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ZNR—RF—hTra—& (SAE) &, SiEET
o (LM) DIEMALZER % B R AR L, WD
KD - R EAREIC S 2B N FIETH 5.
—J7 T, SAEXFRYFEELEY T5-0, GHME
PHNRZ LT8R S HEPKS. AT TIEZO
I SF % 728, Transformer LM D4 @D H 7
12 TopK G MELEIEN 2 AHAGA A 72 TopK LM 2425 S
%. TopK LM &, HERMZ SAEF#EHEZAEL LD
D, SAE IZHET 2 RRRATREN: 2 FE80 3 2 8T L WA
ETNANTHE. i 7 -7 7 F v ZHIZH D
H5F, TopK LM IZTCRDBES) 2 HERF U 72 F MR
AREtEE WO R Z M 2. 2Tk D, LM A
P22 W FE LRBT 2 0 2 RS 5 1 D
ECEETEREB LD, LM ORRATBEM I
THWMERREXE S Z eI NS,

1 IILHIC

A= AF — T a—XK (SAE)[1-3], & bbb}
TopK SAE [4] 3 E75E 7 /v (LM) O NERR B % fE R
TR2-DDEBERFIETHS [5-8]. LrL, ZD
BHAMB LUNNZYEEZERIEZ 0V O0DR
MEZTWS. SAE 3HBRMHEEIh, Ah%x
SERICITEMER T E - OBl » BREAUEEE D
ISP L — R 7034 0T % [4,9]. £hEHRFEET
H BB ZIZ, 72¥ 21X Golden Gate Bridge & W\
SR ERFLT 2R B R o VEGE, £
N (a) FEIBFRITB W T SAE 234 R o R R
KLU IzT=dledh, (b) e 2 LM HICEER
PIFE LRV 05 [10,11] DB KT H
5. MAT, FRPELET S IERLTHIH
FANDKED E L, F—D LM OFEHIRREIZN L
THE L LTHER S — 3R 5 SAE 3£
DM EEE LS Z e HEXINA TV S [12).
INBDREX, SAEZHWTETILD¥EEEA F
R R ABRIC—BIRL & 72 5 [13,14].
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<~ A 28— Al IS BEER 25
MLP BRERS Transformer7' v v 7 & LT

PRI S 4 2 IR D HL

X 1: TopK LM : TopK /EME(LEBIEDE A & D NTE
W7 AR AT HEME 2 2B L 72 LM, TopK JBTIX BN &
TEDED &% FEIRANIE L X B 5 2 & Tt 2 E
AL, B CIEERNE R T .

AWZEO HAINE, FREEF2HEEET, NEHN
WIRIRATRER LM 7 —F 7 7 F v BREI T2 22T
H3. BARAIZIX, Transformer LM D8 D H1iE
PEAEIZ 3BT TopK EMEILBIECE 3 5 7210 T,
SAE OB % FEH T 5. TopK iEELIX, B
THBIZd0hb o THMD THMREERNTH 2
ZEIRINTWVS [4]. fF5072 TopK LM 1&, %
EHEET L FAREOMREZ MR L DD, SAEN
I ERRATREME R PR 5.

PlEED, KFEOEBIILLTOLEEDTH 5.
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2 TopK Language Model
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AT, BN L 72T TopK iEMEILREE 2 8 A
352 TCIEMEILOBELZEANT % TopK SaBET
N (TopKLM) D7 —F 7 7 F ¥ %2idR3. Z O}
Bx, R=X74 2R3 1LM DL LTI
IZ/RT.

TopK EMHL x=(x,..., xq) ERY T B, F-
{x1,..., X} BB k BHICKEWEE 1 (x) R
T. ZZTEkREIANANR=NRIX—=RTHY, T
DIEMELDERETEE T % 2 & THMEDE S W2
5 %. TopK IGEMEALBEIE T RY — R 1K, &5
TEWRRDEHITERSINS !
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0 otherwise
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W3 ZeEREEZDE, ERICELIRED S TopK
BET AN BEMNICERI B2 AR TH
ZAREMED D 5. FEE, 7=—V ¥ 7 %fES TopK
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W7 =—1V 27N TopK iEHALIERRTEZ S
nb

y=afx)+1-a)(f(x) 0l xsr(x)}) (3)
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dense-to-sparse “# [15,16] & BE# § %23, F—TiX
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AREITIX, §2.1 TEA L TopK LM O2EEFE
IZOWTibR 3,

ETFILER Fri¥EEZ, Lama 7 — F 7 7
Fx [17] DT aA—XDADRERICIEDL 2 EDE
TIUTEMEST 2. Thbb, EENLZBERDON—2
74 Y 1M &, TopK Hi % #AIA A 7Z TopK LM T
H5. METMIEEL e {8,16,24} ¥ L THKL,
N—=2F 4 ¥ LM OFENRITIE D = 1024, TopK LM
DFENRTTIX D € {2048,3072} ¥ 3 5. TopK LM D
BRARITTEIR L TW2 DX, SAE @ X 5 7% TopK
FERTEZETTOIR—R T4 VLM L AEDR
HhZEWRET 27-20TH3. WFRDORTEIIBWT
HIEEANY FEE D/128 ¥ 3 5. %72, IE TopK JE
BZ mponopk =2 & L, FEHRAT v TDORHID 20%
Wbl T7 ==Y 7 RiHEHT 5.

