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Standard Next-Token Prediction Pre-Training Corpus

Electric force grows with charge size [
¢ v v

Given Context Prediction

Electric force grows with charge

size and decreases with distance
squared. This is Coulomb’s Law. It
explains how charged obje

Next-Token Reasoning

Electric force grows with charge <think>

To determine the next token, we need to ...

Let's think about what would logically come next in a text about ... Since the user mentioned "..." the next
part is likely going to be ...

Alternatively, it could be ...

Common phrases after ... But perhaps, given the ...

Wait, perhaps in the original, the next part was ... So, the entire text might continue as: ...

Alternatively, perhaps ...

So the most probable answer is \boxed{ size}

</think> size

Figure 2: AR1fE N — M JCHI S R — M aCHERLR) LR . ARifE R — MRl el B Al v 95
NGRIERZE R — AT, 1R — R SCHERRAEASCH B 2 B 21 e A TR .

FAT A S UER i s Ak~ >] (RLVR) - RLVR (i ] A~y > FARRIE 5 BA 0] B Uk S A ER
SERLAE [LMPT25] , RLVR F8—MRyER) M- X EEE D = {(¢,0)} « WT—1
FrE HX XMathX_1 , LLM mp A2l MIRR. 0 ~ mo(- | q) o —DHAEMERIEARS V T8 —4
FIBAIERY R v = V(o,a) , BEPLNGR AN ALII B2 2K il

jRLVR(e) = IE(q,a)w’D, o~mg(-|q) [T(Ov CL)} . 2

3 AN
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FaAE e {1,..., T, B8 oo N T, BT Mrid2 o o 74
PRCHIHERBAE 5, B mo S5 B — I RiC AR ye 210, A2 AR
B, FIRA o BRI A 0r = (e, y) , 0r ~ 7o+ | 2<t) o

W Figure 2 FR , fEAT R — B K BE R AE AR ] BBV SRR, WKk gE . H
FHIEA A IR IE . N — P 55 I SR Tk P S S R T ), R FLI R A A
> e bR TCRAH SRR AR AR A IS I BRI, JEE RL YRR T BE .

3.2 JisAbE ) AT BIER

SRALTRYIZE (RPT ) e SR A i 2 S Y R AU IE S A8 (LLMs) 47 F — P hRichy
HEHE, 4 Figure 3 iR X F LR o , WAMERIEFBA mo 4250 G PN, (BEHL),
{0}y o BAMIN. of = (c},yi) H—EAEFEHERT I ¢ Fl— AN ATMITA y) .

N TRAE vy BIERRTE, FATSIA T —RIATZICEE 2R, X A DA SRR 2 M ric i i
o S R R AR IC . 2 T MYy 0 BIFR B SE U 2 M y; B 519750
LR gy W K o BATRF B 58 U7 91 A AR i 2T 51 K SO A RGA S, I
FFMEEAFRN Lo o AL, (AT oo M2 rf SO0

i1 ify, =T>[1: 1] andl € Ly,
£ 10 otherwise
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RL Update

Let's find the ... \boxed{ polarity}  polarity Ri=0

Electric force grows with charge —> BEMNN\YMN—> The next token can be ... \boxed{ size} size Ry,=1

Given the context, ... \boxed{ and} and “) R;=0

Rollout ¢ Thinking Trajectories Reward

Figure 3: reinforcement pre-training i) —/ Ml 1. 44 E— 8/ DJGgfinm R, KREES
FERIHATRIE NI, DA G AR BB GEP . B 25800 HE— > v [a) 4 BEAE BR A —
AT MR AT . GRS BSARCVL AL, 2T IR B, REh . It
LfE s AT RBUE SR, g |3 2 MERZEE L.

L D AFTA {va i) MEEA, ERTBIZR AR AL B 223 -

jRPT(G) = ]E(x<t,x2t)~D, {Oi}?:1~7re("1<t) [TZ] . (4)

3.3 mUIgEvE

FATH F OmniMATH $(#E4E [GSY T24] #E47 reinforcement pre-training . OmniMATH £, 27
KHBE M (41 AoPS Wiki * Fll AoPS 1% ¥ ) ) 4,428 A S B A8 J Mo b %
M T2 B o R R AR 25 5 Wi, FATTHE reinforcement pre-training 2 Hi#E4THR 10
RIBERLIE . Frplid, AV Deepseek-R1-Distill-Qwen-1.5B FI7A Sk —4N /N AL
B, ARl FATTEACRBAE AT 16 AN —AhriC LR E. wad W A R
TATLPERAREOLE , PLexI AL T2 A% 7 R 10 i Bk AP bR i 2EA T )1 25

