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Abstract

As a cutting-edge model compression strategy in the era of large language models,
knowledge distillation technology significantly reduces the parameter scale and com-
putational cost of models by effectively transferring the knowledge of complex models
to simple models. However, the current mainstream generative large language model
distillation algorithms mainly focus on optimizing the loss of the final output layer
between the teacher-student models, and neglect the exploration of the model middle
layer. In addition, the research on interlayer distillation often has strict requirements
on the consistency of the structure of the teacher-student model, and can not deal
with the distillation problem between heterogeneous models, so there are obvious lim-
itations. To solve these problems, we propose a new knowledge distillation algorithm,
which introduces the heterogeneous generative teacher-student large language model
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knowledge distillation algorithm with intermediate layer distillation loss. The algo-
rithm first extracts the middle layer information of the teacher-student model as the
distillation object, and then realizes the knowledge alignment and loss calculation be-
tween heterogeneous models based on the middle layer through the specially designed
middle layer mapping rules and alignment module. Finally, the ratio of each distillation
loss is optimized jointly. Through experimental validation on five relevant data sets,
our method shows significant advantages in improving the distillation efficiency.

Keywords: White Box Large Language Model , Knowledge Distillation |,
Intermediate Layer , Isomerism

1 58

IR, KIBEHEA! (Large Language Model, EPRLLM) E%)4 & (Brown et al., 2020;
Achiam et al., 2023; Chowdhery et al., 2023; Anil et al., 2023; Thoppilan et al., 2022), ZEXIiE
R B FIE S SUORHES ST HRE SRS P RILE T8 KAERE(Zhao et al.,
2023; Chang et al., 2023) - SR HTZEIETE K, 4 FTRZIREAE T AVIZRFIIEEH R T B
KA M (Strubell et al., 2019) -

MLz~ BEBRDSZHENTE SHE N BTIRZ RO SRAE T —FhE N AT
KT % BETHER, HAT S AR FE S R AR - A1 %5 (Hinton et al.,
2015; Adriana et al., 2015)f# 2 —FREEIIR A S B KT B 3400 R AR T AL 72 214 2 T = 3K
/IR TS R AT 45 3R (Deng et al., 2020; Han et al., 2015), BB KERI2E S RIA0E
BEFRARE B NRE T, 5 METRES W KRB RE R 2, P T/ NSRS
PERE(Gou et al., 2021), EARIE B A —IR B & R AT AIHEK -

/ teacher model \

student model

*M) Train % —>.

Figure 1: AIAZEBEEAIE . SRR AN — 1 A R BT SR B — R
R

WMEFTR, EXKESEANARINZE, ZoMARZE BT (Adriana et al., 2015;
Hinton et al., 2015) 5 s L AT /€ MEE LB L5 1S5 & 5 2 r0ilZh B it £(Xu et al.,
2024) . MAERESEBEN M, RF\BTEBESHO RS S, MIRERBEED . WE
ELLMRZEME (Jiang et al., 2023; Wu et al., 2023)F1%F H & LLMA)ZE 18 (Timiryasov and Tastet,
2023; Liang et al., 2023; Gu et al., 2023) - kT B B 7R 728 M o F2 R 200 T 45 5 m]
A, B&EKIEFEE S TIRBEN A R4 RME 2585 B (Gou et al., 2021)- A, HE
KIE S BARIE LS R A R 530 w28 H B 1E 5 BFE T (Devlin et al., 2018)F1 H# G &8
AR A R EUE B Y (Radford et al., 2019; Touvron et al., 2023a; Touvron et al., 2023b) - FH
TUWEMBEERB T EEZENH TREIREHFTESEBEA, M fRiE s 41 1A =R
HEEEMARERERRS, A EERFTN REER A ESEA N E &R

A A B ORTE SRR B & 2R B T A R 2 (% IR BUTR AL 5 22 AR T i) i f5 o Y 2 2%
TRHHZE (Gu et al., 2023; Agarwal et al., 2023; Sanh et al., 2019; Wen et al., 2023; Kim and Rush,
2016), ZW& T XFEINEI AR EE R . MAEXKESHEUENERGIRES, FRELSETE
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LEMR—RES, BEETEZER: FEMEUER - M AGFIER T 7Bl (Clark et al.,
2019; Sun et al., 2019; Wang et al., 2020b; Wang et al., 2020a) - Kb, ¥ T AKE S H[E 2
ERIZEBEARKMPINE XL -

VAR, XS TransformerZ2 F AL i) F1 8] 225 18 77 1% (Jiao et al., 2019; Sun et al., 2019;
Wang et al., 2020b)fF 3 %F i A B 55 27 A2 R RY  PR BF 45 4 B2 SR P2 48 — 3. S Y
A Transformer R EX 7 0 22 4 FI B AL - AR EE S LB P RIZRERSEERS A
TR e A RS, TILSE P £ 28 M PR T 5 22 AR A A ) - Rk, A
XA ERABREEEEHERRE, FE-IEHLERNESENTEBEBEL.
Hb, BIREHRT AR 2 2R R T AR IR Y B A5 A )1 E S BRI TR AR H L (Sun et al., 2019; Jiao
et al., 2019; Wang et al., 2020a; Hou et al., 2020; Liang et al., 2020), {24 N1EAREELEM T
K TransformerZ& 44 (14 Al X ORTE S AE2 [B] B9 A [H] 228 1B BVE IS (Xu et al., 2024) -

