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domains, from everyday object classification to special-
ized 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 impractical in real-
world scenarios. Semi-supervised learning (SSL) has
therefore emerged as a promising paradigm, leveraging
abundant unlabeled data to compensate for limited
labeled samples. Among existing SSI. methods, Fix-
Match is a widely adopted baseline due to its simple
yet powerful combination of consistency regularization
and pseudo-labeling, driven by weak - strong augmen-
tation. Nevertheless, FixMatch still faces notable limi-
tations : feature extraction instability during early train-
ing, entanglement of content and style caused by acqui-
sition or imaging variations, and noise accumulation
from single-view pseudo-labels. Collectively, these
issues hinder the robustness and generalizability of Fix-
Match in realistic deployment scenarios. Methods. To
address these challenges, we propose FixMatch++, an
enhanced framework that introduces three tightly inte-
grated improvements. (1) Learnable-Shift Batch Nor-
malization (PSBatchNorm2d) and Dual-Scale Parallel
Convolution (DSPC). Conventional batch normaliza-
tion assumes stable channel statistics, yet the aggres-
sive augmentations employed in FixMatch frequently
distort these distributions, introducing bias. We
design a learnable-shift batch normalization that adap-
tively corrects augmentation-induced deviations, while
DSPC incorporates parallel convolutional branches
with different receptive fields, enabling richer multi-
scale representations and improving robustness to varia-
tions in object size and texture. (2) Content - Style
Dual-Branch Representation with Dynamic Residual
Gating. Natural images often embed intertwined struc-
tural (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 semantics) , the other on style (texture,
artifacts). A dynamic

illumination, acquisition

residual gating mechanism adaptively fuses the two

streams, selectively emphasizing informative features
under varying conditions , thereby stabilizing represen-
tation learning and enhancing generalizability. (3)
Multi-Level Pseudo-Label Fusion. Unlike FixMatch,
which generates pseudo-labels from a single augmented
view, we aggregale predictions from weak, medium,
and strong augmentations. Their class probabilities are
fused through weighted averaging, ensuring that noisy
predictions from any single view are mitigated by cor-
roborating evidence from others. In addition, we intro-
duce a class-wise confidence thresholding strategy,
which applies tailored thresholds for different catego-
ries to prevent dominant classes from overwhelming
minority ones and to ensure balanced pseudo-label
adoption. Together, these mechanisms substantially
increase both the quantity and quality of pseudo-
labels, which are critical for effective semi-supervised
training. Results. We conduct extensive experiments
on three widely used SSL benchmarks: CIFAR-10,
CIFAR-100, and SVHN. We benchmark FixMatch++
against state-of-the-art ~ baselines—Mean-
Teacher, UDA, ReMixMatch, FixMatch, FlexMatch,
SoftMatch, and UES. Across all datasets, FixMatch++

seven

consistently achieves ‘the lowest classification error
rates. Gains are particularly pronounced in low-label
regimes, which best reflect real-world annotation scar-
city. For instance, under the challenging CIFAR-10
setting with only 250 labeled samples, FixMatch++
reduces the error rate to 4. 56%, representing an abso-
lute improvement of 0.35% - 27.76% compared with
the seven baselines. On CIFAR-100, which involves
100 categories and is highly susceptible to inter-class
confusion, FixMatch++ demonstrates clear adaptabil-
ity, outperforming FlexMatch and ReMixMatch. On
SVHN, which features digit recognition in complex
street-view conditions with significant imaging variabil-
ity, our framework surpasses UDA and SoftMatch,
validating its robustness to acquisition artifacts. To fur-
ther validate the contribution of each proposed compo-
nent, we conduct ablation studies. Results show that
removing learnable-shift batch normalization signifi-

