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Abstract

While current Large Language Models (LLMs) achieve high performance, their
enormous number of parameters makes them difficult to deploy in environments
with limited computational resources. For this reason, model compression tech-
niques known as knowledge distillation have attracted increasing attention. Knowl-
edge distillation is a technique in which a large model (Teacher model) and an
untrained smaller model (Student model) are prepared, and the student model is
trained to mimic the internal states of the teacher model on training data samples,
thereby reducing the model size while maintaining the performance of the teacher
model.

Besides, explaining or visualizing the inference process of LLMs is also impor-
tant. For example, indicating which words the model attends to during inference
can be regarded as a way of explaining the model’s reasoning process. However,
previous studies have pointed out that the student model does not necessarily
attend to the same words as the teacher model during inference. This suggests
that the explanatory capability of the student model may be degraded compared
to that of the teacher model. In domains such as finance and healthcare, where
not only prediction accuracy but also the presentation of the model’s reasoning
grounds is crucial, a reduction in the explanatory capability of knowledge-distilled
models can pose a serious problem.

This study proposes a knowledge distillation method that transfers not only
performance on downstream tasks but also the characteristics of the teacher model,
such as which attention words it focuses on during inference. Our method extends
the existing knowledge distillation method by incorporating a new loss. This new
loss serves to minimize the difference between the important words to which the
teacher and student models pay attention. It enables us to train a student model
that inherits both the inference performance and the explanatory capability of the
teacher model.

First, several analyses were performed to examine the differences in attention
words between the teacher model and the student model. Using the natural lan-
guage processing benchmark dataset GLUE, BERT was employed as the teacher
model and student models on eight tasks in GLUE were trained using TinyBERT,
an existing knowledge distillation method. For both the teacher and student mod-
els, the importance of each input word was computed using Integrated Gradients
(IG), and words with high values were extracted as the model’s attention words.
The results of the analyses showed that, even for the same input, the student
model tends to perform the tasks by attending to different words than the teacher
model. Furthermore, compared with fine-tuned small models obtained by reducing
the number of encoder layers in BERT, namely BERT-Medium, BERT-Mini, and



BERT-Tiny, the student models trained with TinyBERT achieved higher task per-
formance, while exhibiting a lower agreement in attention words with the teacher
model.

Based on these observations, this study proposes a new knowledge distillation
method that aims to increase the agreement of attention words between the teacher
model and the student model. Specifically, when training the student model, a
new loss function is defined and used such that the student model pays high
attention to the words attended to by the teacher model. First, in the same way
as the analysis described earlier, the importance of each word is computed using
Integrated Gradients. Next, the softmax function is applied to normalize the word
importance scores so that their sum over all the input words equals one, obtaining
a probability distribution of importance (hereafter referred to as the “importance
distribution”). During training of the student model, the difference between the
importance distributions of the teacher and student models is minimized. In this
study, the similarity between the importance distributions of the two models is
measured using the soft Jaccard coefficient, and a new distillation loss is defined
as the value obtained by subtracting the soft Jaccard coefficient from one. Then,
a new loss function is defined as a weighted sum of this loss and the distillation
loss used in the existing TinyBERT method. By updating the model parameters
to minimize this loss function, the student model is trained to mimic not only the
internal states of the teacher model but also the attention words during inference.

Experiments are carried out to evalute the effectiveness of the proposed method.
The teacher model is BERT with 12 Transformer layers, and the student model
is either TinyBERT-6L (6 layers) or TinyBERT-4L (4 layers), both of which are
knowledge-distilled models obtained during pre-training. The student models are
fine-tuned on eight tasks from GLUE. TinyBERT is used as the baseline knowl-
edge distillation method, and the proposed method is compared against it. As
evaluation metrics, in addition to task performance metrics such as accuracy, we
employ the Jaccard coefficient and a Ranking metric to measure the degree of
agreement in attention words with the teacher model. The Jaccard coefficient is
defined as the Jaccard coefficient between two sets of top-K important words of
the teacher and student models, which are extracted using IG. In contrast, the
Ranking metric indicates whether the top-K important words completely match
between the teacher and student models, including their ranking (1 if they match,
and 0 otherwise). The average of the Jaccard coefficient and Ranking metric over
test data samples are computed as evaluation criteria. In addition, the value of K
is changed from 1 to 10 and the metrics for each value of K are calculated.