Mgk EaREE, FATRRE T — R AR E SRR R R AR AL, B LK
a7 R BT LLMES 22 LLM A 8] 2 N AR G5 ) — S B2k, BN & T 7 A pll UK S
B RS R oAb, TR A o IR 2 26 v B B A TR i 1 2 O LM 47
ZEH=MEBEE L WHEFIRZRE (Sanh et al., 2019; Wen et al., 2023) « JFF1L AR 7S
T8 (Kim and Rush, 2016) L X Minillm(Gu et al., 2023), F43- & H# XA [7] B A [6] J2 3 Hi 45 SRt
1725, SEMZERBIPURIER L AR R BRI ZZ AR - BikH, Tk A
IGPT2 25T (Brown et al., 2020 /ENZBIES TN S 224, B, 2425
B A/INK120M (gpt2-base) FI760M (gpt2-large) AN%E, ZHEA % 2 50E N1.5BHIgpt2-
xlarge . SEIGWAE | KIEE FINLPAESS, A RS IREEIES: DollyEval, Selflnst(Wang
et al., 2022a), VicunaEval(Chiang et al., 2023), S-NI(Wang et al., 2022b) 2 X UnNI(Honovich
et al., 2022), %58 GPT4-score(Achiam et al., 2023)F1Rouge-L(Lin, 2004) B FHLE5 5 HR LA
ARG 75 T 0 22 AR AR AT SR BTG - 2SRRI, 5IATIEEEBINL /RN E
IR JLF FrE R 5 ERORIVERL T 000 B Ja i Y B2 B B 2 AR Y 9000E T Ff14&
H B B 3 T S AR R R L LM A R (] 2 2 R A A A -

2 MXTIE

HIIAZE  (Knowledge Distillation) & 7E M S 24 BN EY i HR BURTR I R 18 (0 A 22 AR K
B, AT 2 A R R A R AR A T 858 e 1k BE ) [RI IS4 B/ N B B AR AR AN SR AR AT R R

R ANRZEBEBON TR AR NE R E & R R 252 2 5 3 M4 5 o Geoffrey
Hinton | F MR ()5 HMEZ 5373 (Soft Target) (Hinton et al., 2015)1E R 22 LAY (1)1 4%
Bin, M TRRICEFHE RPN EME (Hard Target) FE152I5H 215 8 LUE I #b)I1Z%
AINRIEE b MERURIG KR FIZALEE ST o JeRAIFFNRAIRZEE (B#7SeqKD) (Kim and
Rush, 2016)3# 1 R MR T A 5l P50 0 AT BETE SRR 22 AR A, o 22 A BT 5 2800 B 73
MERFF— B X ELAE G RIAZR R BN B SR A R e e T &l -

IR, MEERIESEMIELRE, MRERBREEZHNHTSHEE RN KESE
BEYE E . EESAWE: —FWBERXIESHEE (Achiam et al., 2023)FIZEMHE, 2%
H & KiE T B4 (Radford et al., 2019; Le Scao et al., 2022; Touvron et al., 2023a; Touvron et
al., 2023b; Zhang et al., 2022; Team and others, 2023)f0Z518 - HA | B EANHZRBII R A RKE
=T APTAE B RIS i R 5% B /IS AL R0 H 7R HEANEE B985 3 (Jiang et al., 2023; Wu et al.,
2023) - HHTEREZABFZAAHAPL, XA RASF, I BEREMRERE LA EH - M
2™, HEEBAFTARRME T —FFEER . EEGEERN -

WA 1) B &2 BT 2 2 U SO R AL AN 22 A R ) B Je o HH 2 BB AR TR R 2R - BRI
HZEM (FHKD) (Sanh et al., 2019)FHFRICEMBEZE 43 7 AR 0 B E 10751 B 8 56 R 1 BT 4
fEFR . Bk AW S MBS - BUNEERAES] o B— B 2 5] 2 AR R AR R R T R
TR AS], MadRE A AR B BN E B B XK - 5 P UM T A 3 A 2 A R
DA 1 Soft Target ) HART R Z MBI K FATINGR - Hf5 10X 102K 45 580 i1 R M KD
5o FRBRERIVAZE RN P AL AR 2 VR T VA A T b 0 e/ I AR 2 A 43 A 2 T )i LT
MKLEUE: KL(p || go)(Sanh et al., 2019; Wen et al., 2023; Timiryasov and Tastet, 2023; Liang
et al., 2023), 244F# H FIMinillm /774 (Gu et al., 2023)#7R TiX—A, HIERAMR T HEE
ELLMAZE VS, & AT O AERUESS, b2 AR L2 S BT R 5 M2 5
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e AR 22 S £ BOM T ENR AV FIMT S5 R - R, WX AT, Minillm# H kB
TETY B o A 29U & F R B MR A, RIS/ MU BT AR 2 A 2 AT 2 [A) B AL S [ KL AR
[%: KL(g || p), HEBEEIEIIZRF I T PPOSEIE: > H % (Schulman et al., 2017), fi#
FH SRS AL (Sutton et al., 1999)SKARIERE, Ft—BIL TR ZIEROUR -

PR T O RS 2R B &2, T RITZ H X Transformer g 19 25 2R 44 FA 16 2 o [H]
BEEE (RRILD) f&i, XEHF5RIEZ B R EX R R 2 i SE: FFFEEE #Y
EE - N EEFEENIERNZEE . 5—2RF, Patient Teacher(Sun et al., QOIQ)KWT\J:%_&LW%
METHISoft Target2#>], 401 Hipatient teacher-student#Ll, 1b2EAE BRI Oy H N ZT AT
22 A Z2 ) 2 FRFEE . 528 H, MiniLM(Wang et al., 2020b)#& HIRE BiEE T
FEVE, BT IR B AR T £ f5 — > Transformer/Z K H 7 5 H R LE /MBI 13 158 B A0 A
B BER R FATIUILR, HSLIRISUE T R EOM BT b B FREUZ R R R A RUE . B EE
IMiniLMv2(Wang et al., 2020a)7E A AT THET, EAFHZERINAEBAE BIEE 7%
B8, HIERAW T 2N EEE A A2 OREEK R - kA, Tinybert(Jiao et al., 2019)%f
NBERT A ST Z T TILD, 3B 7 A BT ff b (8] E X Rz, b 7T E R
IS JLFORSF T R ZOMRETIAPERE, B BN T AT ) rp (R B A5 R Bk A% — 2ok, Rt A
ERRERM - ALP-KD(Passban et al., 2021)3&H T —FYKH T 9 8] 23 & 1 FI4H & 2B EOR,
ERlE TAIMREREIFEE T 2R —EREENE, R T MEILD 2 B —SH0nh 2 m
TN T8 AR BN A BRIE o FTRTTLDIC 1R R A b 7 2 R ST 48 R Al A A 2R AN DL e 45 1]
fll, Universal-KD(Wu et al., 20213813 5T 5 71 892 R0 8% DT B Hi 25 18] 5 2800 0 4 1
B2 (FEFEEZE RS2 - RAIL-KD(Haidar et al., 2021)$&H T —Fhfr A0 If A8 2
[EI PR E RSS20 R UIGRAS, FENL BTSSR ) rh ] 2 5 o AR AL ) A 8] 2 3 7
B LUHATANRZR TR, HAEBERTS A HUM R Z B ES D RAE T A SHERE . &
i, CR-ILD(Ko et al., 2023) &8 T ILDZEYI SR AR L Fd BERLA AR, @ (R BT
TR B J5 — > Transformer /2 H E#M FEAESS L ATILD A R0 M8 1 HEAPIRG: « B0 24 A RTAZR
VB3 MO TR ) v (A R AE AR A (5 8., BRI T 0 5 0 5F AORR B SR A 1 2 5 OB 10 883
XA, 202353 HAIGLMD(Tan et al., 2023)77 VAT P B B B 17 T 2 v A0 eV 15 4
TV BRI A R 2 ] F 2 AN £ A0 1) PR ) L B0 ok Y R] R AR AR 35 R BR o PR e £t 28
AR SR FF AN Y R - 22 L, WA B &RB T AL H T Transforme i3 45 2214 1Y
B EMRRTIZEE, T T A RS S B A i AR AR 1 o B] 2 2 R B E M B R IR R,
X IE 2 AR SR 5T T80 -

