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MRAEAAELLAL (R, fS) EXHE

THESIS: Hierarchically Scaled Masked Diffusion for Structured Decision Guidance

DEPARTMENT: School of Artificial Intelligence
SPECIALIZATION: Artificial Intelligence
UNDERGRADUATE: Rui Shi

MENTOR: Assistant Professor Cunjing Ge
ABSTRACT:

Masked diffusion models have recently emerged as a promising alternative to au-
toregressive architectures for text modeling, achieving comparable or even superior re-
sults on a variety of benchmarks. However, prior work has focused almost exclusively
on pre-training and supervised fine-tuning, and a systematic study of post-training for
diffusion-based masked models is still lacking. Post-training is widely regarded as a crit-
ical means of alignment or preference learning, and the exploratory capabilities of re-
inforcement learning (RL) are seen as offering limitless opportunities for LLMs to self-
improve—indeed, this is often identified as the next major frontier in Al research. In this
work, I investigate the characteristics of masked diffusion models during post-training,
and I exploit their flexible, controllable generation to accelerate both RL sampling and
inference. To fully leverage the bidirectional modeling and parallelization strengths of
masked diffusion, I attempt to introduce a block-structured reasoning scheme based on
the novel Block-Diffusion paradigm, tightly integrating it with the RL loop. To validate
this approach, I perform a series of comparative RL fine-tuning experiments on both
masked diffusion and autoregressive models across multiple task settings, and I provide
a systematic analysis of their relative performance. I also conduct detailed experiments

examining inference accuracy and latency—key metrics in our hypothesis.

KEYWORDS: Natural Language Processing; Reinforcement Learning; Diffusion Model;
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ML EWTTERERA R, FeZIF RO 4 B W SR 55 3Rk 04 Al
AT HI5ei . RIEEEE TR A, BT 2 BRI 255 R AR 55 i
438 K T 5 2 (Large Language Model, fijik LLM) 28 Al 58 KiZ AL AE J1HY
RE. FEZAFEAT, &R ST ROB I 2
B, LK 4 g TAE: Transformer!'!, AlexNet!?l | GPT-3 %45, #y4E
RS FE F R E U DA B 2 B 32 B 4 (backbone) . ik L6
FrF I AR LIS 05 TRERE SRR AR T, AR ALEE Br G R AT R A
i I FE A, BIFE SAT FEITE I —Sididy, P3R4 IMO Fi 10T 4.
DeepBlue, AlphaGo. GPT-4 Fl o 513k 28 AR T 52 Al J &R A3 :
22 REFMAL2%3] (Deep Reinforcement Learning, fAjfx DRL). #"J& (Scaling) 7l
T,

EAEEANTE RS, R T RS K vk RS AT 1K B B e M R
RN AN i R A — Lo . g5 = SGEh BT A B 24
PR R R B B R AR, X — R R Tt SR A
HARIKEhBLER2: > 5 LLM rh iy @0y SR [ i 3 . HALgs2E > th TR
SMERIAE (T — 2 I 5ok R AT R 2 > s 3 2 S i =0 ek Py i =l E
SRR BE) BN SEA IR A SCE 5t B xE AGRAIE (A5 H A5 R L2 —Fh &k
Bheg, AR Bt v T . AR SR o RG] 2 F LM K5 [ R
PAK LA Manus SR AT Agent 4545 AT & J& Jirify R AR 22 1 W] P ) AT R i
HT AL RGAEHE ) Z sV, AT SE i A T/ e 546 (Safe
Guaranteed AI) (#1702 AT % J 3| 24 Hiir B 56 5 1 2



HEA AT R R F 2350, JRAS R 2 T i SR AE A X, (54 A
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P S ERA R T TR, FEE— B R SR 2 AN AL &Y
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8, ¥ DeepSeek-R1 % Bl 5| A KBRS A2 ) 5 #e A S 4 A2 b 1l B
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{H—WREEH A Ak, H— KA E b by > S AN -
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CREFESE B PRANN AR ), HRFRBEi B o . (R P B el AN
1122Ws , TSRV B 5 T R AR IR AR o6 . BRI, i T fhar >
AR, TR AT AT RETE B0 37 I A TN 1 U AR B AR e AT 55 IO PR, ARG PR
I A B R s A

R, BT PA EPIANEEIIAR , A SR A BRI S AR AL RN R Ay
A (FRAE AT n By ERBE KR R BB [ [ TR0 DA R B4 o AR i i
[ ) AR AL SRR L2251, FHER IR RCRRE T, R
FETE A2 > B8 N AN T 45 BT 4 4 1) eI e A [ By s o [RTE, SC
B I T — R T SR B A AL S B 30, SRS R
2 S EPRAEY BB P R KL B3 S R T TSR RN 2R Bk (Rl =T
DAL B AR 5 LLM B fEBER B (MRS ) , ik LLM e R 7 it
] P £ TSR 4558
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Phik 1: Fe b, YEE R AR Y H AL (Masked Diffusion Model, {&]
P MDM) B840 S5 N7 A RGMERBEST, (Rl IRHE S 2 Bl o A
AROUEAT 25428 1) AR A AR EE B Rl VA A Y A 4 Rl M) D 9«

S AE AT 55 B A B SR Ak 2 ) W5 R F HERE DA L Python,
Dafny fCHS R BIER AT, FHEAE YIRS U E RSV (s,) PR E 24 1] MR
MRS x, BRI R G IER, FET WL B s (dL RERAE S 11 i 20



RELRWE T LR AR WA, ks ke, A0, W2 kA, -k
5i AR~ Y EL R KU BT S BRI R T7 1]

BUHR 12 ASSCREAE R N 22185 AN @iy 20 L &AL Token 1“2
B AE” B AP HRB R R . BT AR R r(x, ¢) BET 2
SOFXHERREV () BEATINGR, FH BT R SRS AL R UL o 2 . 7
H b2 e MDM 5 e RAL RS A i i, B
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PEASCAEF TR, XA A — R IE RS RO ] RL 5 2Rttt
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AR, SR 24 BT RO A T DAL SE A AR s B R AU A 2R, (RS2
AFTEEE— A/ MEZRR BAR T, DR 3 Ik 78 B B Ao 2 vl DAYE
U e NU T IR N Gy &