The experimental results show that there is no significant difference in down-
stream task performance between TinyBERT and the proposed method. This in-



dicates that incorporating the proposed loss does not substantially degrade model
performance. For the Jaccard coefficient, improvements were observed across all
tasks and all values of K. The proposed method was particularly effective on the
SST-2 task (sentiment analysis), where improvements of approximately 20 to 24
points were observed for TinyBERT-6L depending on the value of K, and improve-
ments of approximately 12 to 19 points were observed for TinyBERT-4L. For the
CoLA task (linguistic acceptability judgment), the baseline already achieved a
high Jaccard coefficient, exceeding 0.86 at Top-9, the proposed method further
improved this score by approximately three points. For the Ranking metric, the
proposed method performed slightly worse than the baseline for some combinations
of tasks and values of K; however, overall, it outperformed the baseline. Since the
Ranking metric takes into account the ordering of importance scores, it is a severer
evaluation metric than the Jaccard coefficient. Consequently, although the overall
values of the Ranking metric were lower, improvements of approximately 10 points
were observed in some cases when K ranged from 1 to 3. These results demonstrate
the effectiveness of the proposed method in enabling the student model to inherit
the ability to attend to similar words in a similar order as the teacher model.
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sentencel: Amrozi accused his brother, whom he called “the witness”,
of deliberately distorting his evidence.

sentence2: Referring to him as only “the witness”, Amrozi accused his
brother of deliberately distorting his evidence.

label: equivalent (1)
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ADEFEETIUDEHET I, EOFOERZED LSBT DOrE TR
HiENZEMEE . FEE - Attention A F T TR Z LT 2 73
B 7,

DistilBERT[8] 1 BERT Z#fifi€ 71 & LRENBABREEETNTH 5,
DistilBERT (X, 7 74 ¥ F 2 —=> 7 DBFICE T 2 HERZAE DA T L,



HAFEICBWT S, Hi¥EEEAD BERT #7112 LT, ZDONEEEA
SH N EBMT 2EEETLE LTI TWS, BERT D85 X — X%
A0%HNTRL D35, ZL D RREZAZICBWTEWEREZHEF L T\ 3,
TinyBERT[3] &, BERT Z#EfiE 7L & LAREEIC X - TR I h-iRE
REEETINTH S, TinyBERT &, €T NVOHNEZ T TR, FRED
FRAVIKAER Attention D EA DK T 2 Z & T, ET VA4 X2 KIEICHITE L
BB SEWHREERHERF L T W5, TinyBERT OEFIIKEL 2KfETITbNL S,

FERFBEPE (pre-training) HHT¥HE KM Tld, BERT OHATEE THW O

7z Masked Language Model (MLM) % Next Sentence Prediction (NSP) IZ

Iz T, HEEDFEIIREES Attention EHADERE HIY & LK ZEA

35, ZAUTE D, EEETIVZEETO NE R Z RRANEE L, —&E
REBOMREIZEET 5,

TREARIDI7A>Fa—=2T FRERAZADHEIGIZE 5122 BFE (BRER
ZAH) THEiIN5,

F 1P — PREZAY (intermediate layer distillation) %3 HRED
FEALIRRER Attention EEADRMIEKZEA L, AED AR % il
WD % Z T RREZRAIZANBEIGEE S,

2Bk — HABEE (prediction layer distillation) #i\ T ZHifi D H
T (V78I RL) e TF—=RDN— RV EHHLTEEOHTEZ
FEEIE, BEET VOGRS 2 B X ¥ 5,