3 AN

AR R VYA A2 GOR R - AR REERXS FrsR . A |2 IR
SRR LU R FR VBB R Rl A AR -

BARBESRMERF 7R, i, AR RGOSR ER T JA RN A R 4 A R 45 R A
REHEE I PRIBGRANFFREEZLNBEIRNZL, ELB T i £ BRL A A R 45 R A,
3t - EEAEWAED: —EFEZBRE NG, XER AN E T AR RECR A1
HUM 5 22 AR AR R R AR, X U B T = T A R 2 e A R
HEEA B, BN R AATIEATHE B RHRA); A R] R0 T BRI IR T A T B 451 2K R £
RIS Ba AR ZR TR IR R & AR 28 T ST TR an T o8 79 R3sh o 2R TR O A EC L
LR B 28 R R X — B AR -

3.1 H[EZEE X Gk

% BB H T TransformerZE M IR KBS RN T RIEHEEREEQS TR &F
ARSI S - FBREZ A . X BREEUZ B R AT RIS B RO R L R
BB P Transformer/Z {0 7 B FE s 2 fan tH A R 5 — Bt - L8, BATUEH T &
NTransformer Layer A [EFS8Z fi HiVE R 2R TBNT 5 o % BRI torb 8] 2 5 H 45 RS R & X
NE, BEMERBUARE, EFREZEERE LMEERE RN, MR BHER% E (Clark
et al., 2019) - L, FRATENXST L EBFANF KRB F R R R, S RIHT T2 . AW
FhAN[R] B A (8] 2 5 A E R 28X G 15 B ) SR 0 45 BN HE L 583,384,585
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3.2 HARGRXS TR

5 Tinybert(Jiao et al., 2019)ANFE KR, A SCHFF BT 5 22 A AR i o [A] 2 6 H 72
) B, FEEARINAE A AR RN 2 A T ) Transformer SR FIRSHEUR IR SLE AR « £k
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3.2.1  H[A]ZBRETHL

B, BB TR BRI R 5 22 A8 5 18] 2 B Bk A RO R B2+ ]
JZ X 57 B f) TransformerfH & 3REL, R A AFECA N, MEH KA FEE R S TR Fn 2
ARERIR S R R R EHAPE, NEEMFREEEB—— RN . YBEHRRAREN1IHIER
B, EAKUCRFBOMR T  FAERT R R EEUEAR L, BEIHEKRAREBA NI EIEER, F
SR H B] E B AR AT A X 5E, PR RIER o A E R R 5T o 280N, M
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T AR 2 48R, AAERRIN20ER, BTRL— BUNEREZERORRAREA, R
IR 2 A R F) Fp [B] R AR 50 1 ) 0 DE SRR, X EUMR B SR 12/, A E AR
HBZ, R LAR T 8L A (] iy H 45 SRAE D 28 TR Gt AT JE B2 P R R AR TR T B - T
FUMBRRLI 492, “AERRUONI9ZR, BTIRI ., MITEEMKUCRBOMEET « 2 AR Z 50
—, BEINERTRZEER A REA N UZEIEER, BERTRNR Z A RN L2 2 7]
WZHIFI— R E A, SXFEEBOTE N T RSRERE IO R S Mt AT A R R 20 - X ER ) A
AR SR W5.2.2, BARAIALERAN N D ATAY:

Algorithm 1 iiAE 7Y HH [A] 12 BRI
Input: ZHERE A6 ZEFEE S 5ERE atts, FERT A B ZHEE 15 Es _atts
Output: ?ﬁ”ﬁ*ﬁﬂﬁ‘i%ﬂﬂ%%%ﬁ@mapi, iiﬁﬂﬂ%%%ﬁﬁ%ﬁ]@ma&s

1: maz_ged < JTAETL A [E] 2 R B R OR A TRIEL

2: while maz_gcd ==1 do

3 if SBIHEUX (WIH90) then

4: FUM A 8] 2 R —

5: else

6: SRR AR R —

7: end if

8: maz_ged + = TR b E] 2 R R oK A R AL

9: end while

10: FRECETEAY (] |2 2 5 RS Y S 58 _block «— |t _layer /maz_ged|
11: FRBUCAERET R E] 2 2 5 BT S 58 s _block « | s_layer /maz_gcd)

12: THEZTEI FR 2 ) P A 2B RE R Emap-t < [t_atts]i x t_block + t_block — 1]

13: IR AR AR H R BB AEFEmap_s < [s_atts[i x s-block + s_block — 1]

14: if BT1HUL2 then

150 WIS AT AE AR T A [ FR AR 3 1 PR R AR A 20 2RSS, S AN e B S kB B
16: else

17 DRERIEEE

18: end if

19: A& H Hmap_t, map_s

3.2.2 HEFEHER

HE] ZERAT LN E S, MBS — BRI 52 R R 2 AR T, kA TRl
DAEAT 2R VIR E R E . BARAG, BATEERZmEOT T — MMM, AT gUnsEs
4] P 8] J2 5 SR 13X — 2R M R B R 48 B oy 5 2 AR AR g ) 2 e A SR — B Rsk 2, SR
JE AT H A E IR B XN ERPERL 4 5 AR RS S5, R REHb i 4E %
o5 BRI R F B R RARE HIE UG R, DUE B ERA . &0 82 208 B bnn
.