cantly increases error rates, confirming the necessity of
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correcting augmentation-induced biases. Excluding
the content - style disentanglement module leads to
unstable training and higher sensitivity to domain
shifts, illustrating the importance of separating and
adaptively fusing features. Eliminating multi-level
pseudo-label fusion degrades label quality and ampli-
fies noise, particularly in later training stages, thereby
verifying the effectiveness of the fusion strategy.
Beyond quantitative metrics, we also perform visualiza-
tion analyses—including feature map inspection, class
activation mapping (GAM) , and pseudo-label confi-
dence distribution plots. These visualizations provide
intuitive evidence of how FixMatch++ stabilizes feature
extraction, disentangles factors of variation, and gener-
ates more reliable pseudo-labels. Together, the analy-
ses confirm not only the empirical improvements but
also the interpretability of the model’ s internal pro-
cesses. Conclusion. < In summary, FixMatch++ sub-
stantially advances semi-supervised image classifica-
tion by introducing improvements at both the architec-
tural and algorithmic levels. The learnable-shift batch
normalization and dual-scale convolution modules
enhance the robustness of feature extraction; the con-
tent — style dual-branch representation with dynamic
residual gating disentangles and adaptively fuses
complementary features; and the multi-level pseudo-
label fusion mechanism ensures high-quality supervi-
sion from unlabeled data. Comprehensive experiments
and analyses demonstrate that these improvements
yield consistent and significant performance gains over
strong SSL baselines across multiple datasets and label-
ing regimes. Thanks to its modular design, the pro-
posed components: can be seamlessly integrated into
other SSL frameworks, thereby extending its applicabil-
ity and impact. Ultimately, FixMatch++ not only
enlarges the effective training set under limited-label
conditions but also strengthens the reliability and inter-
pretability of SSL, offering a practical solution for real-

WOI‘ld scenarios Where annotation resources are scarce

yet robust performance is essential.
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Figure 4 Dynamic Residual Gating structure
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f=f +6G(s) (5)
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vy e, PR Gl A R e T A ) O AR A, AT
FeThE B T R
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Match-++XJ i A G T T =[] A 3 5 S, LA
FRA AR AL BRI 5y AL
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KOt R PR, BEALER BT AR BIEE S5 . TR
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tion, fATFR As ) + {5 1T B0 38 A RS 4 5 07 %, 2 Cutout.
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= 5 Ty O LA PTG 1 K8 4 53 Sl i A2
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S e

=1

X [l — K 18 R AT 2 G0 R R 0 |, 28 ot
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2 EWEERSH

2.1 HIFEEEXEEE

£ CIFAR-10 (Canadian Institute for Advanced
Research, 10 classes) . CIFAR-100, SVHN (Street
View House Numbers ) =~/ FF 142 B 2 o] 54K
PEAE B AT T 9088 . CIFAR-10 B ARG 45 b & A
102N AR AL 45 RAIL TR R 55, A 2001
A 6000 iF % 2 % ; CIFAR-100 FHE B4 46 & A
10012850 A M0 , A0 35 50 JAR 21, 2 AN [ b
M AE 2 i S A, R BN 200 600 R (IR
. SVHN 2 — 5t )2 S5 i BB 48 40
T M Google 75 G ER U 10 2507 1R, HIK
P 5 & S . = AN BR S RS BT
w1,

TEG IS HAB ARG i Bl R 7508 . A
[e] 4y 185 568 5 2N FH T AR 28 RGO e bn 2 1R, B
PR G s SRS AR 1R s o BEAS BB S i 7 R
TEOKF- e BERLE T B R 3 55 IR AT, T
FIobr 2 K14, i H T RandAugment F1 Cutout 75
o B h R EEIF M R AR N B IE SR A T

F1 ZWHEIEE
Table 1 Experimental dataset

PLES S @RIl S 4

HARE BB K% = =
CIFAR-10 32x32 10 50,000 10,000
CIFAR-100  32x32 100 50,000 10,000

SVHN 32x32 10 73257 26,032

SZ I B 7E NVIDIATeslaP100 5+ (16GB %)
b #E AT, B E R % M LinuxS. 15,133, 1 ]
PyTorch2. 0. O#E42, CUDA R4 A 11. 4, cuDNN Jifi A%
9.8.0.9, 38 ] Python3. 10. 12/E M4 fiE S .
2 i F 7 SGD (Stochastic Gradient Descent) fLAL#% ,
FEXTHLAEAT T 2 2 B B o I ZRde B0k BN 300
L RN 64, PIIRS 2 R E R 0.03, IR
FHAE B R NS, 73 BITE S 60,120, 160 1 240 FEHif
28 2] Rpg/N R ER G 0. 25 . MSEULE =1,
£=0.9,17=0.95, u=7, B=64, K=220, % F w, . w,

w,: = R (8) LI G A G [ 35 WAL E , 7
BEUCHT 0] B 2 F SRR A B =R s R 1] 9 e K26
SIREZRIH — A5 3, AR [ 8 8 240, B A TE B 28
Ty,

