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Supervised Learning

[ class A
[xz][x3][x4] s X7 class B

class C
X %f* —> y*
Reinforcement Learning
f* — sequence decision
T i T > <Xq,X3,X3,...>

X5 H X3 H Xy H Xe H X H x5 H X, ] > Xer1 = P(x, ¥y)

T i T x—>s  Sstate

f — m policy
- n ff— ¥ y — a action

R(s,a) reward
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Concept Example
| s
\% * env-—- Sy
eny ' /1 * T > ap~n(:|So)
* env-—- §4q,7g S
a y Ty

MDP(Markov Decision Process)

Definition: (S,A,R,P,y) P(S¢i1|8e ap)

1

sES a€A r,=R(s;a;)

St+1

Markov property: P(S;11(|S<¢, @<t S, @) = P(S¢11(Se ar)

Policy objective:
J ()
= [an~1t(.|so) [T(S(), aO) + YIE51NP(.|SOJaO) [IEa1~1t(-|sl) [r(sl’ al) + ]”
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Reinforcement Learning

/ — training tmiectorv\
tory

* ; ; ; — Ty expected trajec
X1 Y1 Imitation Learning

e train a model

compounding errors
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MDP for Semi-Supervised Learning

state: X! X

policy:  mg(+) = Py(-)

action: Y! yu

one-armed bandit: No need for y and P

reward function: data mixup

pl—p r=[5F]

e = pat 4 (1 — p) yE=pyi+ (0 —py,

r 7 FUu U 1 N= m mi|-
R(s,a;5g6]) = R(X', Y', X", Y sglf]) = — - S 1P -yl
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Unlabeled Teacher Policy | Action Pseudo Label
X Or Y= PgT(X”)
:
:['cons
Labeled Student Policy Mixup Data
Xt 05 --.; D™ = (Xm,Ym)
;
l :Erl l
1
Labels | L,, [ Predicted Label . | Reward Function |
y:! [T Py (XY T R(XL Y XY, Y sg6))
L § /;l
_J

= J

[-:rl = _]EY?NWGKL(eJ Y?)R(Sa a; Sg[e]) L7 = E(ml,yl)epl [KCE (PHS (xl)’ yl)]
- _]Em?EDuKL(ea Po(z'))R(s, a; sglf]) L = Eguepe [EKL (POS (xu)’ Por (xu))]

‘C’(HS) = L4+ Alﬁsup + AoLcons
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Table 1: Performance of RLGSSL and state-of-the-art SSL algorithms with the CNN-13 network.
We report the average test errors and the standard deviations of 5 trials.

Dataset CIFAR-10 CIFAR-100
Number of Labeled Samples 1000 2000 4000 4000 10000
SUpCI’ViSCd 3995(075) 2767(012) 20. 42(() 21) 5831(080) 4456(030)
SUpCI’ViSCd + Mlep [38] 31.83(0_65) 24.22(0_15) 1.7: 37(() 35) 54.87(0.07) *’10.97(0,47)
[I-model [6] 2874(048) ]757(041) 12. 36(017) 5539(055) 3806(0‘;7)

Temp-ensemble [6]

25.15(1.46)

15.78(0.44)

11.90(¢.25)

38.65(0.51)

Mean Teacher[S] 21.55(0'53) 15.73(0_31) 12-31(0.28) 45.36(0_49) 35.96(0_77)
VAT [5] 18.12(0.82) | 13.93(0.33) | 11.10(0.24) : :

SNTG [10] 18.41(g 59) | 13.64(9.32) | 10.93(0.14) - 37.97(0.29)
Learning to Reweight [42] 11.749.12) - 9.440.17) | 46.62(9.29) | 37.31(0.47)
MT + Fast SWA [9] 15.58 11.02 9.05 - 33.62(0.54)
ICT [11] 1244057y | 8.69(0.15) | 7-18(0.24) | 40.07(0.38) | 32.24(0.16)
RLGSSL (OUI'S) 9.15(().57) 690(() 11) 611(() 10) 36. 92(() 45) 29.12(().2())

Table 2: Performance of RLGSSL and state-of-the-art SSL algorithms with the CNN-13 network.
We report the average test errors and the standard deviations of 5 trials.