X 512, TinyBERT OFE T, FRAXRZ TONREZED 272127 — X4k
REPFHT 2 ZepHIohTwad, BEARIICIE, TOT7 =&ty ML TT >
R IICHGERRRA - HIFR - BT 2 2 TEHBRANA VAR RABER L, H
fEEEm Exe 5,

it Fhi &= % X7z TinyBERT 3. BERT OHERZ RN EME L., B
BB OEERELRET LR TS,

2.4 FETFILOWRIBHOEEIRICEI S 3%

W, REFEE T VEHEGERRCERSBUEZ Y DZ L DX RAZIZEWT
NEZEBET 2HREEERLTWVWS, L2L, ZOEWEEEOREL LT, 75
NAEROFE T at 2 3EHE L. ARIice o THEREEZ (75 7Ry 7 2]
Yo TWB I T, EFNLVOHERICE I 2R L 72 2 Fd 8 2 RN itE 5
DL VE WD HEDBEET B,



ZOERITIBA 27D DA e LT, FifEmEE (Feature Attribution) 23t
REINTVWD, FEEREEZ. ST LOTPHKRIINT 2 ANFHEE (B2,
HBDORY 72T XA b OKEGE) OFLGELERNNCHEM S 2 FIEOEMN
ThHb, HFEEINGVREERIE., ETARTZITS LTEELRFRILDE LT
FALEZ e ZRBT 5,

AT, FIRENLRFHHEERELETH 5 Integrated Gradients[9] ZF8/T 5
%, Integrated Gradients (&, 2 AN x &, HEREFLRVWSHEETH 5 —
274 L DO THREZHT T 5 e TERSINDS, ANIRT b
Nz e R ICBT2 i HHORHHE v, OFEGE 1G,(2) I TFOXTEHEI NS,

Y OF (2 + a(z — 7))
=0 Ox;

1G;(z) = (z; — x;)/ do (2.6)
T 2T, Fi3Worlseefmzzdesrr BRI =2—I 132y bY—2DY 7 b
~ v 7 ZHIE) ., 2 ER—=RA T4 URT MLERT, o EHEFREETH D, [0,1]
DHIPFATENTERI LT, R—X T4V 2/ DO AN 2 NDEREEZWE, 20
BIBFETICE D, IG L ROEELZANFHITE 2573,

REE (Sensitivity) H2FHBEBOAZZIIEZL ZIZETLVDOHNBZE(NT S
La. ZORMEBRIFL0DFEEEZFHORETH L VWS RETH S, KD
AELETIE. ReLU % Sigmoid 72 & OIEMHALREED MmN (AREIFIE0 & 72
L) 1ITAS . ANDPZEL THHIHHEL L, FHEN 0 LFIREIATL
F 5 MEN D -7z, Integrated Gradients (&, X—XF7 4 Y ANDPSHEATTETD
PRI > THECZIED T 2 2 8 T, &M LD L 2 THEHTFE T IUIZ DY
B BHEINCIRZ S Z ER[RELE 2 D, HRIAELE TG 7 S AR WRE O N
7z 5o

T2 (Completeness) TE&MEE X, Integrated Gradients (IG) 12 &k > CTHEH
ENTBEANKTTDFEG LD, AT 2 1T 2ETVDOHAEE R—-RF
A2 2 WNTBZETNVOHIMEE DETIZ—HT 2L VWIHETH S, Db,
RIS D 31D,

zmeg:m@—F@q (2.7)

COMHEIZ ETNOTHES EOREZ L b W5 e, BRESh %5
EDOEEHI Lo THEAERKFHHTE L Z L ZEKL TV, D7 Integrated
Gradients 12 K 2 A ET NV OEHE BENTH 5 Z & Z2RALT 2 HERRHOD
—DOTH %,