r=oF1HeT7—2y b TRTOETL
1%, 2BV A X 32000 D Llama F— 27 F A4 ¥ 2ifH
L, ANWUEO—EMZ2HRT 2. HiFET—X
121 FineWeb Edu 21— S Z [18,19] Z W, 23T H
W37 —REIFMHN200EN—27 2 THS. Fl—a—
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W3,
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K1 ikt y MBI 23— x> 74 () &, 6 DO RNV F~<v—72 (LAMBADA, ARC-Easy,
ARC-Challenge, WinoGrande, OpenBookQA, HellaSwag) B X UL Z1 5 D (AVG) 2B 5 1EER (1)
%, JBELe {81624} DX—2F74 Y IM B LU TopK LM EFTIVIZODOWVWTRTY. Fl, R—2AF74 VLM

DENKICIE D = 1024, TopK LM I D =3072 TH %

‘ Perplexity | ‘ Accuracy T
L1 valid. | LAMBADA | ARC-e | ARCc | Winogrande | OBQA | HellaSwag |  AVG

‘ Base prK‘ Base prK‘ Base prK‘ Base prK‘ Base prK‘ Base prK‘ Base prK‘ Base TopK
8 |2.6806 2357 | 16.53 18.77 | 47.52 38.68 | 24.74 27.30 | 52.72 50.28 | 29.00 30.40 | 31.44 32.96 | 33.66 33.06
16 | 2.539 2277 | 20.20 18.49 | 54.12 4436 | 28.07 26.19 | 49.41 50.04 | 31.60 31.60 | 3451 35.94 | 36.32 34.44
24 12465 2246 | 21.37 2137 | 57.37 47.05 | 29.01 27.99 | 49.41 51.46 | 31.60 34.00 | 37.39 36.66 | 37.69 36.42
§ Baseline Models TopK Models J;(J:ck b’ TOpK b:i%ﬁ?ﬁ;[ﬂi{hﬂ%u%%%bf%’
5 SN ST RATA YV EHNTRRA R M BRSO
:, ) WP HRENTED, MEOFHET Y > 7 OrEAE
"1 2 8 12 16 20 24 i 4 & 12 16 20 24

Layer d:1024 d:1024 Layer
—e— d:2048 —e— d:2048

X 2: N—Z2F 4 YETIN () & TopK ET L (F)
Dt~wrT4 v 7Ty bub—otEg #MENIET
NDORBEEFRSERT. FREIBBIIBII 2> b
o —%2RL., M@HENT I EIE 1 FERED
RS

WinoGrande [24], HellaSwag [25], ARC [26] @ Easy
B X U Challenge, 7% 5 (NI OpenBookQA [27] % &
5. oMz kb, &ETAOERNITREGE
L BIFER 72 HEmAE ) 2 CIHERICHIHE T Z 5.

F 11X, BARILD =102 DRX—Z2 54 ¥ LM
&, I REWVWENZRIC D = 3072 %252 TopK LM
WZDOWT, BEL e {8,16,24) TOMGES—T L F
T4k, FR6RYF—ZDIEERR (BLO
F¥DAVG) R LR ERT. £3, MAE
ty PZBIBZR—-FLFTT 413, RTOEIK
TTopK LM BR—2 74 v 2REL WL =24
T 2.465 — 2.246), TopK HEME%E A L T HAM
REETV Y IHREIERDIRW Z & DT
x3.

TR A 71220V Td, TopK LM D IEf#R 134
K L TR—Z2AF74 Y eRWKEIZHD, AVG D
ZEBBOR1~2KA Y MREERINEZ (L=8:
33.66 vs. 33.06, L = 16: 36.32 vs. 34.44, L = 24:
37.69 vs. 36.42). fERBIICIX, L = 8 TIlX LAMBADA
(16.53% — 18.77%) =° ARC-c (24.74% — 27.30%),
L =24 Tl% WinoGrande (49.41% — 51.46%) B XU
OBQA (31.60% — 34.00%) 7% ¥ T TopK LM 23—
A4 % EBl%Z—7, ARC-e TIZF—HLTR—2X
FAVDEANTDHS.
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8% § B IR,
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T, BRIy e =2V (3.0-4.0) ZicH
LTHED, TopKLM D= 2 —1 > DE—HEEADF;
bR nsg. £/, &f&2E (JE TopK) TIEE
Ry bp =22 L7 L, HROBERES X UH
RILBEL I EZIOLNS., BRI FrEY—D
FEHE(R 2213 RFIC TopK & 7L T O Rl D #EH
KL, =D =2—narh, BERINIZEESH RN
b — 27 VEESIIZIZPHIANEE T 2 1Z 25 < FHE
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REWMERT 7V TOME. B—=—a—n v OIENEHEIEST 2 Z 8T, TopK LM D4R E, Yit=a2—
a BT ST ERICE T A XEALFETE 5. % 11T (Concept: none) 1%, HEZITHI, 7
2 > 7 b “Once upon a time” IZXf T2 ETNLDEME (R—2F 4 V) WEERT. ZNLUEOEITIX, FE
—a—nYOMEENEEZRLTED, =a2—n8 ik layeriindex DFERTHRIEX NS, HlZiE, =a—m
22:894, TRDBHE 22 FOIEELRY S ACBT 55 894 T2 HIET 2 &, EF MIMFCHET 7 F X
FEAERT A HAANGFEINS.