vimk 2 BT, CESLECR 2 E 4k 2] (Hierarchical Reinforcement
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eI S 0 B o BNl = 1 =5 2 Ve = i U 1B N 1= IR = A
Fal ¢, AT RN XN EAT TR RO A AR 5 A e
Po(xole) Ao IR DATE S FAL & ¢ i &N Python = Dafny {URS AN
A A RE Y B, 145 BAE A OB . R, AT ATEREAS Dafny 5
Python fUREBN SRR AT AN T 20, SRR WA FFAERUK 4
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HRAES gk R PE UGS (40 Dafny) idEE R0 BETsE A, [RIEA
SCAEE WA 78 R W TSR IR SRR AR A 2 . i H A SR 0 I S o i L
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PEESCH Z AT RIS O 2R o T3k 8ok i AT B S 2B B ) Tl H BTN 48
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(R X — AHVAE AR S B Pl 31 TAR . H—OME R B U SO
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H (Word Embedding) I il A 5875, 1 Diffusion-LM!'), 1 DiffSeq! 2012 4764
PIRA TR ERBAR . A, BRI RN R RT A R R I oAb
RUUERS 0 3 LN ER Token (1) DiffusERPUAEAY, DA K MASK-Predict!®?] i
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ATAE T 3 R MR A EE B HAXEBE 7y, HAE— @ R RUER] T A U
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fuLLaMA® 1 LLaDAP 5 BB SR 4% 5] 7B %L, 1 Mercury Coder {f
F— RSB, ARG A B TR T R ER AR 5 H 215, Bl
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H— A BB B3 B R ES 0N 0.84 Fb. X Fp&h &1 HUE S BBLE A i 2R
P NISAr e gE e, ik BUAR A iy e i B B0 VA 7 VA R AR Sy PR 1 O B i ke
UE D

TE 24 AT B BT IR AL ORI A A — SE 2200 {H T AR ALK
SRELA — LU R B T A [ TR, AN O A — R 7R B 22 Rk A 8 5 3
A, HIFEA 5] Transformer ZE44 i iR KV Cache AR, B B A AR AL ) 4
PESFEAALE A A A AL R AT RETE NS (YA HERR X LU PR B L 22 5P ) 5 [+
I SR B B RO, AR LG [ S8 A Y Transformer, 3 B ALF7AE B
ZHRETHMREVHSE, W a,, RSB 225555 . It
BATS T R L, AV T AL 23 ]

i JH ) MDM B BU i sy 20, R AT A3 o8 8 i ) A DA S % 232 1) [
FBIRAN, DA REZ0 T B 2 P A A =X i e e R AR S ) i A

211 EHHEEER
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RE Ik # i (One-Hot) 7174 g, ey, -on €10 FETIA [MASK] 3X 4455k Token
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BEAN, 101 Fn P AN 11, x; AVIRAS j #AE SRS k A9t , HnTpAsR
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XA DAREAR K X H1- B; E’JT%%%T—?%’SK/}E (ﬁiaﬂ Xty = xs(i)) B E@Tﬂfhg
43| [MASK]. 768 X TIRASEAIERE S, Bl AR B i i 2 7 it iy DA
A,

q(xt(i)|x0) = Cat(xt(i); QlTxO) = ngAixt([).

Hoft, Cat(xs p) Fm—ARBM, p ARSI, TR x #AL R
AR, Hh 0F =1L, 0, = el + (1 —aplel, a; = [T'L,(1 - 8.
SO a B 2L, B BERFTELAA O ) 125 Mk, (RN, FomRt MR
FEPERE R (MBI B A MR, ) a; BERTELAA O B 1 484k, ARG
1, FTRAEAIRS A TP B

WEVERE, BT A RS B A T RS, HPTE R T 45
BRI A 5 I B S A A B A IR RE AR RIS, 0 T ek R o £ 3
SROTIRE SUT [ B ARE, DA TN

REEE: £MiRE

MDM 4 5z fir) 3 A ] DABRAR A A2 1 ) i AR AR AT (DA 1), A AR IR SIS bR
B po(x|x,) WRIBA TR EIN SR . HRT AR B 72 R i id Rk 2R, i
Ep

Po(xX|x,) = q(xglx;, pg(x,, 7).
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Hik s Tokeno IRUERM R AL RS, po(x,, 1) AL IRAE A PRIE
FrimdE s AR FER A . A Z AR AR AR R,

softmax(fo(x;,1)) x; =m,
,ng(xt, t) = {

X, X, #m.

FE, B ) Ay A ) R e S i i R R E BN g e e, AT S iR
BRI T5 3K

YIZR: RAUAETT

MDM () 545 K R ECRI 3T n (i SR BHR I H [EEA—2, R AR
RURE ARIAT L. AT S X ER BRI TR (BB FR AR T 5
Evidence Lower Bound, f&jfx ELBO),

log p(x¢) = Eq(_xt(l)|x0) [logp(xolx,(l))] — K L(q(x;|xp)||p(x1)) — L.

Horpr, KL AUEIEN 0; Qi35 T — oo, EFAYEHE—Ii 1(1) — 0, [H X it n]
PABOA 2 00 e ESCrP ORI 17 Lp 30, tBRPIESE AN —L, -
Lo BHESERUT,

T

Ly = 2 Eq(xt(i)|x0) [KL(q(xs(,-)|x,(i),x0))| |p0(xs(i)|xt(i))] .
i=2

TE Shi % NP TAERS A, AT AE— 2R,

a, —«a
L5, Xy - log (. ).

K L(qCxglx, xo)l[pp(Xslx,) = ==

R xo s — Al gt , e S nT DA e 000 ) HE FIELSKE Token 2
] 52 SUR AR O o RPN BR G BU AT A3 21 Loy, M0 —Lo, HHIRZA T Eim/ME
AR K R

R, R AR E XA ATEAL o 725K B rh 4 MBS AR X
AU T LRSI AR BERALAT ,  BUAR A RN A
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TELE IR ] S EITXE [0, 17 1 i) AN IS I8 7 B B HICIRAS R, 1 R DA O
H R A B ) AT ) SRR DA B S e AR . R O PEAROK, BRI
MR YNGR — LT AERIA (Out-of-Box) HURRAL . HLATH 45 X Y
ey NI b /N WG DS IVAIOE S Y TG G R LTRE S

il ] i R Ay

a(x,1x,) = Cat(x,; O(s, )T x,), Qmo=Qm”an=%l+a—%né.
2 [F) 3 R PR FER AR 5 S i) A —
Po(xglx,) = q(xg|x,, po(x,, 1)).

ULE & Rt e TS o e S N i € 22 e T o e o O s e e e
WEEL A, € X1, HAOESCH o = 0(4,), H o /& Sigmoid K%, BLAh, iBH5
LT Log-SNR (log JEAAY(EMELL) 4, = log ;7 = log — SNR(1). B Lo,
BALRE U 2,

a
1—a;

L, = E;) (D) - Egix, 1xy) [%m - xg) - log flg(x,;, A)| dA.
H A t =log — SNR™'(A) B, MERTAEE o 420 B4 80, oA
t =log— SNR™'(A) B, fg(x, A) = pp(x. 1), G(x11x0) = q(x,]x0)

TR, RS RIS h T3 TR 2 T A V2 £ T AR IB A Tl L
DALy 38 HU2 Shi 258 APV T/ETEIE 2 R RN R S, T8 A 1 2 HiAbY
TAf, i Cambell 45 ARSI Tz Sun 25 A 27VA AL AR 7] 4 A 2 Ao 28 45 1] By 8 K
R AT