Integrated Gradients (&, AJJ2VEANCEL L, OO AIRETH L Z & %
AR LEFETH S, LrL. HASHEUHIIBWTE T AADAIIIBER
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BE=2VHITHD, ANZEDDHDZHEHANIE(LZTE L ZIETERY, 0D
% O3 2 72, HASRBUE X X 7 Tld, HEEZEGENR S bUVICERT
LZHDABEDOH 1 AT AR L. ZDOHEDIAANRT FLIZH LT Integrated
Gradients Z 3 2 HEDP—RINCHWS L 5,

B BHHEE w, ODEREZFHMIET 52 7-DI121%, £33 ZOHGEIIIST 2HDiAA
N7 MILDERIT j I LT Integrated Gradients [HZE1HE T 5, HDIAAXIT j
BB IG EHIZ. LTFToXTERSNS,

[QJ:@M_@ﬁ/ﬂmWB+ME—B»mI (2.8)

0 ey

Z 2T, E BANTXEROEDALITH, B IERN—R T 4 VITMIET 5 HDiAA
TR T, ZoRE. R—2X 54 Y OHDAAZD H ATTDHDIAALN LR LIZ
HHEEZ2ZXERL S, ZOBRICET 27 AVHAIOEICH T 2 46 % H#E
NFBHIET, FEHDAAKITTOFEEZFHEL TW5 Z e Z2EKRLTW5,
RAEHNS, B3R v, 2R LTOEBEER AT S, 21557201213, HOAAN
7 PVOBERTTIIM L TEE SN IGHEHEENT 2H4ELH S, 2oL THLA
722a7 S, WREVHEEIZY, ET VO THRERICRWER 5 X J-EE R HEE
ThH?ERIRTZ 5,

Integrated Gradients DFFREIZB VT, —&ANCIE. ETXH [0,1] 2 m EHD R
Ty AWHEIL, V=< K> TEMZITS, TDE =, Integrated Gradients
BRRD XS 1 EN 3,

m / k /

m@wwwggw@gfa” (2.9)
ZZT. mFETOELICHWE ATy BERKT, FRAT v 72 ICHEEHE
2175 REDH 5728, Integrated Gradients DFFE I X MIRX T v T8 m 12kt
BILTHEMS 2, 2T v TBIVNSWGEIITEDELERED R Z {RE—FT.
ATy THEHEPLT Z e THERA LI 2055 BERMEDEINT 5, 207z, %=
HAEFHE IR N EBEDO ML —FA 7 2EE L, #@YIRATy TREFRET S
B 5,

2.5 HIEAEETILC/NEETILOMHEFIRRLDIZEVLICES
ERAY L

AR, HEAE T T e /N T L OHERIBILO B DITE S 250 EA TV
%, Rai 5%, HEEAF IS Lo TEEIN/NIET AN, BlfET NV Bz S
HEEICIEH LU THERRZEITS 22 2 WE LTV 3 [6, 2 DIFFE T, BERT % #fifi
EFLE L THEYE L DistilBERT ¥, BERT-Medium, BERT-Mini, BERT-Tiny



Wo 7z BERT 2/NMIL L7z 7L ZHE L, LIME[7] % SHAP[4] 2 \Wo 72
FOURRRGRBARTEEME TR W T, BETADERICB W CEER T2 HEL S
L7z 2 DGR, FEIWCE L Q3HEZEE T AV NMIET L I D b EWIERE
BRI T HEERILCE LTI/ NE S LD REEIE T L B —RE R
R ZEZHLIT U . ZOWFFEE. R T T VAT 7L O HFEREE
EntiE BT ETninwZ e 2R LTE D, HEEE BT 2 HEmiR
DIEFEE WOREZIEE L TW5, bbb, HEE T ANEETE T L L I[H
BEOHEEELRLZE LTH, BEREDORM L 72 2 /8 (ATH O EEGE) 235
856, THOZ YO — B HEE IR WATREED B B,