Concept Neuron idx Text generated by TopK LM

none — Once upon a time, there were two brothers, the one being the oldest and

the other the youngest. [...]

Work 22:894 Once upon a time, there was a huge power plant that was being pushed by a
few people at one of the most challenging projects in the world. The engine
was being driven by a huge engine which was being driven by a huge to be
made to be driven by a vehicle which was being driven by the power of a
huge drive. [...]

Once upon a time, people were called “primitive” by the Romans and
by the Greeks. By the time they were called “primitive,” they were still
pretty much just a bunch of different ways of thinking about things. [...]
Once upon a time, the world was a very different place. Scientists were still
very much trying to understand how the world was changing. But the world
was changing too. One day, in the middle of the day, a young man from the
town of Kiev came to the scientists and explained what was happening. [...]

History 18:44

Science  17:218

32 BERATTIVT

§3.1 DD 5, TopK LM 2B Bl %2 D=2 —
OYPHEBENCHRERFALTWS Z L REBX
N, AEiClE, B—=—a—nreerLHhoM
WHRRMRE O 2T 2720, KRN AW
7% [28,29] IZfEW, Activation Patching 12 & % & A
77V 27 [3,30,31] Z1T5.

3, §3.1 ORI OLEKRTY br Y —DfERE
WHEOE BRIy btob—pfnw=a—ar e fE
e L, FHEELEIFEST S =27 VRN,
ZDNRRA—=VIZHIDWTAFTITL (fH] @ “work”,
“history”, “science”) 2533 .

MR, B——a—nroiFtice LT, £ —
rYANETEDA 7y b6 BINET 2#EL
LTEETS. BRICIE, b—27 0B 2Bl
B2 tD=a2—8vYn TONARIDOTEEMEE he (i)
t3HrE, INE N, () =ha(i)+o CEEMZ
5. FRERINICIE, 6 € [5,30] DHEIPHA R D PEE 72 2
TV ITMBERES LTI e gho iz,

A RRIRFIC I, temperature = 0.7, top-p = 0.9, top-k
=50 TH IV IL, K128 V=T U ERAEKRT
5. BMRRAT 7V Y TOMBEBET 5729, [29]
DEERREWZHE N, VIEER D 7o > 7+ (“Once

1) SRADHENE [32] 35HROBETH .
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LB, MERT T IoEMMEEEL TR
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fRFR AT REME % & 7 VICNAE(L L 72 TopK LM 13,
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A PBEhHERSE

—a2—I0%y b= DXARITBNT, BRE (sparsity) L WO FBIIMHEICEEL DO B 38D
BEHRTHWSN S [33]. BAERRICIE, T VEAOBME [34-38], BR7ZTEEMM [39,40], Mixture-of-Experts
(MoE) M7 —% 7 27 F ¥ 12 B 2 MK ER O BRIEIEL [41,42], Z LT SAE THAKIcbN S, FEiUk
RETEME DR IARTBRTE [1-4,38,43,44] 3T 5%, AMFRIZZ DS BREDOH 7TV, ThbHRINBME
KRS 5.

RIABRMEICEE T 2 BEE#IFZE D 5 b, RIFFEICEHR STV H D & LT codebook feature layers [29] 23% 5. [A]
FIEE, AWK D TopK & & FERIC, RERZERATREEZ MR 2 R CHET 5. —/H T, BEDOFEBGE
13#72 % . codebook feature layers (X2 bl iwE LB X R APNBEERZICHKILT 2 DIzt L, RFFETIRE
357 —%7 7 F v X Transformer NDER/NEOREDATHBTZ 5.

B EMIyhAOrE—

=2 —n VIEENFERD S b BRI EN R 2 52X L TEDORE TEB->TWbh) 2ERLT 27
%, BEIY FOE— (Semantic Entropy) Z#E&ET 5. JefTHIZE TIIL L~V ORERIIARESED REH
RESINTVDD[45,46], AR TIEZDEZ T Z2=2—a Y LNANGEHL, BEM=2—n 223 R
WINE T2 TERICEBR L b—2 VA R ERMEATEEICT 5.
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Ven={114Y) >0} (4)
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