ST A S 56 5 vk R A A AR [R] I 5 DA
PR S B IS 1) — BhE
2.2 EEIFFLL LIS

AT A VAL FixMatch++HEZR (R PERE , 68 T
PLUTR 7 i 2 5 32 00 0 o W 2 o B Ry ke A
’Y 4y 3 2 . MeanTeacher, UDA . ReMixMatch . Fix-
Match . FlexMatch . SoftMatch Fl UES,

DO AR RS W T T T B S bR
Az WD B35 — v AR RN . I Sk sy AT
ST, BE 8 42 T P4 FixMatch++ 76 A [7] 2 W 2 )
WE T RPERER I, 2 — P 50 uk AR A R EG 45 2%
Bln & L

YRR AR PR A A PR S B A SRR R R
— 0, UARIET] e E ST E MM . 2801 T Fix-
Match++5 7 #3277 ¥ 7E CIFAR-10(250 MR 2% |
4000 4525 ) L CIFAR-100(400 M5R%E 2500 4528 )
H SVHN (1000 /™45 25 ) B4l 48 b i 43 2 4 iR &
XF o

HR 4 2% 2 45 5 s A LA 7 7% L FixMatch++
JPRAE = A B LT 280 T L 5o k™
AR A S VERE TR R IR R B T —E W
TR

fE CIFAR-10 (250 /> #1 25 ) W 15 0L T, Fix-
Match++4515 8 A 4. 56% , AHEN b7 ik iR
TREO. 35%-27. 76%.

£ CIFAR-10 (4000 > 45 25 ) B9 15 &% T : Fix-
Match++73 2R 4510 KR 4. 12% , FHEE b7 i 0 254
R TFE0. 09%-4.07%,

£ CIFAR-100 (400 #7528 ) f1E L T : FixMatch++
O IREEIRFN 31. 61% , AHERT H T Ik R T
[% 0. 83%-35. 47%.

£ CIFAR-100 (2500 > 45 28 ) B9 1% B0 F @ Fix-
Match++43 2 HE 15 280 21, 89% , A% 1k J7 4432
FERR TR 1. 71%<32.02%.

fE SVHN (1000 b5 %) BU1E & T : FixMatch++ %
TR N 2. 19%, M4 XF b Jr % 4r R HE DR R T %
0. 09%-1. 23%.
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&2 FixMatch++ T EZE=NHFEE LS EMBELTEN S LBREMILER

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

datasets
FrE CIFAR:IO (Cixot;:;g CIFAR—_IOO (2121‘5?)(1){/_[\1;) SVHl\i
(250 M H748) ) (400 4748) %) (100044748 )
MeanTeacher-2017 32.32 9.19 67.18 53.91 3.42
UDA-2020 8.82 4.88 59.28 33.13 2.46
ReMixMatch-2020 5.44 4.72 44.28 27.43 2.65
FixMatch—-2020 5.07 4.26 48.85 28.29 2.28
FlexMatch-2022 4.99 3.95 32.44 23.95 2.86
SoftMatch-2023 491 4.82 31.10 26.66 2.33
UES-2025 4.97 4.21 42.27 22.18 -
FixMatch++ 4.56 4.12 31.61 21.89 2.19

2.3 EHUERLEIN

SR G3 BT IR 5 A B Xl e A4S 7R 4 BB 1Y) BT
ik, 2B A (n] 2 2T 4k i 3 — AR AR LS-BN AU
JEIFAT BRI DSPC) (B (N 2K 43 25 B WL 52
FAEBLH CS-DBR+3 A58 22 1% L1l DRG) .C(£
GRS Rl A L) BT BRI AL SC e . 3R
35T AN RIARZS B ST A LS B4 R .

