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Figure 1: & th iHESUMEA : FERERACIE T WEAT R, v H AR T, PASI
o NSV G UR - SL
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8.1.2. Z R Fo i A0 EAR
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where fp is the LLM parameterized by 6 , (x,y) is an input-output pair, and Upagk
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is a utility function, often related to the negative log-likelihood of the target y .

TR ARSI S E— T AE, Ceomp » XMIMAZ
THFEM SRR W T MRk, AT 85 8 B S AR AR
IEH. XF—A FEN KU, BA A REREs M 2o . X588 ikm
Hix [20, 22] —2, (AFRAL 7 — ARy, DM PO, MTaEm
Transformer 2 1, FATATDARFHATRSAS & SO HBEESRT R 8. B, A7
A PARF A E SO #3530 FEN Sy L1 e A

H
l l l [
Cliup = a > AV |1 + BIReLU W + o)1y 2)
h=1

where AV ié)the at‘E ntion score matrix for head h in layer [ , x is the input to
the FFN,hW1 and by’ are the weights and biases of the first FFN layer, and «, 3

are weighting coeflicients.
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3.2.1. EuFRY R

FOATE AL AEHE B AR b 5 | A RLSE B B 1 B AR R SRR A . FRATTE
SORTERR BRI, BN T RIS BRI, I H R BRI SR
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{E, FATAI ARSI TR Al n] LT ARIC “TSE” . @ — T80 1
(EHOESE T

2. MEHLI AR P R BRI IR A s FRATT AT DA AR g —
AMETH IR S RFI A, ISR v AT S TRE RIS R R,
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QnK}F
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( ) v

- )\sparse]-> Vh (3)
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where Qy,, Kp, Kh are the query, key, and value proﬂ;ections for head h _, dj. is the
key diménsion, Asparse 15 the sparsity-inducing penalty, and 1 is a matrix of ones.

DR M HATREMS A FIRE LRSI B, SRR A TRl ZR i1
DL B B PR SR o

3.2.2. TEIFAT A GIG4R

R T RAAERRIAT R, BT AT 45 2 PR 520 B SRS

452600 FRATE FARMERAT SRR E H6 08, 2 3445 R (B4, GLUE
FEUE [55] ) BB T BT S5 O R R . X i R A e TR SE P A <
Hq” .

YRR LRI PRI TR EAR AR R T ARAR A A e R R LR . TRV R
A1 5L e R BORMT R BL A T4 1. B i R R B RS A o i 4
HAER /N FLUE B B R) —AAric b, RIH—Fh e R4 (Hn] G s A %01 4
Bookems . XTI INES M w, , EERE G WITE T WF:

Yoy Y0 ws — wy

G= 4
2N L wi W

where w; is the attention weight on the ¢ -th token and NV is the sequence length.

FAmBsoe, UHE B (B0, top-k MERHAEY K (H) BN, TARHEE
JISKHBLJE B HCRE N, SRR R ARSI . FATIER A AT AL
TR, BNz iE R R, DAUE MDA L O AR BT i ] R
£ (31, 33] .

3.8, SR R0 SRR T

AT I B S ) Tl 5 HAEBNEAL o R, A1
TR INZRIE, SR BT fh 2y ) TR R R e . ORI i
v [43] B—F T, FRATEH AP B PP (k) k51t R
PASCBUI B A 2R o X AP YRR B A A 2 A, HLrb i RASSE TR 4 o
PEFEESE N TR BE [52] BUEEMIIERSE.

8.8.1. & F a5k F %

FATHEVRUEAE S5 R E PR PR L Lease EIEM T — TR RAEN Coomp o XA
TESTION AR AL TR TR IR AT A S Bl FEM . SR BREL Liotar BUAPA
IR A3 R ISR -

Ltotal = Ltask + )\Ccornp (5)

where L is the standard cross-entropy loss (or similar), C is the differen-
tiab?e contffﬁlﬁtational cost term, and A\ 18 g%lyperlgarameter %bnt(f%rfﬁng the strength

of the incentive.

SR N RFITER A" —A/N X SRR RS MR, eI
B IBAL T IERE . — DRI XN FoR TR B SRy, 38 (R S 4R A R ik Jr
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FMEFPERRCR Z 18] (R RIS, X AR T 46 25 2 H AR LA I A 25 K
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WRINAS Coomp WAVRAIAIY . FATETZAIHE X (AX2) SLHTE,
FHBE ) L1 JEEE T 555y p . X — e nd) SRBOR IR T Mg A 2 ZRn {5
SRS [41] B TAE, a3 d s i Fom B R A T SR R4 -

3.8.2. W & F2 1T 4E Wil

AN THE— M m e A I GRSl AR T SE B ASHT N 2R H A . % ad R AR
71,

N T VR AT, BATRH NGB, BEREA AFW A {H.
RIGHANRF2FENTRITERE S TS A (DA FLOPS siSCBrffE BE R A &) 2 (7]
KRR ISR R —ARATE N — I R STRT, TR (e
A=0 ). XEWRE, NI EMERRKT, FATRBIN IR A EAR
AT RNAS, BB X TR E T RTER, BN Se B P RE .