1, MDM 3 FH PRIy 2 Bt A A A i [ S B
SEEE, SCEE PO B S RN R A B OB A A T SR . R
FCF AN EEHHA: LLM I R ik S k.
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22 RRil%: EFEALFINRAE

BEE KR E R (LLM) B P A g, AT B el ) 2 I 2Rk A5
HEFRIR, PRl A B RO~ S e 2, X2 Pty LLM (R AR
DL BITAT DR, HEali ok T 2Pk AnTTI R PR HARORARUAR B ity SR 2B
i% (Cascading Errors); RN RM A . ST MAS . ZALBARAY XU DA
LRSS (Catastrophic Forgetting) ., JERBR I [RIBSU# 4745 M. BUOh, Heiilcde
AR, AFERIER. (LoRA) . SEACHFIG R A W (RAG), 5 7T
ORI SR I o X SESRE 5 N AE RS &, et TR, I
PE— 4R T LLM FEA R B AR e Pl . i, B8 Ao Sl R
Gl S K R DS k2 ey g R LR 27197 ) O LS T VA B i BUB S €2 S K DO
MRS T (WEEIIZR) , LLM B i7Hh 5 AR BIRIE R SRR — 3L,
R 2 G e HAE B St B p A 4

G BT TR B R SR i R (R 3 Ak 2 > € HLAE T SCAR A A AR 1)
A iR (RYCRR, RL AGHLRIANZ R e e dl) . AR E AR (BT
HE R RL AR MR . URIRIER Y ) . ARl aE M (eSO
I SRS BT B 2 A L A AR ) o DR, #1xF LLM {E4BHY RL 75
BRTI AL TARAEPEVA b= AP, FE0 ORI AR5 R SCH G
5 PR R — 8. A/NRE R R SR AL ) T AR AR DA L Y
Ik, A ST GRS ) 5 SCT IR BT

221 HFESEERIIZZESEE
PAT R IRIETR SR (LM) A fears ~J B0E

€ 3L 2.2.1 (LM BT 220 R BRI AR s AL 27 S E). o T LM | =1 )a
AR (BAAFCTUM I TR A MR AAFIT), EIATRTAZEA LR
T % kA2 (MDP) P 6907 5 2 5
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Action : a, T —A Token,
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LLM &4 R % my 233040, VA EIFRI = IRk R 1L

H@hﬁ[quM%m]
=0

HT VA EAEsR A S B0E , BUATE B UL 2 i R AR s e (o Bp—A
5 L2 >] MDP {)— N8l ) [ AR0E SONSRALE T . AN RERE
AR RS BRI B T e A B A TN . SRR STt R o

T
Vol (ry) =E, [Z Vo log my(x,|x,_,) - A(s,, at)] .
t=1

Horp, (R EL AGs,, a) Fi(E (Credit) BRI BCAA &P ER, Hidkadid B
Rl (WFP2es)) FIRER R (SRR RIEFE) kg MERI L. X2
(ELARIZE AR Rl 0 ) XT3 s LLM eI ZHE BRAT 55 7 ) n] SR AN P E 22 0
W

LM F| LLM i) RL Methods FEAHR 2 M AL S8 5 A0 2 > W BOE P iEAT
W%, I Joid 25T SCRRR BT, AT SR 2 1) REINFORCE
SRV, DA KAy R R SE bR EEA T U (B A 117 Actor-Critic /) Advantage Actor-
Critic?®! | {8k A2C ¥k, PAK A3C 43k Asynchronous Advantage Actor-Critic,
BRITVERGE T o D id e, 32 TARASREERCER,, IS, i 2 mok
AL 55 HE AR

DA b B85k SR i Al Ay >0 B B LM G i o™ St B ' e 2 R 1 T 22 45
PRIRSE L TR R 5 . BUREAR W PPO 11 FOHIAR N 28 S IR s 12 )
(Reinforcement Learning from Human Feedback, f&jFR RLHF) F14¢ i [ 2 il 28 |
LB EN DGR A K c VA dh . v Dl w1 R R Y =TT B A
i

222 KESHEHFISGIEE. AEiL5E%

FEIACH  RL AR YA A1 2 B S 20 AT Ar 2231, 1. Rl Definition 2.2.1
S BRI A BERA , R RL SERLE| LLM [ R A2k TR KAR 4L,
WA =0T |52 B #E (Supervised Fine-tuning, fAjfK SFT): M7

13



WZRPIES BTG, METEma . AN LHIER B s SR it iitt.
LR B AT A DR ASE R AR A0 s SRR X DU oy B B s VR iz (K
IS ) BN SR WO BRI 2R A pler) i 52 N T A i SRS 2
A YNGR A i LE BT AR B ) 70 B HE A%, A 280 > R Wi B SCAS B A (R
VESE S PR TE IRl BRI B (9 1 A P BT A R i K ek (K
P« TP OB E SR IR ORIER) ATE PR SC B B e H TR
SCE MR o X BRI TS 2 B R R R A A BE R A
JE R AL : I SRR R (140 PPO) b il EBR S HEAL, DARORBR
Mo R o IR EER . LLM s e MR A RIS
PRIEBIME SR SR L b 7= 28 NJA T R U Wi B

HEE, ERIRBRAEER D IHE S (Critic Model) fYI1ZR, (HizdLFxT
74> LLM 3025 S SR b0, 4 PPO B3k . (HRTERR /7 Hik (41 GRPO)
FoRg it 7. ARSI EN:, HARY TR SHOE AR J AL IR AQ
ARAEEN, SORTE R . W, MRS ZER AL R, AR 55
A ) R AT ORI A AR A B SR A e A

PAR R = A R A T ) R SR, o RRERE T RS AAFHAR
7~ (Zero-Shot) §E /11 LLM I,

WA

F—- AR WEMNE, (RN ZH SFT 5ARA i IH (nstruct Fine-
tuning), X152 (Dialogue (Multi-turn) Finetuning), B 4E G5 (CoT Rea-
soning Finetuning) , 43 % 415k (Domain-Specific (Specialized) Finetuning) 4% ; i/t
PHAE TR P Y9 LLM AR R T S B e e AR, anz& 4Bt (Distillation-
Based Finetuning) : KAL) “Hf” AAUA I R 7 AE MR iC i B Bl AR J5 B
BN A BRI A SR HARA TR0 , R L TR g S R A 2R
(CoT Distillation ) . Z%HEARTE N4 FYHEFRTE 5447 (Reasoning Language Model, &
R RLM) Hr g3k i 1 5 Z805 2048 (Parameter-efficient Finetuning , fi#j#k PEFT)
WG T —/NART I Z S50 (LoRA) 8¢ 1] 2% >3] ) Prompt (Prefix Tuning), [F]Hf
REE T RER I AAUAEE , ok 58 e/ BTSN ) Y RO Z )1 2%

14



RIMRBER

B RITBONEEEE . 8 X PR AERS N (Queries) HOZSAl, Y R FTA
FORERY 2518 . XT3N x € X, MUE— RS AMREAIN. (3;)7, o m,
A x {9 RN, Sk AT DR R 7] 1 SRRE S Prompt 14
PET ARG . R A T YRS (SR R R AN P B85 ) sk S0 S (L i
SN, R T RSO HES « TR (), RSO () ke
TR RAT AR, Ho ¥ TR RAREE . HEA BRI AP I9RE ). I E)
TRAVEARSE D i N AR 1L

p={e L )
FET AT DAYIZE— AR Ry(x, »), HAFE N, AR Cx, y) BESHEIAR
B, FRATIHIEAT AL Ry MEFFUCSEROMRAT , AT WS B b b4 A5 O
SR

Ry=XXxY - R.