TE R SE 347148 F Deepseek-R 1-Distill-Qwen-14B [GYZ T 25] /E JyH:afiii%d . R1-Distill-
Qwen-14B 25 b2 > 1 RAHE s, RUORE HAAEA R HEBLRE /7 . FRATAEH verl JBE [SZY T24]
SCIFRATAVIAESE , I A viim FEA7HERL, FRATR A GRPO 5% [GYZ'25] , HAAH#HS:
B0 Appendix B o ZEYNZRIE], FRATRIL 8k AR, 24>) R 1x 1076 | & KL &,
HLER/INA 256 S, XFREN R, RAE G=8 MM, £ rollout fIFEH, FAIMHH 0.8
WIS . ARSI, FRAT BRI E NI SE B 01, FERFIARPRIC *</think>" 2 )5,
PERIZTN N — AR M 500 BFF4G, FA TR ShARFERIL SRR [YZ2725]
o FRAT B A BN G0N 1,000, $RRHH A HAR R AY3HE I, Appendix D .

34 NP,

— BRI I GR, FATR DAERAE N W55 EVE T R — A ic Bl A AL R . 347
Aﬁ JH3X B5% B 5k B /R reinforcement pre-training 2 F| T R B E SR 14 1E = AR RE 1 T
HETT .

2 N APRCHERL H b, FRATAYRA AT DL E SR Tl . N~ — g i
M HER:, PATEAE RPT (15 S B se iy i .

FATATIIN 5 BN 3R 1Y) 5 X6 RPT BB gE-A T4 2217 RL i BT RPT Kifiilll ghd fe 5
RL 5%, BAE S IR R I 2R RL 2 (8] H bR 22 B8R g IME . FATTITA reinforcement
pre-training IR G 2B W T AERLAE S TG IR .

4 9

ST OmniMATH s 58 ) 200 BRI BAESE 1 PATF o5 AL BPERE . IR TS B

TR EE T R DR SRS ( Section 3.3 ), FRATTHRAE IR XERE B B4 FP BRI AL B HEA T 70
*https://artofproblemsolving.com/wiki/index.php
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Je. HAMORYL, FAE ] RI-Distill-Qwen-14B 1A AMRC A B M. K5, W05RHE S
B 0.5, 1.0, F1 1.5 A, FROTREXBE B I MM ea . s aEulfEng 2. A TR,
FA 1At TR R 7 PR Y R1-Distill-Qwen-14B i PERE: (1) ARUER N —ARiC i,
PEFRARR B ARt DA (2) F—MARicHfEs, 7EmAmi mitk iUs s es. |A10w
T Qwen2.5-14B [4E58 A A &2 R1-Distill-Qwen-14B it EL iz

S
036
Easy Medium Hard 5 RPT-14B R1-Qwen-32B
Standard next-token prediction 234 w *
Qwen2.5-14B 41.90 30.03 20.65 S
R1-Distill-Qwen-14B  41.60 29.46 20.43 g -
Next-token reasoning £ R1-Qwen-14B
R1-Distill-Qwen-14B 3.31 1.66 1.41 é )
RPT-14B 4511 3356 2375 e 30
X
Table 1: Next-token prediction accuracy across three 2 14B 328
test splits of varying difficulty. RPT outperforms both Model Size
the standard next-token prediction baselines and the
reasoning-based prediction baseline. Figure 4: 7 [6) e BECHE E F — 4

FRAC T ERG 1 « R1-Qwen-14B/32B 43
BFs R1-Distill-Qwen-14B/32B.,

4 Table 1 i, RPT -14B YE A MEES M ESL I T —8CH S 1 N — A2 e tE, 5
R1-Distill-Qwen-14B # [t . (HHERERE, ERITERES BE T RAAL (B R1-Distill-Qwen-
32B, Figure 4 ) FHPLHL. iXLe45R LA | reinforcement pre-training ¥EH 42 A= 784 AT 2= 1) 55
Ze MBS 2 R A R, I HAERE E LLMSs (153 BRIRE )1 T A R KE 7.