2.6 KA DIFHH

PERDHFFRE TR, B EfOTT AN (v y M) O —HXE 3
ZrRHNE LTE R, ZAUTH U, ABFEIE & D HEEDE 7L DR 72 THI]
W DREEM L7200 %2R b—27 VEHEESMIERZ Y TS, Integrated
Gradients Z FHWC b—27 VEEEZER{L L. BT TV BT TIUDECH
FBICHEH LU TTFHEIELITS X558 X823 22T, N7 VofEmRI IR
Hify X8, MG O BN & MIRATRENE 2 6 2 - A 2 28T 5, K
RIS HGRZARE B 2HEME T & AT TV OEEHFEDEWICE H LTz Rai
5 DML (6] ICERER TV, HEEOEEE » LT LIME < SHAP Oofb b
12 IntegratedGradients ZFHWT W2 . £ETADEEMT 2 HFEOHATET
A BEFEETANDERELZIRA T WD R RRS,

REFHRICED, DHOBICERT 2 P2 Y OEREICOVWTHHATET L
DENTEREZEEE T NIRRT, ZETETLVEEREET LD N2 VE
BES P EbE 2 2T, EEEFLVOHGR o 25 ELE N, HiH T a
L ADVEM TN D GHETORBAEE T LVOBEELA X85,



F3E ERETINONGEZRICAT
27th

ARFETIIHEHAAH 2B 3 2 EZRI R M 21T 50 FlTabN7z X 512 RO HIFR
RETIX, BTV oMEERHF T2 2HAE LTBY, Hffier L4
FEET N THGROBRICETANERTH 2 Lilik T 2 HEBEIIHEVWLDH D Z L
MHEXNTNWDE, £3. SEET L L LT TinyBERT Z23&U, WL OhDHAR
SRE 2 2 7 2 W GUCHBZRE 21TV, ZORRERE T %, R, TinyBERT
L FDHTETINTH S BERT & DIEFEREHFEDEWVIZOWTONZIT I,

3.1 X2RY

AFEETIEZ. HARSEWHZMEH T — &ty F GLUEIZBIT 2 80D 35EA &
TR T D, 8ODRATDUME XA DEZREZLLFDENYTH 5,

CoLA XODIEMZAMHIE. 52 N XX GEMICHA (acceptable) 223
DeHES 2 MEHSER R

SST-2 XDIEHE (BIESH) . HOL Y 2 —XHEENLEEN D% HE S
5 _fa R R

MRPC 87 7 L —XHE, 2 DDXDEHKINCFEIFE (paraphrase) 208 5 5% |
ET D MESFEE R

STS-B SO O EBRAVEEDIE M, 2 XD EBRAVEELUE 28 5iE (0-5) THM3
5 [Ells 2 R 2

QQP HR7DEEHE, V=7 LD QA YA b Quora IR N=20o0HE
MIDECEKX - NED»ZHIES 2 fEEHE R 2

MNLI </LF 2% LD BHREiEHER (Multi-Genre Natural Language Inference)o
ATt & AR DR E R (entailment). FJE (contradiction), HiZ (neu-
tral) OWT N ZHIET 2 —fHEEHE R

10



QNLI Hf & XOBEHE, 52 5N OVERIIHT 2% 2 CHEERE &
D PEHET 2 METEHE R

RTE S@EBFRE#HZ R 2, mifde a0 aRBfR (B8 IR 2HEST 2~
R X7

BRAT DA VAR Y ZBI (AN EfRZ Nv) 25K 3.11ITR T,

# 3.1: GLUE KBIF B2 &KX R 7 DY > T 701 (STS-B TIEXHEELE) D
il

ZZ27 | AJ1l 7~V

CoLA | “He go to the store.” unacceptable

SST-2 | “The movie was fantastic and deeply moving.” positive

MRPC | “The company reported profits.” equivalent
“The firm announced earnings.”

STS-B | “A man is playing a guitar.” 4.5
“Someone plays a stringed instrument.”

QQP “How to bake a cake?” duplicate
“What is the process to make a cake?”

MNLI | Aif&: “A dog is sleeping on the couch.” entailment
{E%: “An animal is resting on furniture.”