TR, X LR ) R AR A, e L5 %L OCs,n a) =V (s)),
T AELE R 3 450 B0 ) i e 8000 1 2 2K Dl RS 2R 28 e A Ry B O i e 1)
Bradley-Terry #574

exp(Ry(x, ;)
exp(Ry(x, ;) + exp(Ry(x, y;))’

P(y; > yilx,0) =

Lgr@ = Y P(y;>ylx.0).
(x’yj>yk)€D

AT [ 4 T 4B HE R Y Plackett-Luce fR%

m

exp(Ry(x, y;))
1=1 ZZ:[ exp(Ry(x, yk))’

P(J’jl,---ayj'm|x§9) =

m exp(Ry(x, yj')) >
Lpp(0) = - ! ’
pr(0) Z Z o8 (Z;C":l exp(Ry(x, yi))

(x,rank)eD I=1

BCJE TS B A fR R B 3t Al 27 > SR P R i 1 At AT AR 2R i S, X —

15



R R IR B LLM St fbag > Sk spalb s v gt . (2 AR A2 AL
AL BoRE R (W R AR SRR T 2K ) , BT, 4PREA
TP ASE (R 2Rl R A T 0 6 )

X RINFS, s Rl BRI R e SR 5 AN TRk €
SCRIheRE, XA R AT AAS ORS BRI SRR T, AEORRUBERG Al 1 AT B %G
I A g s RS S A TR 21 A 4 T oA 3l 215 5 P TR I 22 D
A A AL T SR AR R A E (1 2R 4514«

X 2R BRI 2SR, BB AR R R T AR A 2R e, TR
LLM i Y e A G508 5 B SL I s g g T 1 PRl (XA AT iE S
FEAEAE A BE LR BeAh, BT I AR A SR A RIS SR BC RSt 2Rl
DT, B SN B LEE, W AR A I S s R AL 55 s B
U AA B R IE A RL 248, H B A AU SR AL AT S A
RORAWIFE R LLM BYPERE, X FPI7 AR 1 2 # % Uil (Reward Hacking) 71
RIDEAER AP ORGSR S ARG Fop AR A T A A TR
AT OB . X ARG R SR, 12 B N R HERS i AL
PAE S A B N ISR fi S AT 55 25K

(EATHETRER I, S SCAAE AT 55 78 SCR i pR e — M S A, Al AE A
FesE 5o LM H) % 20 e — S G B R — B2 WF S N SRR 5 17

R

I — 2RIt . — BA— DR YIZR R Ry(x, y) SRR A
B HAb RS, T DATEH AL 3 RL HEZR AR AL SR 70 X — 20 H SR T
I RT3 i A PR R SRl o

TEAMA RL £IRIET, RES s BTN —A> Token Z HiRY#R4> (E47) Xfif
s ER A O AE, BffE a BITF—A> Token (8("N—A> Chunk), WK%k zy(als)
5& [ —A> Token W 550 A BE 4R E T DALE Sl 5 R I SR 7 (%), Bk
Ut WX PR, y~ a,Clo) AR R, H bR 2 gk
(G =N

max B,y [Ey~ﬂ¢(-|x)[R0(xa y)]] .

16



PATR R fa ER A 23045 4 LLM )2 (8 1] B SRS AL ik o

4 W% 2 Trust Region Policy Optimization (TRPO), TRPO J&—7#fi)" {2
T BSRME UAL 73, Rl O B TR E A2 BRI B (5 AR I (dy KL WU A
B, IR R R A ST R AR E M. TRPO L A U Ak 1] UK 55 s 58 5
TR £ PR

mo(ayls,)

g . (a:l5¢)

-

maxgE, [

[ A AN 23R

E, [ Dy (ao,,,ClsollmCls)] <6

F T AR A AR AR B RS T B A g 0 B B AR B, b h g
Jiik, X AT TRPO X1 LLM AR B

PPO 13t 5 TRPO H AL H ARSIt — A5 H - PR R A
RHEH MG o € ORI S Z RS 1EARR L mr i 2Rl , Bl

moayls,)

”G,ef(ar|sz)

r(0) =

#9519 PPO {4k H AR H
Lppo0) = E, [min(r/(0) - A, clip(r,(0),1 —e,1+¢€)- 4] .

Hrr A, BB R GERRANTZESRE) , ¢ SEH5EHRI
RVHRZRESE. PPO B4R H AR R T S i SREW 4311 5 S 0 1) SR 437
Z I 2 FARRE . AR R e TR S AR B TR AL, T RRE T IR AR
E M

BT % PPO Ity R il 2k 4 MREYRFRoR, DeepSeek [#BAG] AT Group
Relative Policy Optimization (GRPO)., GRPO #R#fi [i]— i) i (1) 224> R Ay 1) °F
BRI AAGTHEEL . GRPO 1 2 TTHZ B IH IR T XIS S T RAR 03
BRED MIFR, LRI LLM 4 bt SR 2 22050, A RIS X A 17 4
q, I—HEH (01,00, ....06}, B BE= A3 {r,rp,.rg), WE
BB AR AR AL S OS5 5, HO 7y = SO e R g

std(r)
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Wi [, o; PIPETERE LN T (0,0, q), 7ELUNR:

|0;|

1 . A . 2
J(0;,0,q) = m Z (min{rogiois - Aip lip(Fraiin 1 — € 1+€) - A — BD gy [yl 7,0 f1}) -
il i=1

HAEE L E SCH
ﬂﬁ(oi,th’ 0i <)

ratio,i,t = old

r .
71'9 (0,',;|q, Oi,<t)

%, GRPO WLtk HAr R,

G
1
Jerpo(0) = EqNP(Q) [5 Z J (0,0, (I)] .
i=1

Syt AR R A7 55K, Direct Preference Optimization!?”! (DPO) 12 ¢
VAR Y —Fh AR B ) 25 LLM (5%, T3 RINMES 1) RL JEFF.
DPO g2y~ B Ry S sk %, ARSI AT RIS BE S B . I 2 BB Nl &
SOE BRI HART . B, DPO Ag Bk PPO HiR, it T —
ANEBR, ZEAREEM S T EE R (v+) AR, RN AR TN e Y
(=) WA, A X LA S U HE SR N 58 AL R T Ik 4k H A%, DPO Jg
TR B DA R PR A, H A5 IR B S5 BRI Rl 52 )i i)il 25 . DPO
RIS A R TR,

mp(y + %) Jog OO |x) )]