X —5, F-ATTHFFE T reinforcement pre-training [RI4E U E . 76 B RESERE LT T
— BN B A e A 28 BRI/, VI b i ORI 1 B 2 B
B 4 T, SRTILIMT RPT 2R C T, RO it
JRBULHCRS JUT, P(O) IR LR PG P oA A5
Z4X o

AR R IIZES T (100, 200, 400, 800, 1000 il 1200) “F A RPT iy F— Ml Fil fe
Wik, FAF RO 5. T VR B B, 15 I 0 0.5
(FIOA). 1.0 (h%) A 1.5 () i uEroR e 0 ). ot ot B E R 2500 - LLM 1
BRI TR S5, TRNVRLE 72 BIA SR, Tl IR e R R SRk
BALATOIRE, %R R T A 2 S SR B AR

0 Figure 5 ffrns, BEEVIZEITRREAYIEM, RPT B R — M Ric il R4 T . FET A
MEREZRA L, Bty R? ARG i L vERf ) T I REE %

4.1 {1 RPT Ryt i

T WEFE & R DAGE I RLVR X%F RPT A5 A F 77 5 A7 20 f 0, FE 41T A Skywork-
ORI [HLL*25] HBifit/LAh HCE AT AT 36k 25 28 1 ) it AT i — 20 I 2. FRAT1 8 A 256 >4
FHEFT I, 200 ASEFT K. 2E7F Skywork-OR1 [HLL"25] fy ¥kt ye e, AT
R1-Distill-Qwen-32B R JILEA PR PERT RS2 6. FATRENZRAE /N PPO /L RK
@}%ﬁ%ﬁﬂﬂ 64, FHYIZk 15 4> epoch. FEVAhIREHT, BHIER) A K token £ 4 32,000,
IRE45 0.6,

1 Table 2 7R, SRALTRUIZRIEI LR G ) RLVR BE— Il 2R IK 5 T8 iy B R Yy
ATt BB —> token I H ARFF 221l 2RI, HAERIAE /) 225 % 528 RLVR
ILREHT R IR RETR T X LEEE R, FEAFRAYEE T, reinforcement pre-training 7] DA
PRGHERF AT —> token R b2 21 i s AR R B | 24T 55

5 . .
Www.xueshUX|angZ|.com



é SRAL T

u
o

N
o

w
o

N
o

—— Easy (R2=0.995)
= Medium (R?=0.997)
= Hard (R?=0.989)

1020 102!
RL Compute (FLOPs)

=
o

Next-Token Prediction Accuracy (%)

Figure 5: fEFT A HRMEIL T, reinforcement pre-training f A~ RTINS S b 2 I 5115
s RSt . A AR B A R e AR, RTINS I EZ e i B

Before R After RL

R1-Distill-Qwen-14B 51.2 52.7
+ Continual NTP training 10.7 13.0
RPT-14B 56.3 58.3

Table 2: KR BURASE A BIRFEERE. “FFEER) NTP Y|4 J510 A5 S RPT -14B A%
L PRGN H BSOS RPT ey S IR

42 FHAAELZ TS LR

FATPPAE T RPT -14B 7E L umft 55 _ERZBRPERE . 0 T HeA, FATTPEAL T R1-Distill-Qwen-14B
F1 R1-Distill-Qwen-32B 1 F — i@ i ERE, PAK RPT -14B [ HiP:RE 5 R1-Distill-Qwen-
14B LA .

FATHPEAE R P~ 52 AR B BEE : MMLU-Pro [HBB20] , X2 4iii) 2 AL55 P
e, T I LLM 7 U 6E Sy 5 SuperGPQA [DYM 251, — /Mt 285 2AFHE)
RIEFT A A HERL R B . AEAERIREE T, AR IR 12,288, JRE R
%ﬁ] B%ié MRIEZ HIH TAE [MLIT25, ZLS25b] , FATIH ) 2 W aihs AT oA, Ity
HE R

SuperGPQA MMLU-Pro
Standard next-token prediction mode
R1-Distill-Qwen-14B 32.0 48.4
R1-Distill-Qwen-32B 37.2 56.5
Reasoning mode
R1-Distill-Qwen14B 36.1 68.9
RPT-14B 39.0 71.1

Elzjlg 3: FREAPERETE AL T 5 . RPT -14B fEHERM R R 44T 14B 1 32B

1l Table 3 fir7x, RPT -14B ¥ frAg e M 1 45 2 T R1-Distill-Qwen-14B  (JCig 2 i x
HER R — A FRic TS A A HE B R A A ) . (AR ZE, BEEs T2 E KK
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[ R1-Distill-Qwen
1 Next-Token Reasoning
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Figure 6: 1] F [l fft i) R1-Distill-Qwen-14B F1 i T F — M HEHL Y RPT -14B fyffi pLA
XGeit.

