, and strong augmentations. Their class probabilities are fused through weighted averaging, ensuring that noisy pre-
dictions from any single view are mitigated by corroborating evidence from others. In addition, we introduce a class-wise
confidence thresholding strategy, which applies tailored thresholds for different categories to prevent dominant classes from
overwhelming minority ones and to ensure balanced pseudo-label adoption. Together, these mechanisms substantially
increase the quantity and quality of pseudo-labels, which are critical for effective semi-supervised training. Result We con-
duct extensive experiments on three widely used SSL benchmarks: CIFAR-10, CIFAR-100, and SVHN. We benchmark
FixMatch++ against seven state-of-the-art baselines, namely, MeanTeacher, UDA, ReMixMatch, FixMatch, FlexMatch,
SoftMatch, and UES. Across all datasets, FixMatch++ consistently achieves the lowest classification error rates among the
approaches. Gains are particularly pronounced in low-label regimes, which best reflect real-world annotation scarcity. For
instance, under the challenging CIFAR-10 setting with only 250 labeled samples, FixMatch++ reduces the error rate to
4.56%, representing an absolute improvement of 0. 35%—27. 76% compared with the seven baselines. On CIFAR-100,
which involves 100 categories and is highly susceptible to interclass confusion, FixMatch++ demonstrates clear adaptabil-
ity, outperforming FlexMatch and ReMixMatch. On SVHN, which features digit recognition in complex street-view condi-
tions with substantial imaging variability, our framework surpasses UDA and SoftMatch, validating its robustness to acquisi-
tion artifacts. We conduct ablation studies to further validate the contribution of each proposed component. Results show
that removing learnable-shift batch normalization considerably increases the error rates, confirming the necessity of correct-
ing augmentation-induced biases. Excluding the content-style disentanglement module leads to unstable training and
increased sensitivity to domain shifts, revealing the importance of separating and adaptively fusing features. Eliminating
multilevel pseudo-label fusion degrades label quality and amplifies noise, particularly at the late training stages, thereby
verifying the effectiveness of the fusion strategy. We also perform visualization analyses, including feature map inspection,
class activation mapping, and pseudo-label confidence distribution plots. These visualizations provide intuitive evidence of
how FixMatch++ stabilizes feature extraction, disentangles factors of variation, and generates reliable pseudo-labels.
Together, the analyses confirm not only the empirical improvements but also the interpretability of the model s internal pro-

cesses. Conclusion In summary, FixMatch++ substantially advances semi-supervised image classification by introducing
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improvements at the architectural and algorithmic levels. The learnable-shift batch normalization and dual-scale convolu-

tion modules enhance the robustness of feature extraction. The content-style dual-branch representation with dynamic

residual gating disentangles and adaptively fuses complementary features, and the multilevel pseudo-label fusion mecha-

nism ensures high-quality supervision from unlabeled data. Comprehensive experiments and analyses demonstrate that

these improvements yield consistent and notable performance gains over strong SSL baselines across multiple datasets and

labeling regimes. Owing to the modular design of FixMatch++, the proposed components can be seamlessly integrated into

other SSL frameworks, extending the applicability and influence of FixMatch++. FixMatch++ enlarges the effective training

set under limited-label conditions and strengthens the reliability and interpretability of SSL. It offers a practical solution for

real-world scenarios where annotation resources are scarce yet robust performance is essential.

Key words: image classification; semi-supervised learning (SSL) ; weakly labeled data; data augmentation; pseudo-label

fusion; cross-domain adaptation
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Fig. 3  Content-style dual-branch representation module structure
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W IAUAS 1) B s 25 AN BT 4 BT R I TR A R AR

(LeakyReLU—LayerNorm—LeakyReL.U—Linear) , 15
) 38 18 HAT B E w e RS WMHRES R, RH
tanh PRECK R 4E M (=1, 1): g = tanh (w); 475 2k
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145 R EUE SCh
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SR, 114 R R AV P SRy o8 XS 455 FIE i 36 38 4 K -
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Fig. 4 Dynamic residual gating structure
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P s P FUP 53 531 2 718 — M T {5 A 555 38 5 AL
H R i L PR R 5 1 55 A0 1] ) e MR A
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max i H 1) 7 MR AT INALRL & o BRI R R
P,=P Xw, +P,xXw, +P Xw, (9)
Krp, P, RIS 5 ) B AR50 0, A x 1Y
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1.3.5 FR&AN5 RN
B2, bR 3E i AIMAL Rl G F5 A A 238 43 A1 vh
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y = Argmax(P,,,) (10)
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BIE . 25 P, > 7., WERANZ BRI EFR% .
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2 ZWHERSH