£DPO(9) =E . e . lg <ﬂlog — plog
(e, y1).y=)~Dyrgin n'ref(y-l- |X) ﬂref(y - |X)

223 BUFIREML

Bl 2T H) LLM 5 I gRg— A S IR AT e o SR A, 5 28
13 Agent AWTFIFREEIEA TS HHPATERELI G A REXT RIS 2EATI0 AL, 1T Agent
R CIRES, BE) PRI 252 ) Agent RATERIE I HERR I 19 22 A
E

MR, B E ARG Bt RL AR AEBY BE A T I R4 (1
W E R ECRIN 8 33O . MM EBREG Y (Critic-Guided Decoding) 3%
RACAMHEZL ¥ SE SR RIS R T N SR A5 B ERR O (PR &L, SR IS A A

18



A Token IS H{H R BOTAE AR R, LSy R MERTS . X —d il
AT PAERE R SRAHELE”, BITEAR ST 8 R S8 U, AR 3 PN A 2 el
PR BRI AEg R AU RN BB AR — A LD e 21 g
TRIE S RS A, W AR, BERIR ST A IR K P8 b IR,
XTI TCTE SO RL R, i@ e i b e il i, i X
SRS 75 RLHF MITRYRFFRCR [ TSRS KR A

KRS T A, Zhang 2 AP0 Koh 4 A\ P52 7 BL T4 B A 43 e
RRAPR R, DARRBIE A Sy th AT S I e 177, AT et pif P28 i fedk

BT LLM R RCREEITTE T AR, RORARSE e i TR BT (]
TR, 2P B Token @A (645 “PRATTHAE” HLHITCRMAMZAT . (BAERYTE
EE, RETE GPU SR Sl KA, SRR 1 28 il BAE AR AR @A
BRI X2 PN TER LR R 21 ORI, 006 SR AR ) R 2 IR
B AGH, TCROCGEE R R IEEEIEA RL 225] , A5 bR
TEATESA FRREA (YRR #eA%) ElSiS R s ek isl. Hak, 78
RL il A O A BRI TN, 75 B A S o AR s i) 22 A 2
AGAGATH, BT HEHH RIRF LRI, RIBRAL R 1 g i Sl
RN, SR NNER T mEREE,

2, RLAEYSCLLM S IIZR i AMERENH e . ZRTRIE, i&
AV HEBBR AN IR R 2k . T HRAEA TAE 30T, A AR
AL

19






E=F WRAE

3.1 EHIFAR

PAT il L 4> Dafny FCRSRSEBY, TEAH FPRE Dafny FURSAS W] 20 B8 B TCHY R
¥, PAS ChatGPT o4-mini-high 7 f#phe— 1] B3 Bl A1 — N2 AR SR BT 2 3
Ao BB X A B, BEHIAES RS BT 1] Y- A2 P SR B e i Zh R R R, DA
L AT RE BTG T B AR ) b B

Leetcode 509: ZE;k ARZ2E1 71

B ARER RS, % B ChatGPT o4-mini-high 58 K RE T 7]
PAEPHUCE B B0 A iR R IR H285d Datny Kk . [, fEAN TR
Ja BRI REANFEGEH E X REO T BRI ESR A1

Prompt:

# U ik EROIRRAL GEH M F) R ) TR P8 Brh 2 oI5 4L
B ZESIH O M1 ITaG, e A — TR A T R A .
Wig: F0)=0, F(1)=1,F(n)=Fn-1)+Fn-2), K¥n>1. HEn, iF
TR FMm). #7-01: ##8B) 10 #8020 ## R p) 3:

# Python fXfith: ZMIAOG A Python AURS SN (%)

# HOK - AR Dafny RUTEIARIEH 15 X, FHZ ALy n] i@ it Dafny 4
A

Leetcode 207: B2 3%

X R ERFEG], LRI BTSRRI S R e 18
ZIE UL, ChatGPT o4-mini-high 7£JLUCGE UG A & DA IMRIR IE R ) Dafny 4
e ZEBIREASHE I B A-1 . X B 7N A 55 1Y IR ERR FE e 1Bl S

21



RAUEF Python. FEUATIURFEIRIY, SE4e R IVIFASTE S Dafny RA W HES
5% python HAE ERAURHHE RN (IB47H WAl S7E Dafny R BIFZ X T
AR BRI AR ) o SCPRAUICRS BIIEE, FTDAREUARIRI RS2, AN Java, C+,
C ESIE , 140 Python ;X JEH A RIENEIRF -

Prompt:

# T H A IAEAR S I numCourses [JIRFFZEHE, 124 0 ] numCourses
- 1o ZHAR—"HU4H prerequisites , H:Ht prerequisites[i] = [ai, bi] , FRINTELE
BUREE ai BRLASELEE bi o BI40, AHZEPREE 0, IRFESE5E iR 1
, FATH—AIEERZF R [0,1] « IRIMRN 72258 I iR B 26y =7 >
Jiy. AIRESA ZAIEMINUTY, AR R ZHR EHERE—MiT AT . WA
A RESE T IRAE , IR IBl—/ZS0H . # R ## o) 10 ## R 20 ## R
Bl 3:

# Python fURY : 2 A 0X W i) Python fURSSE LA ().

# ZOR - FEARE Dafny PTEIAFIE H 15 S, RHZ AR AL 7T iE S Dafny 4
PRI AR

3.2 ETRFFHY HREMS ERELFIER

SHEIE P BRI R T DA SRR AL 2 ST R A SRR AT X R, A
HEAT T WA M AT B9 SR R 55 B DA S EL A S S A A R T P
Python f{ T A AT 55 BOHRTE, AT 45X SCHRBIF S Iy A S B R, S
W TR

DAR DAY OB B B 43 S A IR AL - 4 11 SR g, 002 v )
S RIF TR TE (c;) B9 IATE S IR, G BRI 8 TR BT AR I
JE A 37 5 T AERT 2 0 %, PARE— R TIIFATR, WI7EHET Lean
i BRI X i T K F 37 5t o, DeepSeek-Prover-V2U2 (4 43 22 {2 >
DA B AR ST 10 D7 AR 200 FUAR RN R4 T 7 A AN . AR X%
AT, SRV A RL oA 7E R — 3 v i .

22



3.21 S EYHIREIIEEIR

FIAT MR C, 8 LY AR BRI (ThEE) MIfE R AFAL
o HA o NIRRT B ARTE S 2k ([R5 R B AR O AR Fr A R 2 fiE
M EARET L), ¢ € C.Vi € [Ln— 1 8RR R A F D B T

C= {co,(cl, ...,c”_l)}.