VAT [5] [II-model [6]| Temp-ensemble [6]| MT [8] | ICT [11] [SNTG [10]|RLGSSL (Ours)
SVHN/SOO - 665(053) 512(013) 4.18(0.27) 4.23(0-15) 3.99({]'24) 3.12(0-07)
SVHN/IOOO 5.42(0.(}0) 4.82(0_17) 4‘42((}.16) 395({]19) 3.89([}.04) 3.86(0.27) 3.05((}.04)
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Main Results

Table 1: Performance of RLGSSL and state-of-the-art SSL algorithms with the CNN-13 network.
We report the average test errors and the standard deviations of 5 trials.

Dataset CIFAR-10 CIFAR-100
Number of Labeled Samples 1000 2000 4000 4000 10000
SUpCI‘ViSCd 39.95(0,75) 27. 67(() 12) 20. 42(0 21) 58.31(0_39) 44.56(0_3())
Supervised + MlXUp [38] 31.83(0.65) 24. 22(0 15) 1T 37(() 35) 54.87(0,07) 40.97(0_47)
[I-model [6] 2874(018) LT 07(0_41) 12. 36(0 17) 5539(055) 3806(037)

Temp-ensemble [6]

25.15(1.46)

15.78(.44)

11.90(¢.25)

38.65(0.51)

Mean Teacher[S] 21.55(0,53) 15.73(0_31) 12-31(0.28) 45.36(0_49) 35.96(0_77)
VAT [5] 18.12(g.82) | 13.93(0.33) | 11.10(0.24) - -

SNTG [10] 18.41(0.52) | 13.64(0.30) | 10.930.14) - 37.97(0.29)
Learning to Reweight [42] 1174(() 12) - 9.44((,.17) 46.62(().29) 37.31(()_47)
MT + Fast SWA [9] 15.58 11.02 9.05 - 33.62(0.54)
ICT [11] 12.44¢0.57) | 8.690.15 | 7-18(0.24) | 40.07(038) | 32.24(0.16)
RLGSSL (Ours) 9.15(().57) 690(() 11) 611(() 10) 36.92(().45) 29.12(().2())

Table 2: Performance of RLGSSL and state-of-the-art SSL algorithms with the CNN-13 network.

We report the average test errors and the standard deviations of 5 trials.

VAT [5] [II-model [6]| Temp-ensemble [6]| MT [8] | ICT [11] [SNTG [10]|RLGSSL (Ours)
SVHN/SOO - 665(053) 512(013) 4.18(0.27) 4.23(0-15) 3.99({]'24) 3.12(0-07)
SVHN/IOOO 5.42(0.(}0) 4.82(0_17) 4‘42((}.16) 395({]19) 3.89([}.04) 3.86(0.27) 3.05((}.04)
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Ablation Study

PEI'N [: ﬂm

Table 4: Ablation study results. We report the test errors on CIFAR-100 with 10000, and 4000 labels
on CNN-13 backbone 5 trials.

RLGSSL

—w/0 ﬁﬂ

—— W/O csup

—w/o ['cons

—w/o EMA

—w/0 mixup

CIFAR-100/4000
CIFAR-100/10000

36.92( 45)
29.12( o)

44.92¢.55)

33.126.52)

39.52(0.58)
32.67 (.55

38.78(().43)
31.48(0.32)

43.12(¢.52)
32847545

40.12(¢. 51)

RLGSSL R=1 |R:u=0|R(Ly = KL)|R(Ly = IS) | R : wlo sg[]
CIFAR-100/4000 36.92(()_45) 39.52(()_(53) 39.54(()_33) 38.02(().42) 39.52(().45) 4062(()55)
CIEAR-100/10000 | 29:1%(550) |:31-250:60.| 3281057y | 311%gmz | 19130008y | 32:12g:0)
33 32
32
- " 31
31 o
iy, (-
30

0.0001 0.001 0.01

Al
(a) \

0.1

0.2 0.3

0.0001 0.001 0.01 0.1 0.2

Az

(b) A2

0.3

Figure 2: Sensitivity analysis for four hyperparameters A; and Ao CIFAR-100 using 10000 labeled
samples (a) A1, (b) As.
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MDP: (S,A,R, P,y) —— Language-augmented MDP: (V,S,A,R,P,y) where y=1

J
vocabulary A specific token: wevV
S$:ScVvM  s=(wy,wyws,...,wy) Sp:prompt
A:ScyN a= Wy, Wsy,...,Wy)
R:r = R(s,a)

P:SXV->S8 s;i.1=(s;,w;) = (59,Wq1.4+1) auto-regressive paradigm

Token-level policy: t(w;|Sg, W1.i—1) Policy objective:
N
Sentence-level policy: m(a|sy) = Hn(wdso,wl:,-_l) J(m) = Eg,~-p [Ea~n(.|50)[r(so, a)]]

i=1
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Rejection sampleing Fine-Tuning (RFT)