N
Lo = 3 Lr(@(fF (@), £5(2)) (1)
=1

o N¥g S AT 28 50 A2 6 BB S R 2 B, 189 BUE B T3.2.09 YR IR B HR (A 2 R
STRLI, £ ()0 f2 ()53 B 52 2800 A58 AL A 2% A B T 551D Transformer3 B H 8] 2 % H 45
R, mid5 AR BOR T 3. 14 /0 1 8] 225 0T Gk 45, R R AL D N B T M ASE A 1 v (]
B AT e, AR RBOTIR A 5 22 AR R B (] Z i H B HRIPEAR, BT BRI,
TR 2R R ECR A Lp R 7E3 3T S E -
3.3  HEZEHIRIT R

TEF A Z R R R FE L RS, T SRMERIRZE 7T R 0 R B2
RKLepS BRI KL EREEN ERFFR T FATZ T Z MR A 1 8] 2 11 25 R%L
X BRI A1 2 AT AT (8] E i 45 SRRt & - Bk, T2 7 Rz i
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KRR (BRI AT o 8] 2 i SR BRI ) SFIERHREMAE (B MR
FEGERZE)  HITIREMSE (H/AMUM AT e 25 M ROF T E) | HRIHER
R, BREMRIELEPRERRIGOER T MSE/E IR REL, AL A R Z K R RO -

N
Lasa = 3¢ ST () — £ () 2)
=1

3.4 REEBEHKE AR

FERECT R ZEmIn ks, At T &R A s, g3 B EAm
KL ~ BSEkHERIZBIRK Lop ~ BATFIARIH B EZEBINE Lpnq, SE 2RI E AR
wmr:

1 N C
Lin =~ D> wijlog(piy) (3)
i=1 j=1
Hrer, NEEFEARE, CERINEE (LEXRD) | yAERINESSIRE, p BT
FEZRIA B 2R 1 RO TR -
B JE T E Bk
Lop =) tilog (s;) (4)
HA ¢ R BN FRN A7, s @ ¥ AR TN A5, S TR A SRR -
SIHIH A 2 28 Ak

Lo + Zfil MSE(®qu,(AT), A?), mid = attention
TN LN MSE(®yer (0F (1)), 08 (), mid = hidden layer

Hrf, MSERFEMSEMKERE, Pun (Piayer) EIREFHER IR BSHUZ) BOTAIZMERR
5, oi(x)RFEH EIBEHUZHIH, A R RER B -
FAE FH AR 48 R 7 VAR R AT 28 R R H SN AL L b = FROS B0 R 7 B 0 2K BRI &
H, HAERRE T =MARBRNIMER, AR
N
Loum = oL + BLcE + Y AiLliayer (6)
=0
Hrep, NIE#HTEBHTREN MBS EE, LoayeaBiERHEZEEBIE, \EFIENE
TR G P ZEAB T EENSE, oMpEEIRABEEVEREL
4 EREE
4.1 SERIILREE
S8 A AR T BUE S 9k Hdatabricks — dolly — 15kY, FH15KNT A 2R 5 f$5 - v 4H
R o BT A A RN B AR D REARSE R IIGEED, B 1500 M E RS IE SR FIM R EE - X
FRERFGHEIREDpr, Tl 11# H OpenWebText(Gokaslan et al., 2019) . SEFFFEH, Ff]
BHYEAED FROA— D AEREOE S BB E N ETp, IR)5 18 W7 M AR 118 < B E I
& ERRI BRI ARZE BT A ZE B - RIS IR

o SERIIAR: BATE S IA LT B IR RBUF R BIRE, #BESH ZHIIT R (Gu et al.,
2023) £ FIUAL PR T FF5 < [0 B 8085 88 D _EH0R K8 5 R RGP T2-xlargelE oy Ji L7281 B #
IR, SRIE 40 BN = Fh22 I GPT2-base ~ GPT2-medium ~ GPT2-largefEEIRED
fEFANF R 2R T R (ED LR E LR W E RO (SFT w/o KD) - PRiEZIR

(KD) -~ FHILZEM (SeqKD) ~ MiniLLMJ7i% ~ 51 A [E]Z AR R HIZRR A, 1T
BOXEEANR FFRIRZR TR TR 2R ISR E 15 21 A2 AR BB AR T 5T 1) 23 Hh >R A I 4 B 2B RCAS)
[ M T Rouge- L5 GPT413 9, HRAPFIEZRBRCRAITIR -

"https://github.com/databrickslabs/dolly /tree/master
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e IS5 SHORE: WTEEHE, ¥ ) RFUERX A H[5e-4,1e-4,5¢-5], ﬁMﬁJﬁﬁB
(% N [32,64], ZEWBINGREMR205E - X THRUEFRIRZEE (KD) , LL0.5RR A F K 2 i
RGBT EMBRIR A BRI REHEK . B %&ﬁ&m%éﬁmhﬁ%MMwmuﬁ%
B, BB EE RN AZE R . W FMinilLLM 71, & 50 AR EDY 24
ﬁ@ﬁﬁ“%ﬁﬁF@h%ﬁh%yd%%ﬁfﬁﬁF EMiniLLM ISR W) Ga AL, it
FAdamwilt b 2%, 23R Hbe-6, BALKR/INEN64, RIEFHEE IR N, B RFH R
KUAKE 512, FIEER, @ﬁhﬂ@LMRm@L PO RE IR E A - X TEIAH
B ZZIBIIR BT, AR R A ES BN T LR EEEL 715t 7 6] Z 2R I L5
FILESETES E B, BT REEEI R H E 2 28I R R A IR R S
ORI EC L P A R BRI AT T L, BRI ERRIEERZ N0,1], #EF0.1H
BRI TR, A A IR A PR R B E NN FE R, B P AT BERIAE A A DL
WRERIERY %R . DL ESERETIENVIDIA RTX A5000, 318 Fdeepspeed #1715
B A =R -