2.1 HBESIWILE

A SCHE CIFAR-10, CIFAR-100 1 SVHN 3 4~y
TE Y 2 W B 2 ) R BHE 4R kAT TN
CIFAR-10 BUGE IR A th & A 1012850 ik, fudd
KL TR AT, RS 28504 6 000 1F (5 115
CIFAR-100 UGB 4 47 100251k, a5
= R N B[ (1 PO N i e P2 P i e S M 2
MBI 600 EF G815 . SVHN & — M5t 7 )2
S EMG B 5 T M Google 5 5 Hh $H
110 2B UG, P02 505 . 3846
MRS BAnR 1 s .

TEG I HEABR G s B 4R L TS0 . A
[Fi] Fry 38 5y =0 T bR 2 R R e & 15, B
PRI IR SR IS A 1 7 o BEAS B a 1 5 Ty 4
FE KT Bl BEAILER BY LA K €0 B 2h A58 WARE i
X T Jobr & EE, i 8] T RandAugment 1 Cutout
Tiidio BT EZIPN AR B EAE 1Y 25

®1 LBHIEE

Table 1 Experimental datasets

U T vl
CIFAR-10 32x32 10 50 000 10 000
CIFAR-100 32x32 100 50 000 10 000
SVHN 32 %32 10 73 257 26 032

Sy Y 7E NVIDIATeslaP100 5 (16 GB N 1)
kA7, R E R 4 M LinuxS. 15. 133, ffi
PyTorch2. 0. 0 HEZE, CUDA JRAS M 11. 4, cuDNN it A
8. 0.9, 3-fd 1] Python3. 10. 12 /E K ZmFriE S . 1l
50 T BE MLAES BE T [ 5 (stochastic gradient
descent, SGD) LAk 4% , I X Hpb A7 T2 S R
YIZRA B E N 300 58, fiLE R/ R 640 WIAR2% )
FUE A 0. 03, IR HITE8 BOLWUR IS, 43 HITE S 60
120,160 F1 240 & IRE27 2 Z280/ N R B9 0. 2 4%
HMBEORENA=1.=0.9.1=0.95.u=7.B=64,
K=220, 2T w, w, Mw: =N (8)E LKy K%
FEAGY A 35 WA, 76 B UCHT ] RS TR A 1Y
3 Fofr ki 5 WA BT 1 B RS A 2 05 — Ak A5 31, IR [ e
HESE, e S5 R s

JIT A S 56 5 vk R R A AR [R] I 2R & DA
PR S PR BT ) — Bk
2.2 1REURTLE LI

BT AP FixMatch++HEZR P RE , 68 T
7 B YT U 0 2 MBS A 2 B SRy X LAY 43
) & MeanTeacher. UDA . ReMixMatch . FixMatch .
FlexMatch , SoftMatch 1 UES (uncertainty-aware ensemble
structure ) o X EEXT FUAL IR 55 T 3 F—22E ) |
PAFRZE A B K 3o — B E R . i Sk sy
RAEATXT L, BB A% 4 T P4l FixMatch++7E A [] 22
B E T AR RE R, i — 5 0 HoAE A PR A
PGBREEE I S5 T 3

SRR AR AR S T IR R
— 0, RIER] e ST E M. R 2501 T Fix-
Match++15 7 Bl B 26 J5 ¥4 £ CIFAR-10 (250 R4 |
4 000/M5%5) \CIFAR-100(400 5% .2 5001 45%5)
FISVHN(1 000525 ) Bl B 1 70 AT DR T

MR 2R 2 45 R W A EE A D7 125, FixMatch++
DIEAE 3R LT 28T 7 4 0y ik
AR R RE S SRR A T —E TR
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&2 FixMatch++ 77 EEINHFEE LS THELTEN D XHREXLER