TN PREVE— 22 AT R N ESHLE . FRATIL, e A UIZRAR e fs R L
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Algorithm 1: JFURIKEN I ZRIEH
Input: Model fy , Dataset D , Learning Rate n , Incentive Weight A
for each epoch do

for each batch (xz,y) € D do

7, activations = fy(x) ;

Ltask = CI‘OSSEHtI'OpY(Q, y) ;

Ceomp = CalculateComputationalCost (activations) ;

Ltotal - Ltask + )\Ccomp ;

gradients = Vg Liotal ;

6 = 0 —n - gradients ;

end
end
Output: Trained model parameters 6

N
H(AR) == w;logy w; (6)
=1

where H(Ap) is the entropy. of the attention distribution for head h , ar%d w; 18
the attention weight on the™s -th token. Lower entropy indicates a more focused,

less uncertain allocation.

T HRAEAR R N E T IR BB R AN e 788, FNTRT DA 24 s 3R AT
ST AR . XN SRR G IR R, TR AT ELE
AMUAZE A R, T2 TR — R0 5 & KA F AR 52
IR X THEFIESZ BRI P S AT RRRIRI ¢, BlanEdc s b raR~ > 5
T SRR T WiFi f52EHERY [30] .

4. SHSUE

AN T T RAER AT E AT RS R SCR I B . FRAE TR 55
P r R . B R RSB A g AR, AR T A fEdnde

4.1. $IEE

R T AR FRATTHE A A F B e vy, RAOTRA 7L A
T HRE S PANE 5 AR A R

B PR EG (GLUE) B AT GLUE Bt [55] Wik 17— HA
?ﬁ%ﬁﬂ’ﬂ&%?%, PATPAL TR AT AR A 38 FH O 5 B T RE . 19 e AT S5
oo
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o MNLI (ZR5HREF M) — DRI . ARCRIER > RAE 55 Fedl]
(P AN DR P HE R A 2O A AR -

o STS-B (i LICARIBIMEREAE )+ — AR [ U= A S5 000 798 ) 3 AR ALURE PP 23
L55 o FRATBET BRI ¢ B LI B 7R AR S R BRI PERE

o CoLA (IEFWHEEZIEERE): —RADIIESS, AT HIB— R TAE
BRI LAEZ . FAHA Matthew AHX AL (MCC) HEATIFAL.

AL S5 BRI )Xl =2 R — oo 2k, AR it —
M FALBII A5

TEE R O PP AR D5 SR A A G — BRI 5 1S, AT
(T WikiText-103 Blldk . X MERH R — > B 4E5 | R SCR iR
PE, ARHE A AT AR A I K BB KR RE ) . AR IF S (PPL) /X —
E55 IPPAG R

4.2. Frbtm T o B

AV A ) LB # 2 8 F PyTorch REE2>JHESESCER Ry, A Hugging
Face Transformers J£ 15 i) il I 51 AU H1 53 1) 2%

HAY: £ GLUE BRI A ROES IR, RATWEAIEZE BERT-base-
uncased., ZAIH 12 4> Transformer 24, SFEMAT 12 MEE L, RiBZE
K/NH 768, BT R LIS XN TEF BB, AV —A KM
) GPT-2 KUK DA Bl

IR ATRERANREE B T WAL 55 oA, ATEEH AdamW 4L 2%,
SRS 2 x 1070 HEEAUINA 32, HHENGAIRNET 10 % W7 4dier > R
Wi, ARG T L . BIALYIZE 3 B 5 A epoch, FHARIEEEAME S RO L IESE
T TS,

FORIBLE] XTSRS B I RS20, IRATIRRBUNESE N 1— R BUH.
FAAEATE 2 B E R, A 1076 3] 1072 | DAMIERRUHT 52 5% o Coomp (7
B 2) BARRBUMESNE (a=5=1.0) FLifi.

WE: B IGRATEAE IS AERL %S 4 1 NVIDIA A100 GPU By tERe it 4
FitT, HA GPU $iF 40GB #9 HBM2 1T,

4.3. "HIEFE AR

BATTPAL BT AR, AR TR 2L TERE, R ERCEM
AT ) N BRI T

1. AR5 R P ATV A NS EARETEAE T84 MNLLI-m (#EH{3 ). STS-B
(Pearson/Spearman A %14 ). CoLA (Matthews fHx Z2%%) A1 WikiText-103 (&l
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o JEFRAEIR: FE—3 A100 GPU (HitAbFR/N = 1)  EACFR BN EARY -2 B
B (PAZERD N L) o

3. BFATHMGHENNC: O T BB A B i RS, FRAIEE -
o BRAM (AKX 4): HTMAEERNNAFER TR,
o Shannon i (F7#2 6 ): TR 1701 o B E T
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Model Accuracy vs.

Computational Budget
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Figure 3: fER/NER TR b OFBZIE) T AgHETE.