4.2 XA
KT VS EA N KBS A | AR ZERBRERE, Bl15 IR LT IEE .

o SFT w/o KD: HEAXIRED EIHTIHERAE, ANEHMRZER

e KD(Sanh et al., 2019): A AN FIFIRZER - HHBIT S MIERE D token B A HIEE, 1E
HARSED EX 2 ERALHETRON, S/ MU AR A T M K LA -

e SeqKD(Kim and Rush, 2016): {8 2T A= 5l A 3 22 AR BT R0 -

e MiniLLM(Gu et al., 2023): E{ITKD, ANFESFETRAMUITERRE R KLEJE, H
AN T R SR

4.3  PHUTEFR
FATVBEFH LUR P TR A BT A R R

e Rouge-L(Lin, 2004): FREMHEREEERLANBEFNEE, (Wang et al., 2022b) KFRouge-Li&
T RMAESR S IRESERG « B4R, Rouge-LIEPREE RN & AT A A R R S
HANFFEYLF T T AR HIEE N AT B Rouge- LE & 5 BCF IS IR -

. GPT4(Achiam et al., 2023): 1% I prompt R 7& BB A& B HI45 R S ground truthPRZEE £
HATHEFT 4, HMEN1-104r, T HGPTYES S Bprompt BT LM SRA - BRI,
TR ﬂ*‘%ﬂ FAVER AN AFPBEILM FAER RIS, &EHNGPTAHT 54 R
BN BBITEES T EOR RN FE LM X B T A USSR 5 R IE1005: 5008 5
FGPT4E: OX B & NBHITHT 7 5 KRG 5 BECFIEE R -

5 EREERST
5.1 X ELSEES

FATE B TKD- SegKD - MiniLLM3X = F (X 7F 1 % &% J5 %
W%,ﬁ%ﬁﬁ%ﬁ&LmATﬁM%m%¢@E§% 8,
#DollyEval ~ SelfInst ~ Vicuna~ S-NI. UnNIF > $54 IR K8 #9848 1Tm%$ LIOEVES
P AL FE ML A A T -

ZEEPET IS RS, 9%911011 9@92% K, E, 20244E7H25H%E28H .
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DollyEval Selflnst VicunaEval S-NI UnNI
Model - Params — Method 1 p 1 ""GpT4 | R GPT4| RL GPT4| RL GPT4 | RL GPT4
1.5B Teacher | 27.1  60.9 | 147 559 | 164 640 | 27.3 405 | 31.5  69.0
SFT w/o KD | 23.0 41.2 | 104 364 | 142 355 [ 165 250 | 184 343
KD 224 206 | 94 283 | 137 332 | 150 258 | 155 394
gy QurMethod | 23.6 209 | 9.8 33.0 | 150 36.1 | 15.8 30.5 | 18.0 328
SeqKD 178 134 | 73 171 | 119 229 | 95 165 | 110 276
OurMethod | 18.4 14.7 | 8.5 23.9 | 12.5 23.7 | 12.6 20.3 | 13.6 26.7
Minillm 193 174 | 97 313 | 119 364 | 170 259 | 187 310
OurMethod | 19.0 22.2 | 9.8 35.9 | 12.2 388 | 169 29.8 |19.2 37.6
aPT2 SFT w/o KD | 25.2  6L.7* | 12.2 423 | 161 494 | 209 49.7% | 245 339
KD 222 431 | 110 424 | 142 396 | 185 322 | 21.0 362
oy OwrMethod | 25.5 53.4 | 12.3 46.3 | 15.7 43.5 | 211 37.2 | 25.9 404
SeqKD 250 55.6 | 125 494 | 160 464 | 231 356 | 269 438
OurMethod | 25.4 58.2 | 12.7 453 | 16.8* 46.5 | 23.1 43.8% | 27.4 475
Minillm | 21.1  46.8 | 11.9  40.6 | 12.6 448 | 20.0 228 | 23.8 475
OurMethod | 22.5 50.1 | 12.2 43.4 | 14.1 455 |22.8 356 |26.3 483
SFT w/o KD | 25.7 6L.6* | 12.1  39.6 | 165% 455 | 21.2 445% | 249 556
KD 249 57.0 | 120 407 | 159 484 | 20.8 41.8* | 235 315
oy OwrMethod | 25.6  59.7 | 12.8 45.6 | 16.2 393 | 23.3 44.5% | 26.0 352
SeqKD 251 58.0 | 126 369 | 163 422 | 21.3 42.0% | 23.9  24.2
OurMethod | 26.1 60.1 | 125 44.0 | 16.4* 42.7 | 22.5 41.6* | 26.2 30.0
Minillm | 21.8  58.9 | 132 57.5% | 138 522 | 233 55.1% | 255 333
OurMethod | 23.1 60.4 | 14.6 540 | 15.9 53.5 | 25.6 58.3% | 26.3 39.8

Table 1: HLEFIEMILER - GPTAFIR-LS HI1CHE GPT-4FRouge-LIES MBEHLFNF A #1554
. MABNBITEEESBRAMIERR, HEER BRI T BT AFRC* -

Method | DollyEval ~Selflnst VicunaEval S-NI  UnNI

KD 4.33 9.53 4.32 4.73  3.16
SeqKD 3.98 4.74 4.21 5.2 2.63
MiniLLM 5.08 6.94 5.4 6.67 3.54
OurMethod 5.13 7.12 6.71 6.75 4.42