R1-Distill-Qwen-32B (£ F—FRicHIM ), ¥F SuperGPQA FitE T 7 4, £ MMLU-Pro
BERE T 22 4. BASEMENNR RGN A T 45 5 7E Appendix C HrfR ik,

4.3 FA AR5 B

AT TR A Ac HE BE 5 R A [ AR ke 2 J) A R 2K Y 2 S AR S i A
J¢ [WYZ*25, GCDT25] , FRAIGEvH & T el S e s e o fim] (B, “/hfg”, “si”)
A2 g i)

AT AT LB T B AE OmniMATH dfn e iy e fe, BT M8l s R1-
Distill-Qwen-14B 1 Ji] - F — MR RPT -14B, FFE ML 200 AR . FA]
REFERUSLA R SRR Bt (DDdesfong ) . S8 (B Fkia) . iy (i) . ik
(P g i) . ABUEgE (RFEWREYE) Mz (EEMER).

Ul Figure 6 fif7R, RPT -14B ) R —PARic R f5 R1-Distill-Qwen-14B F)[F) U fif heid 2
WS AN, F BN BB B I T 161.8 %, MGHE AR (3N T 26.2 % ]
FZ N, ORI e AR MO T o AR, R TR ML HERE | K TR AR
S b S E AL AR AN o

ARt A>T Table 4 AR HERIBSRBI 1. B TR TR S 5123
PUBRYIDRR, WA A PRI . B0 T8 ZE CE 5 (5o 1
R (U2 7)) RIS , AU Z GBS . X AR AL (R
AR AR ) B AOTR (YeE, harggR ), AR SRR (Yl
JIAREARIC”) H R AR AR I (“RT DA AR IS8, ORI T T R,
W A4 1o R SO AR AR SO, s TR 1 B PR ZORHE T T — AR
%577, 756 RPT WA bR, RIRSIREBRIiAN AR AR R 2% . 2611 LT Appendix F .

5 HIRIfE

RABEEE F A B LR P~y R AERE YRS - I GR35 [KMH 20, HBM™22] A1l i
WFE [ZLST25a] o YIGRmE fread i 3 a2 SR Gkt B4R T RE ), SR —
A B BN . SotFEs, Wy [TKL24] W5 5 e 55 AR ot

4RI Appendix E 1,
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Thinking Process of RPT-14B

Okay, I need to figure out what the next token ... Let’s think about what would logically come next
in a text about calculating vector magnitude.

21 H ik 1k 1) i FE 42 introducing the topic, explaining the formulas for 2D and 3D vectors, and
now moving on to how to actually perform the calculation. Since the user mentioned “go over
some..” [P AT HES A o -

Alternatively, it could be ...

e “FAT ATHE L7 2 JEHHE WAL T RER “BI5". “BIR”. “Ok” & ERUNE
SCL IEECE BB, after explaining formulas, they often provide “steps” or “examples.”

But perhaps, given the user started a new section, i% 1] & — %

EEA W VRAEE S, BN SRR R — A T B iR, Let’s think about standard educational
content.

So, the entire text might continue as: ...

Alternatively, perhaps the next line is a new section.

SESE, A IR

However, the original text 7] GE7E N/~ gig -— a5 -

Wait, perhaps looking at how the initial document is structured. It’s using markdown with headers:...

Table 4: RPT #fERRAL 1511

KRBT TR HERLRE Sy . FERMBA Y RN RIS, RPT SRt & 1 B BE, ff
BT AT R — A ERAL 5

PRI S BRI AL 2] 5tk ] (RL) FE R 5 RO I ZR B BOACHE 1 B -
MR B HEA TR A2 2] [OWI 221 SRR Zhis 5 BT X NSl der Bt AT 0], DASE
Th—2r. BRIbz Ah, KAEE RL Wpes| A VAR E SRR HERIAE J) [JKL 24, GYZ'25]
o [ZHST24) SRl R AR, Bl s B A BT T Mrie il ) SRR . &
T BV AR AE & PUONAE A S A B bl R H AP IC MBI ] . X PP BEAR ] BE 4
%¥EE%ZT,ﬁﬁﬁ%?#ﬁ%ﬁﬁ%%Eﬁﬁ@%%?ﬂ%%%@ﬁ%,%%¢%¥
W -

