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I Background PElr'NEE

Semi-supervised
Learning

Leverages both labeled and unlabeled data to improve model performance,
especially when labeled data is scarce or expensive to obtain.

Training

Model

Labeled Data

Unlabeled Data
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I Background PElr'NEE
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I Related work PElr'NEE

Improving Quality of Pseudo-
labeling

FixMatch relies on a fixed threshold but limits usage of more unlabeled data and leads to
(2020) imbalanced pseudo-labels.

FlexMatch employs class-specific thresholds to alleviate class imbalance by reducing
(202 1 ) thresholds for challenging classes.

SoftMatch explores a trade-off between pseudo-label quantity and quality with a truncated
(2022) Gaussian function to weigh sample confidence.

(Szhglzgi;matcgpplies contrastive learning through adaptive contraction of the class space.



BEIGRAISHLEIT 87

FAttern Recognition and NEuwral Computing

I Related work PElr'NEE

Improving Tolerance of Inaccurate
Labels

T model
(2015)

introduces dual perturbations to input samples.

Temporal
Ensemblin maintains an EMA of label predictions for each training example.

g
(2017)

Mean

Teacher  averages model weights to reduce label dependency during training.

(2017)
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I Related work PElr'NEE
Reward Modeling in Reinforcement

Learning
] feedback [
reward model ¢ [ user
reward trajectories
]  observation
agent environment
) action L

Most reward models are supervised by classification losses, e.g., ranking loss, on
constructed preference datasets from users.



| Method ParN,C

Measurement of Label Quality
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Calibration Curve

Define a continuous metric of pseudo-label quality based on label similarity.
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The ideal reward score should satisfy monotonicity and smoothness (not increasing
dramatically) and strive to meet the trend of calibration curve, where a lower reward
confidence indicates poorer label quality.
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I Method
Network Structures

Rewarder:

R(z*,y") = Sigmoid (MLP (CA(Emb( f(z™)), Emb(y*)) )) :

extracts semantic information of ¥’ from z“and tell the
similarity between z“ and ¥“according to their semantic
correlation.

Generator:

G(z") =y’ €R®

decouples the training of fs and R to avoid confirmation bias.

ParN,C
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(a) Rewarder
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| Method ParN,C
Two-stage Training Paradigm

ST W ) - [
Cosine similarity Label 7 : s > ! Tr:],‘l;h rewards
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. l . = 2 labels | ¥
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(a) Stage 1: Pre-training with labeled data (b) Stage 2: Semi-supervised training with Dg
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| Method ParN,C
Pre-training Rewarder

In the first stage, our main optimization goal is to approximate the ground truth reward scores
with a wide range of fake labels without affecting the training of /s .

Lr = - Y2 (R(a1. G0 S, GT)) ).
1 1: Lonwx = Lr + Lg
£ = g 3 ta(Rlal.060). 1),

Semi-supervised Training

Rewﬁﬁ@%@cond stage, the core objective is to optimize fs using R to filter high-quality labels.