Table 1: BERT-base 1 Top-k & AR T HTERE

Budget (k) MNLI-m STS-B
Accuracy (% ) FLOPS (G) | Pearson FLOPS (G)

Full (512) 84.5 10.8 0.901 10.8

256 84.1 8.2 0.895 8.2

128 83.2 5.9 0.883 5.9

64 81.5 4.1 0.860 4.1

32 78.9 2.8 0.821 2.8

el NETFEMERE, AmlmREny, BRI —FZH) SRR R
e 1) — B BV IR B AIARC I T A . SR RSB SR, X R
TR BRERIIEHT O AR, KRB NEILEH E o T —MEE
PR, X2 PTRREMEDT TSl B s AT 32, 34, 56] o X Pl AT Sk
TZREREPRIPEE, AL ) S ST Rk B RDRIERIE R, A0
TP R ALE AN Wik [50] s L Fr /5 i S AT LA I -
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Table 2: 25T 1Y B P Ebr 284k .
Budget (k) ‘ Gini Coefficient Shannon Entropy

Full (512) 0.58 431
128 0.67 3.85
64 0.75 3.42
32 0.82 2.99

5.2. IR Fh AT oy b AR
AT AL BAE B FE R R KA (2 5 ) ImAGTE AT, #EI1%k
AR AR AT TR

5.2.1. AM - FEM BICAT IS

FEAER A H T BRI B AR B R, MRS AR 1 e
TER 5 R, Tl DA A BK Sh AAZ — BT 5 30 P SR e 4y L R AR
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BHEBAT 40 %o XFRHMN—FHFIEMERRCEEIARL, X — 5N s e T 7 FH
ZEN 127, 28] I I, XA BRACETIT N SE B IR AL T S AR, HaEM T
RECEREE” [10]) f M), 3R AE A4 P S S AR AR I A s
PR [39]) WTR KRS58 B SR 4

5.2.0. 142004 % % &N
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Pareto Chart of Defect Counts
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Table 3: il AK AR AE A FEE Il (2 3

Incentive ( A ) Computational Cost MNLI-m CoLA | STS-B
FLOPS (G) Latency (ms) Sparsity ( % ) | Accuracy ( % ) MCC | Pearson
0 (Baseline) 10.8 15.2 0% 84.5 59.1 0.901
1075 8.5 11.8 21 % 84.2 58.5 | 0.899
10~ 6.1 8.5 44 % 83.9 56.2 | 0.891
107° 4.3 6.1 60 % 82.1 51.7 | 0.875
1072 3.1 4.9 1% 79.5 45.3 | 0.840

0 0.75 12
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Figure 6: JR A & (%) FfE ().
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M &, [0 FENs 508 & . AUAETT] FENs & SECE KR FLOPS 8
A, HATREXHERESE AR, o8 FENs Bl A7l 7 3sein [32) o Aok
W ] I AT P, (AT REAS 4R B — A RS R A . X R RAT RGP Y
CARBE? A AR TT A RS, XS R LR T IA T O L, A
SEHERG AR R (58]
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Ablation study
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Table 4: WU AETIREIERPIR A =10"" ).

Penalty Applied To | MNLI-m Accuracy (% ) FLOPS (G)
Attention + FFN (Full model) 83.9 6.1
Attention Only 84.1 7.8
FFN Only 83.5 6.5

B AL RGEFTIT 1 AT RENE, HRPLE T AR BRI [30] 322 4zl
A EFLAGK

6. 451t

FERXI LA, FATFIAFRRIE ¥ —FBy rRa” 15, AT
AL RBE S, RATCUE, LLMs §)E KT8 R4S 2 1) 2 i f Y 32 2 pe
fiF, ATDAE — R TR . 2200288 K I R .

FATTEA SR — ATk e FR s b 0 )1 S B 2R T i 0 S A o 2 T
W GEAT 0. B BRI E AR, FA TS SIS S b 3 0 o A
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FERITAE S RERN TR, XA AP GEE B

BEFRX— DA, FRATH T BTl BT T B St T — Rl AU K 1
W AR AT R BT A AR B 451 25 eR S, FRATTA RO T S
TR BT, AR AARAS b2 o) R SR . S5 — RSN IR R TR
HIT R, SRt T P AR e o ) s 46 5 YA SE I HE B AN AR 2 [ A AL . X
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FEREE AR . XA T ALH BT NG [43] B9 F3h vk, AR AR AL T
— RS TR

X TARR T SCE AT TS kbl , Bt T RS ke,
A AR E A RECEMIIE IR SR A — 8 B AR, B g —Ms” 1Y
Jrike RTHIFENGORUL, ERAL T —MEry B I AREREIRAT, Rtk
HOBHE E AR T A R ACRE 2 BE B IR . X LA TR Al
PR PR B T OB B S AR

AR TAEAI ATETLASS A Ar 7 0] B9 EIXAMEZ . ] ARE ] A i 4
DRI, ZEATEEEIE [40] AYSRIN, SRAFFIBIALCE 2 B A SRR S A2 ., Ui
ke XA T HANBS AN, HAIAE ey (59] SUH LS5 inE
BEHRR RN ZHE RS, 20— MA@, &, PRI
SRR A B YR RS S B8ORS % Ll Vs ) =~ A, dE—20 f
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