6 HEBNARKR TR

FAI5IA T reinforcement pre-training ( RPT ), 12—l #i i) K 24 5 B2 it )1| 2 i 5. i
BERE R — AN TN AE 2 S — S W BGTE A FRAT 55, I B 5L T IE R M0 SRR T Ak A
~J, RPT Fui% LLMs FEFIZRI0I [ R 7 R I 1S3 A Ay i B i (4 BERE B RE Ty FRATT 95K
B3], RPT St T R — AN, 958 T FE B AEAE DL R AR Al — B PR E I 3
FRRIL, HR P RL SRR IS TR . RPT (@ ad ARAS FH S48 H
PRAR Sy, T R R AN S A AR A LLMs S it T — 2 A R s 1wl .

BRI RPT ISR R R A I, (AR R BRI . FRATTAY S 86 B g e — 4
14B SRR F AT . R4 RPT e wiisert il iy, (4 i i B SRk e 2
B SORIF IG ARR B T AR PR HAE T 32 Y38 ] U R . iesh, RPT %R
FE AN BRI IR s BTSN — A FRE R RIE ST 4R RPT IR HR Rl
MR AEE— 25 A 22

A DA AT IUAS 7 TR I TAE . BATA B RINGER A58 5 ST 4 7 25
YW, 7E reinforcement pre-training 3] o] DA F KHUASEI 08 ) ELIBC I B0 . FRATSEKF 4 |
GtER, DAMEShHIE &R, 1ok, FRATATRAK reinforcement pre-training 37 4 fE¥A N, DA
FRFRIEFHNY R, Boh, TATIRHEAEYE DWHT25] 5 RPT AU, DAt
38 B it A TR — A P R SR AIRL BE ) 1 3 B B4

)
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AT W W5 AE GPU 4 BE 4k 47 7 TH
MI300 GPU I 15 A 27 > B Ai 15 it T
verl [SZY124] .

14 5T R 2 75 SRR, AT 3 JRA AR P SCRI A
AR PR BN SRR AT USRS B T
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Table 5 #4517 Section 4 1 reinforcement pre-training [FJEZ0MESE. TRA TR 00 S W& o

A B (HDW 251, FFRmik BB 0 .

Params Values
Actor gradient clip 0.2
Batch size 256
PPO mini batch size 256
Rollout number 8
Learning rate 10-6
Adam 3 (0.9, 0.999)
Weight decay 0.01
Sampling temperature 0.8
Max prompt length 4096
Max response length 8192
Entropy loss coefficient 0

Table 5: £ Section 4 H Jf]+* reinforcement pre-training HJ#EZ4 .

C  ZfES5HiEanas R

Table 6 7/l Table 7 £ Ji] 2 3 {T: 55 B /R T HEAIIF5 R HITERE - (HAEEY2 , R1-Distill-
Qwen-14B {4 REIE AL W APAS [ B9 =CEA T T3PAh : ARTER TR — N Ta] S0 AN S T4 PR R 25 2
i (FF3H% + think’). RPT -14B 5%k T R1-Distill-Qwen-14B F1 R1-Distill-Qwen-32B

R T A PERE
Agron. Econ. Educ. Engin. Hist. Law L. & A. Manag. Med. Mil. Sci. Phil. Sci. Sociol. Overall
Standard next-token prediction mode
R1-Distill-Qwen-14B 30.0 38.0 32.0 31.0 245260 285 39.0 355 360 37.024.0 30.1 32.0
R1-Distill-Qwen-32B 32.5 395 43.0 34.0 29.531.0 285 41.5 435 490 445295 385 372
Reasoning mode
RI-Distill-Qwen-14B 31.0  41.0 32.0 345 29.031.0 29.5 39.5 385 395 44.041.5 392 36.1
RPT-14B 350 40.0 415 405 30.532.0 29.0 36.0 445 41.0 49.047.0 420 39.0

Table 6: ¥£ SuperGPQA _| i BREAERE
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Bio. Bus.  Chem. CS Econ. Engin. Heal. Hist. Law Math Other Phil. Phys. Psych. Overall