Table 2 Comparison of classification error rates between the FixMatch++ method and seven baseline

methods on three datasets

1%

o CIFAR-10 CIFAR-10 CIFAR-100 CIFAR-100 SVHN
(250 1MF3%) (4000 MFR%) (4004 F5R%) (25001 45%) (1000 FR%)
MeanTeacher 32.32 9.19 67.18 53.91 3.42
UDA 8.82 4.88 59.28 33.13 2.46
ReMixMatch 5.44 472 44.28 27.43 2.65
FixMatch 5.07 4.26 48.85 28.29 2.28
FlexMatch 4.99 3.95 32.44 23.95 2.86
SoftMatch 491 4.82 31.10 26.66 2.33
UES 4.97 421 42.27 22.18 -
FixMatch++(7<32) 4.56 4.12 31.61 21.89 2.19

FixMatch++70 JSE5 R EILREE  0.35%~27.76%

0.09%~5.07%  0.83%~35.57%  0.29%~32.02% 0.09%~1.23%

TE IR S22 SR 25 S B IR 2R = R A PR L g 2 2R

1 ) {E CIFAR-10 (250 AR 25 B9 15 T, Fix-
Match++45515 28K 4. 56% , FHESN L7 145 e bl %

TF%0. 35%~27. 76%.:

2 )7E CIFAR-10(4 000 Mr%5) AU L K, Fix-
Match++43 R FE 1R 2R 4. 12% , AHEENT 7 45 254

TR TFE0. 09%~5. 07%.

3 ) {E CIFAR-100 (400 4525 ) 015 L F , Fix-
Match++43 25515 20 31, 61% , AR HE 7 ¥4 2%

KRR 0. 83%~35. 57%.

4 )£ CIFAR-100(2 500 Mr%E) I F |, Fix-
Match++43 255815 %k 21, 89% , FHEE X kb 7 432

FEIRAN 0. 29%~32. 02%.

5 ) 7E SVHN (1 000 > F5% ) 0915 %L T, Fix-
Match++58 158 A 2. 19% , AHEG H o 2845 1K
0. 29%~1. 23%.

2.3 REBRIFHRS

RN G BT it 1 45 A58 B 0T RS AL B 1Y BT
Fik L 4306 A CRT 2 2] it 5 —fb B LS-BN FIAUR
FEIFAT B AL DSPC) B (PN 25/ KU 43 5 O XLUoy 2
RKAEBLYL CS-DBR + gl &5k 2= T HL# DRG) #l C
(Z G Pbr 2 Ml -A AL ) FEA TR AL B T S 5
TGN T N RIARZE R B B T AT Rl S0 2 2R

®3 HERHMIRER (FEEREASG L)

Table 3 Module ablation experiment results (comparison of different module combinations)

1%

Jrik B C CIFAR-10@250 CIFAR-10@400  SVHN@1 000
FixMatch++ N N N 4.56 4.12 2.19
-A - N N 4.71 4.19 2.21
-B N - N 4.69 4.15 2.25
-C N N - 4.97 423 2.22
-2 - - - 5.07 4.26 2.28

Y LR R 4 T B PR B = Fm B BRZBEIR N For A

INFE 3] DL Y, B A RS He 2 S B0 (14 43
REERRA B R, JUHZTE CIFAR-10(250 MR

FEZR) A1 SVHN (1 000 PR FEAS ) B 46 I, iR AY
IR BT 0. 15% F10. 02%, A, 34
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Fig. 5 Grad-CAM class activation map visual analysis on

the CIFAR10 dataset
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2.5 FixMatch # FixMatch++8 38 & 45 FEXT EE
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K6 FixMatch 5 FixMatch++45 A4 it TRV JE 4

Fig. 6 Confusion matrices of FixMatch and FixMatch++ models
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((a) confusion matrix of FixMatch model; (b) confusion matrix of FixMatch++ model (ours))
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Fig. 7 Application of FixMatch++ on clear unlabeled images ((a) prediction distribution of a cat image at early training;

(b) prediction distribution of the same cat image after convergence; (c) a frog image misclassified as cat at early stage )
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