— —
Reject Negatives Supervision t“l
D
Math Questions Generated Answers o
»

X
.
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..........
---------------------
-------------------------------------

Iterative Finetuning

How to leverage negative feedbacks?
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Prompts Dataset

p Prompt: s
Somand (etarernon) Canqmate answers: aq, a,, as, a,
Quality rank: a; > a, > a3 > ay
To
Train on &
sample, reward} pairs .
SRR & ) How can we optmize the model?
Sample many prompts
l J j J J l N Supervised learning: max log p(a4|s)

( ™\
Initial Language Model LOem \psum gk
sit amet, consecte}

(relative, ELO, etc.) U

Data waste & poor generalization

adipiscing elt, Aen{
Donec quam felis

vulputate eget, arcl

Nam quam nunc ‘

eros faucibus tmc.j Human Scoring

luctus pulvinar, he

|
A
AN

Generated text

A solution:
for each answers: max R; - log p(a;|s)
gradient: R;- Vglog pg(a;|s)

l

v' The policy gradient of RL
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Supervised Learning

max Eqr(alq) 108 mo(alq) & min Dy, 7 (alg)||me(alq)]

Reinforcement Learning

max J(0) := Eq~ry(alq)7(4; @)

{on—policy constraint} { leverage of negative feedbacks }
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[arget Positive Policy Negative Policy

m(a|q)p(r=1|q,a)
> a7(alg)p(r=1|q,a)

_ = m(alg. r= (a|q)[1—p(r=1|q,a)]
v ialg) =atelg r=l) =l — plr—1]g, G|

target policy 7' (alq) := m(alq,r=1) =

rqm (alq) + [1 —rq] 7 (alq) = w(alq)

{%(CLIQ) _ rlalq) - rqwﬂalq)}

1 —7rq
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Theorem 3.1 (Policy Optimization with Negative Answers). Consider the maximum-likelihood

objective for training the implicit negative policy m, :

m(alg) — rqmy (alq)
1 —#y

(8)

max By (q)r— (alq) [l0g ™y (alg)] < min [— E(g,a)~p- l0g

Assuming unlimited data and model capacity, the optimal solution for solving Eq. 8|is
Vg.a: my(alg) =7"(alq)

To further utilize positive data,

i . -
e . 1—1r T, (alq)
y (alq) 9" (alq)
i ) = r |—log -2 +(1—7r)|—1lo
(a,q,r)wD( ) [ g 7T(CL|(]) | ( ) g 1 — T
/:‘—_——___—__--: ————————————————— \\\ O ""7 llC\’
CM~a questlon y :D . [ Target P(:Lsm\e P:L) .
+ vl 6 I
= Acc:r,/ |==| R )\ -
g ' max log(")

= |
X

7

=

(g

%

L/

\ "/ ] [
5 S

||
2
(S (S
[ |
=

~

D

~

S

Q
\_/\

N = - - = e = e e e e e = e e e e e — -t o -
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Table 1: NFT performs competitively compared with other algorithms. We report avg@32 for
AIME?24, AIME2S5, and AMC23 and avg@1 for others. Numbers within 1 % of the max are bolded.

Model AIME24 MATHS00 AIME25 AMC23 Olympiad Minerva Average
Qwen2.5-Math-7B £8.3 69.0 5.9 45.8 34.7 21.3 31.6
Preference fine-tuning

+ DPO 29.8 79.8 13.8 83.2 48.0 39.0 48.9
Reinforcement fine-tuning

+ GRPO 30.2 80.4 1.1 7193 51.8 38.2 49.5

+ Dr. GRPO 31.8 83.4 15.7 80.2 49.6 38.2 49.8

+ DAPO 33.1 81.6 18.7 85.0 49.9 39.3 51.2
Supervised fine-tuning

+ RFT 33.7 79.8 13.4 497 44.3 38.6 48.3

+ NFT 32.0 83.2 18.3 88.5 47.3 40.8 51.7
Qwen2.5-32B 4.1 68.6 1.0 45.0 31.1 27.9 29.6

+ DAPO 44.1 89.2 334 90.9 54.1 47.5 59.9

+ RFT 29.9 86.2 1.1 92.4 45.3 44.1 52.8

+ NFT 37.8 88.4 31.5 93.8 55.0 48.9 59.2
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