Standard next-token prediction mode
R1-Distill-Qwen-14B 72.5  42.5 34.0 46.5 58.0 44.0 57.5 54.0 37.0 36.5 50.0 48.5 345 62.0 484
RI1-Distill-Qwen-32B 82.5  46.0 39.0 55.5 74.0 52.0 68.0 62.547.0 46.0 54.0 53.5 425 685 56.5

Reasoning mode
RI1-Distill-Qwenl4B 85.0  65.5 745 75.0 81.5 52.0 70.0 61.542.0 86.0 65.0 62.5 80.0 64.5 689
RPT-14B 845 720 775 76.0 785 535 74.0 63.0 445 91.5 66.0 63.5 825 68.0 71.1

Table 7: %} MMLU-Pro £ EREA R .

Prompt Template Random@1 (% ) Pass@8( % )

v0 3.0 8.5
vl 5.7 11.0
v2 5.7 16.0
v3 53 11.0
v4 4.0 9.0
v5 44 12.5
vb 6.0 19.0

Table 8: SRS 1§11 o

Pattern Group Keywords

Transition alternatively, think differently

Reflection wait, initial answer, original answer, looking back, thought process
Breakdown break down, break this down

Hypothesis probably, something like

Divergent Thinking etc., or something, either, sometimes it refers, otherwise, exploring, options

Deduction summarize, conclusion, conclude, finally, logically, consequently

Table 9: L= LH A K48 IA] W T Section 4.3 .

D ft/nBRIF RS

FATHS T & PRI R0 T — ARG HEBPERERY SN . Table 10 JE/R T -L R AZ
o Bt TRFERESRBTT, HABS a7 BRI

41 Table 8 iR, iEMIAPE R BB 5 T WA= LAY IEMA: . 322 , Section 4 H1{7 reinforcement
pre-training SCHMH T V0" BB . FAMTRE R T AR A (A ) B s AR B R AR
7%, XATREA BT s AR .

E PRS0 Biriid 5C il in)
Table 9 J&7 T HfEEBER T 1R 9B 2170
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Version | Prompt Content

v0 Complete the given text under * # # # Context’ by predicting the next token, and wrap it in
“\boxed { } ’. Please reason step by step to find the most probable next token as the final answer,
and enclose it in \boxed { } (note: the token may begin with a space, e.g., \boxed { para } or
\boxed { = } ; do not use \text { } ).

# # # Context

{ prompt_content }

vl Complete the given text under # # # Context by predicting the next token, and wrap it in
\\boxed { } . Please reason step by step to find the most probable next token as the final
prediction, and enclose it in \boxed { } (note: the token may begin with a space, e.g., \boxed {
para } or \boxed { =} ; do not use \text { } ).

# # # Context

{ prompt_content } .

v2 You are a helpful assistant, good at predicting the next token for a given context.

Now, please complete the given text under # # # Context by predicting the next token, and
wrap it in \\boxed { } . Please reason step by step to find the most probable next token, and
enclose it in \boxed { } (note: the token may begin with a space, e.g., \boxed { para } or \boxed
{ +=} ; do not use \text { } ).

# # # Context

**{ prompt_content } .

v3 Complete the given text under # # # Context by predicting the next token, list multiple
potential tokens and select the most probable one as the final answer. Wrap your final answer in
\boxed { } (note: the token may begin with a space, e.g., \boxed { para } or \boxed
{ =} ;donotuse \text { } ).

# # # Context

**{ prompt_content }

v4 Complete the given text under # # # Context by predicting the next token, and wrap it in
\boxed { } . Please reason step by step to find the most probable next token as the final
answer, and enclose it in \boxed { } .

Some examples:

# # # Context \n \n ~~~...(some omitted)...Matching calculations with
1990 valid combinations indicates the minimum value of \( b \) that fits
all pre-requisites and restrictions for triangle formation and symmetry
generates the efficient outcome: \n \n \[ \n \boxed { 199172 } \n \] \n
\nIn" "~

The next token is \boxed { this }

# # # Context \n \n ~~~...Thus $ 2°{ A } =\1left(2°{ a } \right)"{ 2 }
\left(27{ 3 } \right)="""

The next token is \boxed { 9 }

# # # Context \n \n ~~~..., numerical exploration shows ™~

The next token is \boxed { :\n }

Now, the context is:

# # # Context \n \n ~~ { prompt_content } ™.

v5 Complete the given text under # # # Context by predicting the next token, and wrap it in
\boxed { } . Please reason step by step to find the most probable next token as the final
answer, and enclose it in \boxed { } (note: the token may begin with a space, e.g., \boxed { para
} or \boxed { = } ; do not use \text { } ).