Table 2: AT PSSR - METEEIN1-100, G5 EFEYIEITEE T IRER €8RS N AR
NEFT 50 5 BCFE IR 2 Y «

5.1.1  HLESTEEE R

i FIRouge-LFIGP T4-score;X B ML 2SR FE AT S B RO 45 SR ANEEL - IRIELE R M5
HoE, METFWEMME (SFT w/o KD) , BIAARSCR B K H 8 Z LR =fES T
ETERZEUE LT IRE T H = I Rouge LFIGPTA4 5k, H 7 [ B AF 78 18 3% it KLk
PRETHERBHRTREAE, AIHSCET X HUTE TR F AR R RO R A, BIET
KRR BEIERE R, . Bk, B B AT H A0 8] 2 R IR B G 10 = R L T 1k
(OurMethod) 5RBIAMIEZL 1 (KD~ SeqKD ~ MiniLLM) 7E L MRS FAYHIATERR
B4y, BIAHIEZZEBHKE NG S RRE TR, #F—PRIE T A EE SRR T i
B2 ANGSMOBITRAEE B (FEJZE) |, SEmsCEl T2 BSCR T, Ui T A5 R
HE AR ENE . AT E I

5.1.2 AT iFEm&5ER
PR R OTE, BATRENIE T #0  AE AUE AT N AT 93 (1-10), /g BURE AR P45
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SRNEBMEBEESS - FToEEF, Llground truth AFMEZE R, HEEEFEEMNERR
W SEREME . BT DL RN A SN ERER - AT RmER2, sfUEH, AT
WHEZEBOEE, 5IATHREEIEZEBIERE T EERSE, SRR B ISR
R B RAEE S - 18 B R IR A R RE TR -

5.2 SRR
5.2.1 AN A RN R RIZE S S 45 R

TR E] Z 2R, BAT BRI T PR E B AR 2 TSR A REER
T BRRUZEIH - L5 A R34 5B FFRIRG TS, T RAMA R EEES S, 5IA
THREBERBIEZ G, REXEBTIENIEESHEE T —EMRA, #—PUuE T A
P H B 8] 2 2R RE B SR T A A i KR SR AR TR - b, R TR ERRA
EHIHAERNZEB S, BIANFEEEE IR B R EZ B N TR RS S
L ZEVUREL, e REE LU T ER IR S E 2 ) EE UEREE. -

DollyEval SelfInst VicunaEval S-NI UnNI
R-L GPT4| R-L GPT4| R-L GPT4| R-L GPT4| R-L GPT4

1.5B Teacher 271 60.9 147 559 16.4  64.0 ‘ 27.3 405 | 315 69.0

KD 224 206 9.4 28.3 13.7 332 15.0  25.8 155 394
120M  KD+attn | 23.6 20.9 9.8 284 |15.0 34.9 |15.8 30.5 | 18.0 316
KD+layer | 23.1 20.7 | 9.6 33.0 |14.5 36.1 |15.2 27.0 |17.2 3238

GPT2 KD 222 431 11.0 424 142  39.6 185  32.2 21.0  36.2
340M  KD+attn | 25.5 53.4 | 12.3 46.3 | 15.7 43.5 |21.1 32.7 | 25.9 404
KD+layer | 24.4 50.9 | 11.8 43.5 | 14.3 414 | 20.2 37.2 | 25.1 39.8

KD 249  57.0 12.0  40.7 159 484 | 208 418 23.5 315
760M  KD+attn | 25.6 58.2 | 12.8 44.5 | 16.0 39.3 | 23.3 44.5 | 26.0 35.2
KD+layer | 25.2 59.7 | 12.5 45.6 | 16.2 39.2 | 21.2 38.2 | 24.4 33.9

Model Params Method

Table 3: AN[F]H[A] 22X S N B TRKDELIG A5 5% « HA I R R 2 Fe A T 1R T
JEKD 71 -

Model Params Method DollyEval SelfInst VicunaEval S-NI UnNI
odel  Tarams erho R-L GPT4 | RL GPT4| RL GPT4| R-L GPT4| R-L GPT4
1.5B Teacher | 271 609 | 147 559 | 164 640 | 273 405 | 315  69.0
SeqKD 178 134 | 73 171 | 11.9 229 | 95 165 | 11.0  27.6

120M SeqgKD+attn | 18.4 14.7 8.5 224 | 12,5 23.1 |12.6 20.3 |13.6 26.7
SeqKD+layer | 18.0 13.6 7.7 23.9 | 12.2 23.7 9.7 17.3 | 11.2 248

GPT2 SeqKD 25.0 55.6 | 125 494 | 160 464 | 23.1 356 | 269 43.8
340M SeqKD-attn | 25.3 58.2 | 12.7 449 | 16.2 46.5 | 229 43.8 | 27.4 44.3
SeqKD-layer | 25.4 57.7 | 12.7 453 | 16.8 46.5 | 23.2 37.3 | 27.1 47.5

SeqKD 25.1 58.0 12.6  36.9 16.3  42.2 21.3 420 23.9 242
760M SeqgKD+attn | 26.1 59.7 | 12.8 44.0 | 16.4 42.7 | 22.5 410 | 26.2 30.0
SeqKD+layer | 25.8 60.1 | 12.2 40.3 | 16.3 42.5 | 21.6 41.6 | 24.5 25.8

Table 4: N[F]H 8] JZ 28X 5N T SeqKD SR 45 R %

5.2.2  A[E P E] B I S35 45 SR

75 7 ] 2 B S R ) 383 EARSC NPT R A EE R, &5 R A B R 57 5
B%: —RES%E T A LAE OF SIS0 IE A R B S O 5B (Jiao et al., 2019), —JE7ESE
PREEFEA, FRATIRIT T AEREEUST (Jiao et al., 2019) ~ FEHLBLT (Haidar et al., 2021) - ¥8EZBE
SIS FURNERIBRETSRNS, BikH, BATME UE:

PP ET SO E AR, 9100059285, KR, . 20244725 H %28H
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DollyEval SelfInst VicunaEval S-NI UnNI
Model Params Method R-L GPT4| R-L GPT4| R-L GPT4| R-L GPT4| RL GPT4
1.5B Teacher | 27.1  60.9 | 147 559 | 164 640 | 27.3 405 | 315 69.0