*3 HERHBIEER(REEREASIIL)
Table 3 Module ablation experiment results (comparison

of different module combinations)

CIFAR- CIFAR- SVHN
A B G heas0  10@400  @1000
Fix- v V4V ase 4.12 2.19

Match++
+A VoV A 4.19 221
+B N N 4.69 4.15 2.25
+C N 4.97 4.23 2.22
-2 - - - 5.07 4.26 2.28

F 3L RN LUE H 3 A B2 G 3ot
RUR o SR 1R A i T B, JEHOZTE CIFAR-10(250
ANFRZEREA ) FISVHN (1000 MR REA ) Bl 4k |-,
BRI 50 5 R B T 0. 21% F10. 09%. I
Ab 3TN B AL FRE BT 4 AR T R, R
R 1 iR AR R G B T ) SCARVE . B n C AR B

XA AL RE AR A5 T A /NI 2, B0 3IE T i B B A
FixMatch++91 B B . 0] DL, = KA Hedby X 455 784
PERBER T A= B DTR

2.4 Grad—CAM ZEHiEE S

N T BB AHXT FixMatch++ 454 05, 5256 fdi
JH Grad-CAM %I FixMatch++FE B4 7 il MAL,

& 5 Fh e BU T CIFAR-10 B8 4 A B9 10 4% 0
FMNPEAT S, X FRA 250, s T AR EUR 52
AL | BRAHEA AT 2 > L ] — B (LS-
BN) + XU R JE B B He (DSPC) 5 #55k B2 P28/ XA 43
B HIRSY S FRAEAEHL (CS-DBR) +8h 2558 22 [ 145 AL il
(DRG) ; B 5 C: 2 G th b5 % Rl & HL I 1Y Grad-
CAM A

TESERAEH T | Grad-CAM JeyE X Bk £ 84 h
e B AR YR AZ OBy o B, “dog” (F) B &
Y ST A O IR A 1) Sk A B AR, EIAR A
MR 1 2 B9 T3 “airplane” (KAL) (Y IEGB
T TR B BB AL TS b b BRI oy G T IX
I, ¢ WA S ROMLARAE 4 27 2T B R A B . “truck”
(R4 Fcar” (VR4 ) S 2 1 09 MR 7 1 440 1)
8 R A e i R ) DT DX e o AR P A G B N A
Litai

2 BRBE A CF TR BB T 22 2 ik e
— AR SR BE I AT B AR B, Grad-CAM &1
AN T A XIS R 2 T R A 53
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R RE FR IR ER  mm =B =R = =R
R fEsh Bt MR B R R mn3

AN

EE RE EB IR ER  m mE EB 2B 2B
BE ER R m B g g

:ﬁ F.‘ L& 4 om m M

K5 CIFARIOBEEE F Grad-CAM 2300 n] #L40A (JFLIKT : CTIFAR 10 BUa4E ; 58 B AR Y . FixMatch++; B A . A 22 > i 10—

MR+ U B TFATAS B T s AR B DA/ IXURG 20 B B 000 SR ME R R+ Bl SR T I AL 5 Bk C - Z2 900 DR 2 Rl 5 L
Figure 5 Grad-CAM class activation map visual analysis on the CIFAR10 dataset (original image: CIFAR10 dataset; complete

W

model: FixMatch++; module A: Learnable-Shift BatchNorm + Dual-Scale Parallel Convolution ; module B: Content-Style Dual-

Branch Representation + Dynamic Residual Gating; module C: multi-level pseudo-label fusion mechanism)

B0, 7E“dog” (S ) G v, S T IX B AS A A 1) K
5, A e 30 J] 161 1 7 5 DX 3, 100 R AU B BB Rk
TIEH R A H AR IR 7 OCHAE R o X T “air-
CRML) ), R T W AR A T o, AR
HRTE RBLILE , I 9 JR 3 J&] 1Rl A R 25 IX A, S B A
XF H AR A HERS A B TR

1 FBRAGEH B (N 25/ XU 53 5 1 B3 S R AEAR
P+ 2 5% 22 114 ML) J5 ) Grad-CAM ] 19 28 L 7E
“cat” () Fll “frog” (75 E) ZF IS 1 G e R B I
TR BARRIR B e H AR A |, (8 £ AR X A
55 H A RO . 140, “frog” MG Y & 1 X A T4
FRTETT IERY B R ER O3, M= e 2 SRl AH
KX, X T “truck” (R 42) B RS BRI O
XK AR A2 20 e (B F S ny TP 2 1
HARBTE M0

R BRI C(Z 9000 P A 28 AL fl & BL D)
R AR ) S 1 DX A SN iz ARG B . ol
1t “airplane” (KAL) ZE 5, Grad-CAM .75 H K AL
(R AL B 0 8 T T 2 A DX 6, Al TG 56 X iy
TS 2 RIS Z O D bR 2 Rl S DL N, A
XF PG 2 750 TR0 BE 0855 o S AL, 7E “bird”
() Fl“horse” () 251 i EE 1, Grad-CAM 11 3¢
T R 3 AN AH OC 9 DS, S 3501 B Y 9 1 1) )
TR,