# # # Context

{ prompt_content } .

v6 Complete the given text wrapped in * * “and * * " by predicting the next token, list multiple poten-
tial tokens and select the most probable one as the final prediction. Wrap your final prediction
in \boxed { } (note: the token may begin with a space, e.g., \boxed { para } or \boxed
{ =} ;donotuse \text { } ).

The contextis: ~~~{ prompt_content } ~~~, now please predict the next token.

Table 10: T >4 MHERE 5 1 -E MR BAR -
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Case 1

Okay, I need to figure out what the next token is in the given text under the Context section. The
user provided a partially completed text about integers, comparing and ordering them ... 7%, &
FEAT IR AL T 5 .

G, MPET 6x4=24,20>18x, FrPAN—DFFS 2% 4L ...

One way to find a common denominator is to multiply the two original denominators ...

s, WAL ...

Wait, but 18 x 24?7 That doesn’t make sense. Alternatively, perhaps it’s 18 x 4 = 72 or something...
F—RINE: AR —MRICRE -

i3k F 7 if the two fractions are 5/3 and 4/6. 5/3 is greater than 4/6 because 5/3 is 1.666..., and
4/6 is 0.666..., to compare them, find a common denominator...

Alternatively, 1] 8N — 7542 SR EE LaTeX H 054~ Py 2%, Wait, but in the Markdown, the
user presented it as: Writing Equivalent Fractions ...

{H/2%% | in the user’s provided context, it’s ...

Maybe the next token is another multiplication symbol, but that seems unlikely. Alternatively, per-
haps it’s just the end of the thought. But given the context, &I\ K~ —Mrid W B2 — 25 4& )5
BR—A> <27 WS A AR DY .

TR S Ml 1. If the fractions were 5/6 and 4/3 ...

So, after *x’ there’s a space, then *4” \n</think>\n\nfiT DA, "F—"Fricsed’ 47, \n\n\boxed { 4 }

Case 2

Okay, I need to figure out what the next token is in the given text under the Context section. Using
the integral test, for a set ...

P 25 58 Mg — AN e 1) 1o LEFRATT TFAE—ALL. The question is to prove convergence
of the series, the answer uses the integral test, which is the standard approach ...

Alternatively, maybe the original answer was longer, but got cut off, fif AT T3 Bl Nk &%
2. W F—MRidE .

FPA N — P ric a5k, ARG EHANZ . Alternatively, perhaps it’s a continuation of the
same sentence ...

[A] 1It;, by the integral test, the series converges when $ p > 1 $ . No, perhaps it’s better to see what
the original answer was supposed to be. The correct full proof would be: Using the integral test, for
aset ...

B P82 AR B & AR Z IR R — MR ..

ul ¥, looking at the way the answer was written, perhaps ...

I think the next token is > $ *.\n</think>\n\n[A| ., F—4F54" $ 7. \n\n\boxed { $ }

Case 3

Okay, I need to figure out what the next token is in the given text under the Context section. The text
so far is: Call the large circle’s center ...

Scaling by a factor... 5 //42 T 2B HR? s 2 HABARY 4570 . 2545, the scaling factor is
probably such that the smaller circle is scaled up to match the larger circle or something ...

So, in coordinates, perhaps Ol is at (0,0), O2 is at (41,0). The small circle has radius 13, so the
points where O102 intersects the small circle are at O2 plus or minus 13 units towards O1 ...

FreA, A fE/hE B OHe 02 B s O1, %I, Because if you go from O2 towards O1, 13
units, that would be ...

PRI, R/ NER LB 89— MR AT ae ke £ 30/13.

Wait, I'm a bit confused. Alternatively, maybe it’s presented as a fraction ...

Scale the small circle by a factor of. [K I, SZPRF)F—Phricsd F—A4~Bia s 455 ...

Wait, but in the context given, the user just wrote ...

S, AWV SRS IE .

So, in the given text, the next token after ’Scale the small circle by a factor of’ is
space.\n</think>\n\n N —4~Fric 2’ "o \n\n ViE { }

Table 11: RPT -14B ) = fpffe AR = 6
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