PHUB A E SN Y, yo 2R M B RE S RIE, y € V.Vi €
[1,n = 1] @XH—A> TR B 2GS ik

=" ..y }.
P 5 X X, x; € X,V € [1,n = 1] 24— UIREERITHIAH LY. .
X={x', .x""}.
Zi b, AT R B B O — AL R,
(2" — (/,y) — X Vje[l,n—1]

TEAL 55 R 2 — MR E SR ¢; AREF RS vy, A E TR B
IR FNIE vy, H AR FICRImI R, x; , FLAERELR 5,

Phase 1, py(y/'|c°,y").Vj € [l,n—1], (3-1)

Phase 2, py(x’/|c/,y),Vj€[l,n—1]. (3-2)

Iy TURT AR 23 J2 5 Ak oy o) DA SRR S T IR 3, O IR
IR EAL S ST BEE PR R TR BRI S M D, B S AR
T IE BRI O AR A, T AT HE I S IR A e AR Y
BB FIW A AR SR T Al TR, AR IEE0h T4 — 2L, B EY) Phase 1
1 Phase 2 ] DAL [l 66 1] — AN S B ibA Tt . DA ENARAE T — 5 ik & i

23



AR

N T SN B AT, T R4 ST Dafny 55 AN BIBET
&7~ (B 3-1). Depth=0 I, M4 AR HARTE 5 flid A i~ BBy B 28T
18 (Phase 1), Depth=1 I}, MR E IRTE T filid A slixt (1) Dafny code
(Phase 2). DA_EEBURGEAT TR BL, SEPr EAES R I p o n] ABEHAT B B
(N1 Lean SRAcfiees @ BEIERT, T & TRl AR RO SEAR) , A ek £ fig
145 A5 2 B 22 T D e K eR O 56 LS R B T i

e _ rmgE
FIEHEE (Prompt) o memmigi)

yEteE ﬂ ;ram#; > e H e H raisE | reoe H il

Other Blocks Block 2
iR, %, BisE, SIES Hik: ;izAO

Function 1.1

(4HBNERER)

Function 2.1 Function 2.2 ﬂ]ﬁﬁn‘uiﬂﬁ%ﬁ

BN RS TR

Pl 3-1 ZRBilsrbr 2 b ko Bl: IFirdE s

322 HEBRY HIREREAFIER
JRIRER

17T 24 ] MDM ] SoTA BEAUH5A7 R B (Block-Level) #AL, i 2 L%
AN SOR R — A B3, BRI R AR DA N S g R . S T R A A
AL RL SRR Z MR 2251, WOFEAS RS T MDM 1) RL BER H 1 H
[l A [ A8 20, B Bl Definition 2.2.1 g SCo AR SCEE AP SR R 3K A
AR, A K RL BEVER RSO N — ik ik it b i i vl

TR, TEABRE T (GRRA 3.2.1 fhiaiir), TERSR

24



BRI AT RE ST, ORI X8 5 BT SO FEMUA 1) DA B S o i A5 [ i
TeVEMR S WO PR EIRES (%)) BT RL 503A, R BELEY WU 258 [ e
I 1) 25 ) B ] i AR AR AT SR i I BEAT s AL 2 S B . e, AR SR S — R
2 2455 (Block-Level Modeling) .

R

X5 PABZE I 6 MDM HEF7 BRI, Bt i AT (Block Diffu-
sion®), HHER RIS BB UL, M5 ST B RO b ]
O IR0, 2405 ST Ak A el DML fr e o S ik LA,
R He R O R . WO R 0, Bk O R e B A, 3%
ABOT AR T, AR R AN S B3, Aok
X R 1) RL 2

ARICHF— NS x Wiy Token 45 B ANKEE, KIEH LT H B = &, &
ORI EE B AL, HRTRAAR L, A SO R X0, HH) x M
(b= DL 5| oL’ WX HUE, HFbe (1, B}, FFI, ATOAXHHRIEFTRI
S, LR

B

log po(x) = ) log py(x’[x<").
b=1

B —AHE AT DARAEFEMY B FE AR, TR AR N E Y S ) A% 1 1o
, HEx 7 2amE R (JRSCES 2 PA KV Cache J4 B DAL 1 135111 At-
tention Mask A& 33 i 5 B I It #2 ), tuRp

by..b b by,.b b by..b b
po(x21xl, x<0) = )\ gl xP) - (x|, xP).

xb

HBTT IR 2 B R B R R I 2 — 20 il ad fi/ME NELBO
(Negative Lower Bound) SR &2 TALIOAAY_EER, JEim It b )5

B
—log pp(x) < Lpp(x;0) = ) LGP, x<;0).
b=1

o £(x; 0) 33 Luo 25 ABY | DUz Arriola 25 A\ B3 dh g Ze i #i PR R ] DAL fi
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HE R G AR B AR A I ZRAE 2R A 2K eR &1 2 o

T

L(x;0)=E, [—logpg(x | xt(l)) + Z DKL(q(xS(j) | X175 %) || o (X5 | xt(j)))
=1

+ Dy (qCery) |l Po(xt(T)))] :

ST, DA OB A & 2 T AR Sk e B 5 WA S 2T
AORRERER DA DA Phase 2 HREAHEI TR

p@(lecj, y/),VJ € [1,]’! - 1]

T 3K AR A2 2R (0 OB Y, BB AL SR L 215 B B IR N S 5
k. ¥ER, BT RLEXFA I TRHGIETEAL, SATH E R A EAs
Jo

%{bl OpenAl 75 R 5 HIUT: 45 i Ak 2 > AR 2R SO0 SCA A i ey
YRGS RS 2 B RB R R, IR AR Ay — A Fioc4l,

M =(S, A, py P, R).

Ho S FRRES MR, A RBIEZR], po RHTIRIRTS AT, PR R,
R 22 ek % siAlar T YDAk B A 2 B KA SRS ) SR e

T
Tar %) = Enpicin [Z R(s, J
t=0

32X HELOR 1 e T W RO () 20 47 B, b B g o A5 A0 I 1) 2 A AE
isf1E] [0, 1] W5ERG. 8 RL R FIAHIR R 53k R R & — ik b T
VEH, X HLAG BT o 1R PPO BRI AN fRFr— 2, W] e A7 A HoAth i) RL 2
LR

R ASCESC—AI0d, WETIARFRAARR, KBRS, FYET
AR EMRE R . s, = (e, y),1,%,)

g FELEUHPIRET, T RREER m(als) = po(x,_1x;, (c, )
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s T—BmERESR a, =x,,

RESR: BTERMES, NESEMEZ IR, RSHERR M T
(Z3if RLBEE , CIREEERS N PY), PRI HUR K 6 B BIOK kA%
MR P(s, 1118 a0) = (85 6y), 6,1, 6x,_ )0 FFARLEMMI A IETC ST, HoAbA
B0, FRHIEREER SN 1. B 32 Bigamm— N rREr, HE Lk
() B — N T8 E 6 REHH A SReEHAnME, JRRPSE T R AT T

1.2 e N N e
1O} \ .
0.8} ]
0.6 L ]
041 ]
02} ]
0.0F ]

02 Ly [P [P Liviiin,

Pel 3-2 Bk vl R ORI 3853 A1

T
|

PR s SRR ¢ IR el 0o, IFEIZE T 28iER, Ha xr
AR AARHERHTEEFS .« po(se) = ((p(€), p(¥)), 7. N'(0, 1))

WAL U B A 0 K MR R B SO 2 1 R T ARAG — > 4
(L2 iy Dafny Jigas b (b S, 125 M A H i 2R (AR 72 SCA 0,

r(xg, (c,y) # t=0,
R(s;,a;) =
0 75 ).