T3 53T, AT LG AIE A R AR R A R
Ky ry BARVER , i —2PUEW] T FixMatch++HE

plane’

ZRAE A B 22 DR iR 25 FRRAE S BT A A R0k -
2.5 FixMatch # FixMatch++81 38 & 46 FEXT LE

K 6 278 T FixMatch Al FixMatch++7E CIFAR-10
B LA IRVE R XS LU 00 o TR A 6 PR B8 S ik
BERVLE [R50 b7 3 AR, HAAR 31 4> 2801 1Y
WERPE R A 2N 0 o 30 2 3 Fp X L, BB A% B 385 i
B BB AEA R EryRM2E 5 .

M FixMatch 57 ( 72 €] ) Fll FixMatch++45 5 (45
K v a] LB i E W, FixMatch++7E 212851 i %

PR T KE B A2 284k P DL B Fix-

Match++BE 81 K ZH0E 0 A9 1E A 40 2850 2 4 v, iR
Sy I e D JE R TR AL (airplane ) Fl
B Ccat) ) L R R T 50% LA L.

R, FixMatch #5278 9 158 4328 B i e —
S ELA B SR E B R 28 . Bl an, < 55257 (bird ) 2
JFE FixMatch H A7 7EBH 8 (4 23R 40 280 O, o 528
FEA M FE DR 153 IR “ il (ca) FT M7 (dog) o T 7E
FixMatch++#5E 8 v | 5 238 51| 1) 152 53 2 1 35 i /b, B
Z 1) SRR OE I 73 2B 5228050, B T Fix-
Match++7E A4S 2 (8] (1930 ST H L tesh,
TE FixMatch++A5 % Hp 42 (car) AT (ship) 2851 1Y 1%
SRR T AR D AR A AR 1 A f BE
(CEINE SN
2.6 FixMatch++7£i5 M AR 2 B 5 LRI N A

VR 2 B 55 G s AR AE Rt i T LT ST
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Figure 6  Confusion matrices of FixMatch and FixMatch++ models (a) Confusion matrix of FixMatch model (b) Confusion matrix of

FixMatch++ model (this paper)

Prediction: cat (0.50)

Prediction: cat (0.63)

classes Softmax Output classes Softmax Output classes Softmax Output
truck truck 4 truck
ship 1 ship | <hip -
horse horse 4 horse
frog | frog 09 1
dog dog dog
deer deer - deer 4
cat 4 cat 4 cat

bird bird bird
automobile - automobile 4 automobile 4
airplane { airplane { airplane
00 02 04 06 s 10 00 02 04 06 [ 10 00 02 04 06 08 1o
Probabilities for each class Probabilities for each class Probabilities for each class
(a) (V] (©)

K7 FixMatch++7ETE MW TCHRZE MG L AR () VIZRPIIINT cat SR T 43-Ai (IS AE B ARAN) (D) IR X cat BUR Y
TR 31 (5 A BRI () frog UG TE IR I A cat (RIK B E, T4 R 40)
Figure 7 Application of FixMatch++ on clear unlabeled images (a) Prediction distribution of a cat image at early training (low confi-
dence, rejected) (b) Prediction distribution of the same cat image after convergence (high confidence, accepted) (c) A frog image

misclassified as cat at early stage (below threshold, rejected)

Y A PRI B 0 R AR A
IR T IEAR G 5T BB AR B, W& 7 s f
YIZRAT 1) FixMatch-++ L35 1 T15 W R 00 bR 2 15 5k
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& 7-(a) b 7 — i “cat” R AE I 2540 1A 4 F 00
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[ 7-(b) X [A]— 5K cat KHEFE FixMatch++ S5
TR HEWT , HER 9816 35 4 98% , 43 A i AR 81k, 8
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WIBARA cat (e KEAFEZ63%) , TR H] X
SO BIE, [ SRR A, i S DR A AR T
I

£5 I, FixMatch++ 0] {10 — 2547 FR IG5 2 4K
PRI AL RN LA RSO RS
FUMBEA L BT 5 DR 2, 9 FEVNZRB5ds B2 THST
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FixMatch-++5 78 (14 25 45 3 316 1 B 7 o [RI A, 7R %6 42
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