Minillm 19.3 17.4 9.7 31.3 119 364 17.0 259 18.7  31.0
120M  Minillm-+tattn | 19.5 17.9 9.8 359 |12.2 38.8 | 169 26.6 | 19.2 37.6
Minillm+layer | 19.0 22.2 9.8 35.2 | 12.0 38.7 | 169 29.8 | 18.8 36.3

GPT2 Minillm 21.1  46.8 11.9  40.6 12.6  44.8 20.0 228 23.8 475
340M  Minillm+attn | 22.5 50.1 | 12.2 43.4 | 14.1 45.5 | 22.8 24.4 | 26.3 484
Minillm+layer | 22.4 49.6 | 12.4 42.8 | 13.1 45.2 | 22.5 35.6 | 26.1 47.9

Minillm 21.8  58.9 13.2 575 13.8 522 | 233 551 25,5 333
760M  Minillm+-attn | 23.1 59.3 | 14.6 524 | 159 53.5 |25.6 583 | 26.3 33.4
Minillm+layer | 22.5 60.4 | 13.6 57.8 |15.9 53.3 |25.0 56.7 | 25.8 39.8

Table 5: /A [A]ZE 228X 5N H T Mini LLMSEJG 45 R 3% -
o ANAEENBLGT: NUEM THUMEALS AR i (8] 2 R BB B - 2 A SORITH)
BRI EE AT 57 SRS A — MR B L« TR SEE8 A 50 B i, .
o BENLBRES: 7ER VIR, BENLEBCEEITRT R F 18] /2 5 22 AT B A (8] J2 78 52 LS DL
HATEIRZEE .
o TREZWLGT: Fohl & ZUMEE BB LA A 18] JZ %] RN 22 AR e LA EZE Il ZRRifs
B, ANETFREHUBS, X B IZR T A Z BN
o AR AEE TR TR : FH3.2.1-

FA RN RGP T2-xlarge, FHEMTNGPT2-base, FIBTTIEAIMERE (KD)
EIRAARICR BRI R E AR, EBEGEEDollyEval, 537 N H _ERANE] B A 8] 2 B
T FRZRTRSCE, B A SR SR RN HLANR6 TR, TR AR #% T ROR B WK A R
TR T R o

Table 6: H A2 BREFALNZEERCRNS EE - DI RIS B N 28 R S 17 5 -

R ] JZ RS RR | Rouge-L(1) | GPT4-score(?)
RIS | 22.9847 | 18.66
eV ) | 16.9077 | 15.14
BORANEGHIN TN | 23.6245 | 20.86

5.2.3 ANFEIFH R ZHK R HELR R

SR E 337 B HR [E] Z 3 2k v BB A R R R IR R R BT B R R R R R, Ao
B A A2 5% 8 L Cosine Similarity « “F# 4N R ZEMAELL K )/ 1% ZMSE = Fi i 2 56 41,
PLGPT2-baselE N A A | GPT2-xlargelE A EIM Y | 15 2| fIRouge-LE 48 %% 5 % B 40
F£7, FIt, SEGERFE T RUERET FIMSEVE N H 6] )2 25 M85 K R

Loss Function ‘ Method
‘ KD+OurMethod ‘ SeqKD+OurMethod ‘ MiniLLM+OurMethod
Cosine 22.1 17.2 17.8
MAE 17.4 124 15.6
MSE 23.6 18.4 19

Table 7: AR A [A] RZERIK R EEE R « PR A& Rouge-LighRax = i

PP ET SO E AR, 9100059285, KR, . 20244725 H %28H
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6 Mzt

A=)

SIS, ARSCRRH T — ARt A2 e CORE B R AL A7 Uk 2 2808 2 S5 | TR R K
WVZRTE T, KB L E AR VURR o P (AR AR R G - PRIBLEIRXSST - PEERAITE
DUR AR BB AL Rl &, F-RF L 8] 2 2% VB VAR 2 FPEIA 10 Ok H 228 T B & A UK
B S RBLZIETIRF - BATE K PR 2208 A8 R T A ) Transformer i A5 23 2814 {H H [A] J=
NFERGEA AN FI AR R, 3t T — M 0 T 5 A i A AR 28 PR RSOR B A 1 B & A A
RIEFRBZNETTE - L9, B R W R IE B D MRS = MR 2 AR AR 0 Z
SRR EPRTS T R A AR T IRRRCR, JE T BT RIS R R T ER R R
M, R A AU TE S RISl i AR AT (R ) o (R R 7R TR T R SRR -

7 B

ZHIREE T EXR BRRIEES (62106105) ~ CCF-H EMA R E 4 (CCF-Baidu202307) -
F RS AR ERI R SRS (YQR21022) FIREMZ MR K mERET P & FI3CH -
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Table 8: 525l —, DollyEvalZiiE£EFE<-[E & X}

DataSet | DollyEval
Instruction ‘ What links Brazil, Uruguay, Mozambique and Angola?
Input -

ground truth ‘ Colonies of Portugal

Table 9: SEBIl—F 2B IEA RIS - IEEORIETEGIA T HA TR H A A ZZR R T -

Model ‘ Response
Teacher ‘ Brasil, Uruguay, Mozambican and Angola are all countries in South America.
SFT w/o KD African lion hunting.
KD Regions of the World.
KD+OurMethod All of them are famous Portuguese islanders.
SeqKD Brazil and Uruguay
SeqKD-+OurMethod These 5 countries are all part of the South America.
The African continent is made up of countries that share a border.
MiniLLM Brazil and Mozambique are on the Atlantic and African sea and Uruguay
and Angola are on the Pacific and South American sea.

MiniLLM+OurMethod | Brazil, Uruguay and Angola form the African Free Trade Area (AFFTA).

Table 10: SEf =, SelfInstZ( I HETE S EE X

DataSet ‘ SelfInst

Instruction ‘ What sound does this make?