Sy =2 Mk WE N B R e =82 & 1 G A G TN U o ol o N = < e = & 4
51 A KV cache Jg ) K71 vt it RL s 5 S0 2 b 1R Sfs e
Al ORAE MDP [ 2 R BHR M, X WM F JE 58 N gE—ds, R Zitiin s
FE . [FEHATE B RL SREEH AL (e, ») W Jcd, 8 ZEig——
AMHEZE rp 75 2 AR5

3.3 mkE&igit

R B 3-3 5 — R Kk 2k (Pipeline), %3k & BE T B Yol
W EHEMSR S AT, RIS R A K, 2 N TR R At
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R R B 22 8 By R BRI FGERE , IGR— M E RV (s) HI TR
ISR W, [RJI 3145 Dafny (4 545 68 PPO Xt Sy RIS R A 758 fh o~
T o BT R 23y SRl ek RO AR 3 Ak > S 5 HEERL AL - I3 1) 7

AT

Q Value St)
) X —~ Phase 1: E%ﬁiﬁﬁ“a_
Phase 1: FHERIEA ‘ O U O ’

‘ pe(yi|co, yO),Vi e [1, n— 1] Value V(s¢)

gk < <
(N AN ,ﬂ‘ a
- U
Phase 2: FIEBR{CIBER ‘
po(z’|,y), Vi € [L,n — 1] Phase 2: "‘“*5’3

EHEIES Dafnyf
ALARIS EHER [ Actions Value PYTHON

£S5 DafnymiFss RIS =
HTEEH, HALEEERLE
IRIRES (32h)

PPO / GRPO iJll&52%

=< S. A P. R
M=<5,4,p0, P, R > sy

Pl 3-3  fiske: NZk Ko ri

331 REEIEE

F TS o B DA BT S RS2 R, AR S R AR JE 3 SFT i3 A,
B H BT AT RL 2. #O0mT BB 7= A2 T SRME LAY I A48 24 () B
PRI 307 RL YIZANRRE B RN, 33X —FB 5 T — S8 rpie g e Re . Mbah,
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BG R RIE R . i T A ERAAT BRI 8 % 14 A4, 7E Prompt AR T 722
AL LT XML AR, tEIG AT PUANERS Token 343 HIREAL i 7
HI4 TN <reasoning>, </reasoning>, <answer>, </answer>, R e H o
BT ] — PR A, KR 2153 0.15 [ 22J) . <reasoning> Fil </reasoning>
R AR IR T AR R T, A T AR SO R 4R H 2 PR
4% . <answer> I </answer> 2 [ th BB e RO B 5 o IEARBRARASAO R BT K
F,,(y), A F;,(y;) € {0,0.15,0.3,0.45,0.6}

gi b, fEBEE A RS B ARTE S S, BB AR,

il
Bt

A, =Ry (x v, 9) = P, 9) + Dy () + F,(v) € 10,2.8).

TEARHSEIRAE S5, SRR BT NI 2% RN B AR ACRD A0 25 2y
AR, AR A AURSD A 0 ORAS ER AR FI S RE R IE A P, BRIV REA 38 5 4w 13 1
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S A TR R A2 PRI I , AR SO S 7% B8 T i AR 1 o 480 GRPOD ok
PEAToRA A2 . GRPO HFF B — 2508, — g, By N TE
SCRIANeRE G IL T AT AAS SR N Zh— A2 ek &, XKD T A B &
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R} Dream #5AU7E 64 20 AW SR H e A 45K . X 64 25 S i R S5 R E T
& B A SOAS TR A TE S ph T I R, A SC R AT DA
TEA BRI S ) b 5 v m DASE 3k 22 Jal B (B bR £ &= 3] RL {55 by it o
I, %} Dream 524 DA Kz Qwen B EAT GRPO 1%k, J2EIAAL l wi finid, 7624
HI VRAM 0] SCRFRTEOL T, Batch Size hy 2, X4 —MEAA LY 6 4 RAEEE
TR HT AN K5, FEE SRR T 500 f8 Y14 5 v H &%
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iR A EBo1&2

Status Input: LLM | Output: Dafny Script Feedback:
Prompt Dafny Com-
(without piler Signal
’role”)
Natural Prompt (i Error 1:
Nk == : :
Langu'ag.e DLEE 3.1 9Y) /7 Datny k@ % fl expression is
Description class Solution { not allowed
method fib(n: nat) returns (res: nat) { to invoke a
// Xnfy E Rk nk B R K (nat B >= 0)
// #% 1k E #: decreases n method (fib)
/B AG: RIEREMEE EHAMEE XK Error 2:
requires n >= 0 method call
ensures res == (if n < 2 then n else fib(n K
- 1) + fib(n - 2)) 1S not al-
decreases n lowed to be
if n == 0 { d i
return 0;) used in an
else if n == 1 { expression
return 1;}
lee context (fib)
return fib(n - 1) + fib(n - 2);}}}
Dafny Error 1: Dafny
SCI’lpt. with | expression is /) % X% solution program
Compiler not allowed | c1ass solution { successfully
Feedbacks to invoke a | // ﬁv:;%;f i @72& ? s;]% BB RXERAL, R verified
. 36 (spec) 0 E
method (ﬁb) function fibSpec(n: nat): nat
Error 2: decreases nf{
method call if n < 2 then n
. else fibSpec(n - 1) + fibSpec(n - 2)}
is mot al-| /g @ Fr RELEHRTEEA RN E
lowed to be method fib(n: nat) returns (res: nat) {
d i requires n >= 0
use n  an ensures res == fibSpec(n) // & &:
expression ensures % R i | fibSpec & %
context (fib) cilicieffez r{l /O F W AE RN ALEE
return 0;}
else if n == 1 {
return 1;}
else {

/) B EBEAEFERY, TUARAEHEF &, BARXE
ETHATETXE
var a := fib(n - 1);
var b := fib(n - 2);
return a + b;}}}

% A-1 Easy example with Dafny Process and Signals
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Status

LLM Prompt

(without "role”)

Input:

