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Algorithm 1 a)F4 fI A 5§
1: Set the initial state as xg =S € Sy .
2: for i=0,...,D—1 do

3: Keep x; = (Si,Or .. -lsi,K,»—l) where s;; € S;fork=0,..., K,—1.

4: for k=0,..., Ki—1 do

5 Randomly sample a rule r € R; whose input is s;; with uniform probability.
6: Replace s; by the right-hand side of the rule r (e.g., sp,53,54 or 53,53 ).

7: Output xp = (SD,(),. . .,SD,KDfl) where Sik € Sp .
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Observation. For average
next-token prediction loss,
metadata conditioning im-
proves  performance  only
when metadata is available at
inference time. If metadata
is not accessible at inference,
no significant improvement is
observed.
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Finding 1. Metadata conditioning leads models to fail to infer latent semantics . In
particular, if the prompt length is short, models trained with metadata conditioning
cannot infer latent semantics, while models trained without metadata can. When the
prompt becomes longer , information in the prompt increases, which allows both types
of models to better capture latent semantics .

1 Section 4 H1, FATHLHE T —DIISHELDRARE N ff 2 th B Fh i S B SR PERE T o

e, AT T ICRAR A R U S PR M . RIS RTAIRIFTEAN Gao et al. (2025)
A T R WEAE S5 ikt , (BB IR SRBERT I ACR P TRA RRE . Ry T IRAS VR 2 FEAR
FATIAT I AN, FF R4~ Allen-Zhu & Li (2023) 5IAMMNIEERER LR, %
JEE e A R A BT LA ) T HE R R

R, FRATHR A R R HE, RAIBENUR AL MEAF A IR RS, IR T
REA AL BERR LR P51 . AR YE, BATESEM L(G) F5 n AL AR A5
{(xip, - oxig) My Hid G o= (S0, {U R 1) IR A PCFG. K5, FATHREL
Bl Lp AMPRE (xi, -0 x,) FEASER, FEUBERL A MR SARC T SY, BB 4 [E0S] .
FATH Wigyr1r - yim,) FREBFIN, HE L zi = (Xip,- - Xig Vit 1, - - Vi) T

i=1,. . n Rz (i =1,...,n) , RATE SGELMERTE (GA ) 2 GA(G) = Y, ekl
o MH L[z € L(G)] , B 2 275 hifes G WIERFH, AIDGELE (WrEtE) CYK Sk .
AERIZERT— A/ N T I, (I TC R I R ML RS o TR K e PR, eI
RRBITR K [, FRRX .

g, SERERAE Table 77 . S N, XTS5 Gao et al. (2025) By A BIMIZ,
JaE s TN T UHE S ERER ket o AR, YUERs KRGS, TR A BUBTAERI I
TEE. ORI, BERESE AN KRN, G R R N SRR AAR DAKET , IR EI S AT
KN GR B 24 BCE A I PERE

R PRELE NIRAE S BB 1 F R SCRAR N GRA I DA A TRT AT s ISR AE T S, A
FEULHSYERE T, 0O, PRt RS (5 BT, B RS T CR e .
Pk (W), Sockceiiae] fms, BT ldm i SRR P, M
BB T ) RO R RE 58 T IS RO TERE . XL P EA T KB

Finding 2. Metadata conditioning degrades the downstream task performance if the
task prompt is short . This is because models trained with metadata cannot infer latent
semantics from the short prompt. On the other hand, for tasks with long prompts,
metadata conditioning improves the performance since the models can easily extract
latent semantics from the prompts.

4 SURE R B i

FATHRE TAEA FBA TR R TG DL, AR 5~ S A E TR SO Y 22 52 . 7R3 TokL
TS OL N, B SR B MBI e ST TR R IR 6, X il T T RERY TR LI 2 R i
HAPeNE . MAEATCBIRAIEOLT , ARG S, (A CRa A4 B i e af i 2%
PR, FRATSRIA T S AN=F ] R AU -

4.1 —Fhidid AGALEAT JC e BRI R DL B ARG SORIHESS
411 JoonEdh g

FATE ST S AAE AT SRR B 1 DT BEAT DI SRR SCRPE I . s x , il y
AR 2377 1T LA A

Hr G (fl PCFG) e . SARIBEN, AT G & PCFG ffil. Ml
GAL IR 7 iR iy T DA PSP IR AR G A e AR AT AR OL T
Zhmt, B HAE PRIE TSR p(ylx, Gr) AU p(Grlx) . BEIEEFRA1H1E PCFG
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(G(7) | j € {0,1}P} Wk, p(Grlx) MBMMIERRE, FARINMRFGE CFG
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4.2 A IR HEZR PR OB AR AR AR LA
Jfr et PR HE SRR R 1 e % X B PR AP AT TR AR S5 -

VTSR AP O BT AT AR 7 OB p(G |, ) NG T2 ) B R 0 i
%o, —RFEAI9T CFC {G() | j € {0.1}P) WS, 15 (A-2) HHIM p(Gelx, ) it
e (A) Bl p(GLlx) B 5182,

X TERGRA B AAET (A1) TR p(x) ARG HHERES FWE. MEdE A TEAE
RIS , AR p(GLlx) = [ p(GLlx, j)p(il)dj HRsiIEAL, BihiEss
ALY XA PR A

S S HE AR A 2 R SR 5 AR T

ST TCRARA PR, B p(ilx) MORCREEAS, (T p(Gr |x,f) WACKILTEA AR 3

. SKRRAEB p(j|x) A p(Gy |, /) BIAFTERCAT, DRI, Toi i R TR & Pk,
TR AHCABUIR L

(i) BB 1 MO, TRMIREL, TR T, p(jlx) GBI B 1 s
R k. SExF p(Gylx) FUBI™ck T S, W () IFFiehg . AT, MIESHR x i
W, B p(jlx) W25, TR AT p(GLlx) BRI 1 W .

My x RGN, 0 (i) PRI, B p(jlx) AR, FEHATT, Toek
HUR AL TN p(G |x) . IFSTBUE R0EEERTHE ( FUSHERE). 4 x BERE, T
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AT TR PR RS R LT p(G |, ) . T DS HE B s R
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5 MRIAE

SO P RAE S 15 B BB T DGEAE H P B AAE E BB R, (BAUY
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et al. (2023) 2565 T AU TP sk AE AP A0V T A6 P 2, BDIETE TE 4% P2 B
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AEER), Gao et al. (2025) £54 741 URL f)ocHdE, 1M Korbak et al. (2023) eI 53]
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