By
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I Experiment

Comparison Results on Classification

ParN,C
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SoftMatch/FreeMatch

Domuinl  Datiss s Pseudo Label FlexMatch Average
” Base +SR Base +SR Base +SR Gain (Speed.
ESC-50 (250 38.4240.8533.33+0.97/36.83+0.51 32.58+0.51|132.71 +0.82 29.71+0.64 | +4.11 | x1.73
ESC-50 500 28.924+0.2427.65+0.32(27.754+0.41 25.9240.31|129.07 £1.27 25.981+0.49 | +2.06 | x2.07
Audio | FSDnoisy 18k (1773) [34.60+0.55 33.24+0.82{26.29+0.17 25.63+0.28(29.39+1.83 26.10+0.83 | +1.77 | x1.30
UrbanSound8k (100) |37.74+0.96 36.47 +0.65/37.88+0.46 36.06+0.93|37.68+1.82 34.97+1.02 | +1.93 | x1.70
UrbanSound8k (400) |27.45+0.96 25.27 +0.65(23.78+0.46 23.45+0.93|123.78 +0.13 19.39+0.33 | +2.30 | x1.08
AG News (40) 15.1943.0713.90+0.21{13.084+3.94 12.60+0.69| 1 1.69+0.12 10.67+0.90 | +0.93 | x2.77
AG News (200) 14.69+18812.10+0.58/12.08+0.73 11.05+0.14{11.754+0.17 10.02+0.82 | +1.78 | x2.30
NI P Yahoo! Answer (500) [34.87+0.50 35.08+0.40(34.73+0.09 33.64+0.73(33.02+0.02 30.92+0.90 | +0.99 | < 1.80
Yahoo! Answer 2000)|33.14+0.70 32.50+0.42/31.064+0.32 29.97 +0.10130.34 +0.18 29.11+0.15 | +0.99 | x3.53
Yelp Review (250) [46.09+0.1542.99+0.14(46.09+0.1542.76+0.33(43.91 +0.19 42.68+0.12 | +2.55 | x1.40
Yelp Review (1000) [44.06+0.14 42.08+0.15/40.38+0.33 37.58+0.19/40.43+0.12 38.43+0.14 | +2.26 | x1.01
CIFAR-100 200) [32.784+0.2031.94+0.57\25.72403523.744+1.39|21.07 +0.72 20.06+0.41 | +1.28 | x1.04
CIFAR-100 400y [25.16+0.6723.84+0.20/17.80+0.5717.59+0.35/15.97 1024 15.62+0.71 | +0.63 | x1.57
vV STL-10 (40) 20.53+0.1217.37 +0.47(11.824051 10.204+1.11|17.51 061 9.72+0.62 | +4.19 | x1.07
STL-10 (100) 11.254+08110.88+1.48) 7.13+020 7.594057|8.10+035 7.10+1.39 | +0.30 | x1.11
Euro-SAT (20) 25.25+0.7223.65+0.41| 5.54+0.16 4.86+1.00 | 5.51+054 4.22+034 | +1.19 | x1.03
Euro-SAT 40) 12.82+081 8.33+033|4.51+024 3.88+0.69 | 5.46+034 3.94+071 | +2.21 [ x1.13




I Experiment ParN.LC
Comparison Results on Regression
Mattiod RCF-MNIST IMDB-WIKI AgeDB
RMSE MAE RMSE MAE RMSE MAE
Supervised 62.024+0.34 22.8140.07/14.92+0.1411.5240.09/14.5140.1311.77 1027
Pseudo Label 62.72+0.11 23.07+40.05/14.90+02211.44+053{14.7640.1211.7140.53
II-Model 63.2440.63 23.54+0.63(14.80+0.1211.3540.12/14.7640.1411.92 +0.09
MeanTeacher 63.44+032 23.25+40.13]15.01+0.64 11.66+0.32{14.99+0.9912.07 +-0.48
CRMatch 101.664-08485.4540.72{122.42+02318.7740.43|20.42+0.1017.11+0.49
PseudoLabel+SR| 61.71+0.34 22.45+0.0514.80+0.5310.91+0.12{14.01+0.1210.77 +0.22
Gain -0.90 -0.99 -0.10 -0.53 -0.75 -0.94
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I Experiment PElr'NP_E
Evaluation of Pseudo-label Quality and
Quantity
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(a) Pqeudn-label quality after stage 1  (b) Fmal p%eudn-label quality  (c) Sampling rate v.s. training steps
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I Experiment PElr'NP_E
Ablation Study

Calibration Curve Calibration Curve
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I Additional Content PElr'NP_E

Visual In-context Learning

Input Image
2 = .
{3 (@
; EO\ ﬂ ! LVLM Answer
Demonstration _ YA
Candidates Retrieval

Retrieval Results
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