Output: Dafny Script

Feedback:
Dafny Com-
piler Signal

Natural AR 2B AR IR Error 1:
Language (H#HH F(n) Fm) BIK o expression is
Description | B 51 Bk 2 3% A8 32 %% iii:iiﬁii@ not allowed
Sl. ZHGIh 0 F 1 F method fib(n: nat) returns (res: nat){ to invoke
Iy, JETAI AR IR /) An#E R g H A (nat B >= 0) a  method
SEETAT BT A . // % 1k JE §: decreases n (ﬁb)
B F(0) =0, F(1) = /I RE4AMH: REREMESERALE X — & Error 2:
1,F(n)=F(n-1)+ Fn requires n >= 0 ' method call
), o > 1. A ensu_rels) rfsf::(rflif ;1) )< 2 then n else fib(n s not al
n o, T F(n). il decreases n lowed to be
leetcode i3t 3 4, Ik ifn==0{ used in an
Kbu return 0;} expression
Python {Cig: %1 &%} else if n == 1 { context (fib)
Riy Python 1L S8 K return 1i¥
else {
5:125;@ Dafny MiEEA return fib(n - 1) + fib(n - 2);}}}
W HE S, Bz U EA L
Jonlidid Dafny gk
EUPIN T
Dafny Error 1: expression is Dafny
Script  with | not allowed to invoke a - ) program
Compiler method (fib) iiai éiujzzztzon successfully
Feedbacks Error 2: method call is verified

not allowed to be used
in an expression context

(fib)

/=% A B
#, % (spec) Fn iF ¥

function fibSpec(n:

decreases n{
if n < 2 then n
else fibSpec(n -
7 = I Y
method fib(n: nat)

requires n >= 0

ensures res == fibSpec(n)

BRI EEAR, AT

nat): nat

1) + fibSpec(n - 2)}
REGHRATERAR G I H

returns (res: nat){

// 7 & : ensures

 FE F fibSpec K #
decreases n // F Wi W F oy &0k FE

if n == 0 {
return 0;}
else if n == 1
return 1;}

else {

{

/I XEETEEY, TANRR B AT B, BAXER

THRALTXE

var a := fib(n - 1);
var b := fib(n - 2);
return a + b;}}}

Table 2: Easy example with Dafny Process and Signals

12

P¢] A-1 Intractable example, which could not pass Dafny’s verification
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Question: A 36-year-old man was found to have a transient, low-volume, right-
to-left shunt through the atrial septum during coughing, indicating a failure in the
closure process similar to another embryologic condition. What condition, char-
acterized by a similar embryonic development failure, involves the incomplete
closure along the genital tubercle structure in males?

Complex_CoT: Okay, let’s think about this. We’ve got a guy who’s 36 years old,
and during a cough, he’s showing a bit of a shunt through the atrial septum. That
sounds like what’s known as a patent foramen ovale, or PFO, where the septum
doesn’t quite get the memo to fully close during development.This PFO is literally
a leftover flap between the atria, and it takes me back to embryology. Are there
any similar stories of closure failures in other parts of the body?

Wait a minute, what about something related to the genital region in males? Hmm,
yes, hypospadias comes to mind. It’s that condition where the urethral opening
isn’t quite where you’d expect it to be, because again, things didn’t close up as
they were supposed to. So, just to wrap it up nicely, the condition in males analo-
gous to the incomplete atrial closure we see in PFO, due to similar developmental
hiccups, is hypospadias. They both share that underlying theme of incomplete
closure. Yep, that fits well.

Response: The condition in males that involves an incomplete closure along the
genital tubercle, similar to the embryologic development failure seen in a patent
foramen ovale (PFO), is hypospadias. Both conditions result from a failure of cer-
tain structures to close properly during embryonic development. In hypospadias,
the urethral opening is not at the typical location on the tip of the penis due to
incomplete fusion of the urogenital folds.

Answer: Hypospadias
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PA R 42 CodeSearchNet £{#i4E H Python Code Completion FZHEZEHY .
{'code': 'def get_vid_from_url (url):\n'
' """Extracts video ID from URL.\n'
! W\
" return matchl (url, r'youtul\.be/([*?/]1+)') or \\\n"
" matchl (url, r'youtube\\.com/embed/ ([~/?]+)"') or \\\n"
" matchl (url, r'youtube\\.com/v/([*/2]+)"') or \\\n"
" matchl (url, r'youtube\\.com/watch/([*/2]+)"') or \\\n"
" parse_query_param(url, 'v') or \\\n"
" parse_query_param(parse_query_param(url, 'u'), 'v')",

'code_tokens': ['def',

'get_vid_from_url',

'return',

'matchl',

"r'youtube\\.com/v/ ([*/2]+)"'",
’)lf
’or‘,

'matchl',

'parse_query_param',

‘(I/
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'docstring':

'docstring_tokens':

'func_name':

'language':

'parse_query_param',
I(I,

'parse_qguery_param',

'Extracts video ID from URL.',

['Extracts', 'wvideo', 'ID', 'from', 'URL', '.'],

'YouTube.get_vid_from_ url',

'python',

'original_string':

'def get_vid_from_url (url) :\n'

"""Extracts video ID from URL.\n'

| mn\
" return matchl (url, r'youtul\.be/([*2/]1+)"') or \\\n"
" matchl (url, r'youtubel\\.com/embed/ (["/?]+)"') or "
"\\\n'
" matchl (url, r'youtube\\.com/v/(["/?]+4)"') or \\\n"
" matchl (url, r'youtubel\\.com/watch/ (["~/?]+)"') or "
"\\\n'
" parse_query_param(url, 'v') or \\\n"
" parse_query_param(parse_qgquery_param(url, 'u'), "
vty

'partition': 'test',

'path': 'src/you_get/extractors/youtube.py',

'repo': 'soimort/you-get',

'sha': 'b746ac01c9£39de9%94cac2d56£665285b0523b974",

'url': 'https://github.com/soimort/you-get/blob/

b746ac01c9£39de94cac2d56£665285b0523b974/src/you_get/extractors/youtube

L143'}
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Dream FiU7E GRPO /Bl i th S 00, R B oG (S i A (1R
AR Z BIIRASERL) , A 5e BRIk Token, 1T A% I BRRAYALIR BEHT o

Dream MedCot-reasoning: Successful Example

’<reasoning>

The ventilation-perfusion scan would be likely to show a areas of decreased ven-
tilation and perfusionusion in the presence of a pulmonary embolism. Given the
patient’s clinical presentation and chest x-ray findings, this would be consistent
with a pulmonary embolism.

</reasoning>

<answer>

pulmonary embolism

</answer>"",

Dream #ZU7E GRPO T KR EBIER U R B R, HAERA TR IRk
Token, HYEHEFETFE P2 L) B H—2 Token 1Y, Words .,

Dream MedCot-reasoning: Failed Example

’<reasoning>

Hypospadias is a congenital condition where the the thethralralral mea-
tusralralralralralralralralralralralralral ~ the failure failure failure failure
failure failure failure failure failure failure failure failure failure fail-
ure failure failure failure in the the the the the the way the thethral-
ralralralralralral ~ the  theralralralralralralralralralralralralralralralralralralral-

ralralralralralralralralralralralralralralralralralralralralralralralral”,
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