Input ‘ T

ground truth ‘ h&o

Table 11: S5 & 2= ELE A E -

Model ‘ Response
Teacher ‘ This does not make any sound.
SFT w/o KD ‘ This makes a sound when the strings are pulled together.
KD This sound is a mixture of two other sounds: a truck horn and a working

noise machine.

This makes a lot of sense. It makes the listening experience more enjoyable.

When you are driving on a windy road, you hear the woodwinds and also the
KD+OurMethod small wailing of babies. The sound reflects off the wind and makes you want

to get out of

the car faster.
SeqKD This makes a close approximation of the sound of a car horn.
SeqKD+OurMethod This makes a sound similar to a dog’s bark.
MiniLLM Aah
MiniLLM+OurMethod | Hai

8= m S
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Table 12: 3£ =, VicunaEvalfiEE+s 4 -0 5 %}
DataSet ‘ VicunaEval

Given that f(x) = 5x"3 - 2x + 3, find the value of f(2).

Instruction

Input ‘ -

To find the value of f(2), we simply substitute 2 in
place of x in the given equation of f(x):

£(2) = 5(2)°3 - 2(2) + 3

£(2) = 5(8) -4 + 3

£(2) =40 - 1

Therefore, the value of £(2) is 39.

ground truth

Table 13: SEf| =/ R HEANREIE -

Model ‘ Response

Teacher ‘ The value of £(2) is 7.
The value of f(x) is 2. The reason it can be found in two ways is that
SFT w/o KD the square of both those numbers is 4 with 5 as a reminder, which is
4 with x as a capital, so the value of x is 5.
KD 2*f=5x"3
Given that fx is 4, we can subtract sum of 4’s value from the number
KD+OurMethod 2 and get the result of four’s value. Therefore, f(x) is 4.
SeqKD la = 2x/c, so bx = bx
SeqKD-+OurMethod find the value of f(x -2, x -3, a -1) = 5x°4
MiniLLM F(x)=5x"3 - 2
MiniLLM+OurMethod | f(2) = 4.

Table 14: £, S-NIEIEETS S-S5}
DataSet ‘ S-NI

In this task, you are given a text of the article.

Instructi . . . . .
nstruetion Your task is to generate a headline (title) for this article.

americans have to wait probably another year before they can

Input . o
Pt relish succulent indian mangoes .

ground truth ‘ time not ripe yet for indian mangoes to hit us

PP ET SO E AR, 9100059285, KR, . 20244725 H %28H
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Table 15: SCFIPY & 25 EE R EE -

Model

Response

Teacher

Hurray! An indian mango is finally here!&nbsp;&nbsp;The wait is over.
Americans now have exactly one year to enjoy these juicy and juicy
mangoes before they go extinct.

SFT w/o KD

The article will talk about the newly released indian mangoes and their
pleasant aroma.

KD

KD+OurMethod

There are a lot of positives and negative aspects to American food culture.

On one hand, everyone is starving and needs food. On the other hand, American
food is tasteless and does not inspire any kind of food-like expression. The

best way to understand this is through the food culture. Let’s call it the

BIG. The Big is an expression used to describe the large number of calories

eaten by Americans during the summer. So this article is about the summer

calorie explosion.The phrase translated to the Big is: "BOMB”.

The article you are provided with is ”India, USA and S.Africa take centre
stage in food and grooming industry”. Therefore, you need to prepare a
title for this article.

SeqKD

SeqKD+OurMethod

The next year Indians will relish succulent indians. The reason is that
bitter taste and smell of mangoes generate an indigestion in the stomach
which causes a retention of the taste. Also, once the mangoes ferment long
enough, they start to turn into a liquor. There is a law of evolution, indian
mangoes and grapevine juice will homogenize.

americans have been waiting for decades to relish succulent indians mangoes.

MiniLLM

MiniLLM+OurMethod

Americans have to wait probably another the year before they can enjoy
succulent indian mangos. Much like shooting fish in a barrel. Or intelligence.
probably another year before they can enjoy succulent indian mango...

Table 16: S| 1, UnNIEIRETEA B E X

DataSet ‘ UnNI
. You will be given a set of words, and your task is to find the
Instruction
word that has the most anagrams.
Input ‘ Words: [lives’, 'debit card’, 'cried’, ’shoulder’, 'impatient’].

ground truth ‘ The word with the most anagrams is ”lives.”

B =P E R F SRS WRE, 91002592801, KR, I, 20244£7H25H %28H .
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Table 17: S| A2 EERKEE -

Model ‘ Response
Teacher ‘ "lives’, ’debt card’, ’cried’
SFT w/o KD 711YCS ) iick_)lts”, CI'l?d , sh017171der , and “impatient” are all anagrams.

Lives’, ’cried’, and’shoulder” are not anagrams.

words: ’lives’; ’cried’, ‘shirt’,’shirt’,’shirt’, ‘cried’,’shank’, ’caught’,
KD ‘caught’, “Vote’.You will be able to find the word that best fits in the

given set of words.

I H L) : 9

KD-OurMethod ’Herfe al,'e, the wor(,is that,.have :che ’most anagrams:- ’lives’, ’Debit card’,

crying’,’shoulder’, and ’impatient’.
SeqKD Here are the words that have the most anagrams:

Here is a list of words that have the most anagrams: [’lives’,

’debit card’, ’broken’, ’impatient’];The word ’cried’ has an an anagrams:
SeqKD+OurMethod [ . i . ) .

ed +OurMetho ’cried’, ’broken’, ’cried’.Words that do not have anagrams include:

’crying’,’shoulder’, and ’impatient’.
MiniLLM :’I‘he most”anagrams can be found are: ”lives”, ”debit card”, ”cried”,

shoulder”.

Popular anagrams for ’lives’ include ’prest’, happy’,’slaughtered’,

’alive’. Anagrams for ’debit card’ include’stayed’,’somewhat’, ’purchased’,
MiniLLM+OurMethod | 'watched’, ’attracted’, ’behaved’. Anagrams for all others include ’dead’,

’different’, ’error’, ’found’, never’, ’forgot’, ’decide’, ’likes’,
’unaware’,’sees’,’ more’.
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