QNLI | Ef#: “Who wrote Hamlet?” relevant / entailment
X: “Hamlet was written by Shakespeare.”

RTE Ai$E: “The sky is clear and blue.” not-entailed
{RE%: “The sky has no color.”

3.2 FIFEZAE DR DIREE

AETIE, GLUE DB XX Z7IZBWT, BWT, TinyBERT THERZA®E LT
TOLDOMREZ FHE S %, FEROMEEZBEICITbh T3, BE O EEERE T
WHTHRIES %, TinyBERT &, BERT OFHFIFE £ 7L 6 2K SN /-FHh[
BETNADKRETDH D, ZOHAMFEFRAZKEETNZMMET L LT, GLUE
DERAZIIH LU THEREZITS C THRRAZICHGIEI2RERD 5, K
KThuR, ZOFERIFEEORED S BERT EF L2 RETILEND B0, &
EEETIXHETNCABE XN TW2 TinyBERT OIHAERIFEET L EFHET 2
T, ZOFREEERT 2, AEBTIE TinyBERT ONBHERI¥EETLE LT
TinyBERT-4L ¥ TinyBERT-6L ZfH\ 2%, ZHHIEETILAIEODO LY a— K&
DN ZENZNAE, 6 BTHAIhkR T, HMET/NLE LT, BERT-base %
GLUE DX AZIIM LTI 74 ¥ Fa—=V 7 LEETALEHAVS,

7 3.2 ICHEHE T L DMRE ¥ 7Z8 U 7z TinyBERT-4L ¥ TinyBERT-6L OMHE%
R, MR, [FIRZ A7 TH 3 STS-B X X 71 Pearson correlation, 4358

11



KRR 7 Td % CoLA IF Matthews correlation, Z LN D73E KX X 713 accuracy
THb, TNBHFGLUE THHAINTWAiHEEIETH 5, 2B, MNLI X2~
¥ MNLI-m ¥ MNLI-mm D 229D 7 A bt v b 3H 375, Zhbd 2 DODEEEK
REHETWS, MNLIm EFJI T — X R R XA YO T bl
57 ANty bTHDH, MNLI-mm 1$87%2 25 RX A YOY A oINS
TAMEY bTH2, ZhZN in-domain(FffT =X T AT —=XD XA ¥
MET) & out-of-domain(FIFRT =X & T AT =KD KX A4 UHHERIZ D) DIRE
TOETINDFHIIZHW 2,

# 3.2: i€ 71 (BERT-base) & TinyBERT DIHRELLEKL

Model MRPC CoLA STS-B RTE QQP MNLI-m | MNLI-mm | QNLI SST-2
Metric accuracy | matthews | pearson | accuracy | accuracy | accuracy accuracy accuracy | accuracy
BERT-base(FineTuned) | 88.245 53.393 87.952 72.922 90.883 84.554 84.469 91.453 92.433
TinyBERT-6L 86.275 48.724 87.701 63.899 90.873 82.425 82.669 90.335 91.743
TinyBERT-4L 85.539 37.480 87.407 63.177 90.124 81.803 82.170 87.058 90.940

TinyBERT-6L. TinyBERT-4L & $12, CoLA X X7 1ZBW\ T, H#HAEEET
NOFEELRMRIKTIPRERONS, FRCX DT A4 XD/NX W4 BDETILVTHANE
TNEREREDND D, —Ti, ThLS DX R 7 TIE, RRETVEEETE TV
L AREOMREZ RS Z L MR T &7,

3.3 ETIDOIEHFEDEVDOIN

AT, HBEBINZET LV (ERETL) EZOHEFET L E T, FiiiX
27 B R BICETADER (FR) LTV HEOERESNIT 5, T/, Hik
EHELLETNVEFARBED R X R 2RO/ NMIOFEET MOV THIERR
FEDEWE T B,

HEfET L LT, FRZARAZIIHMLTZ 74 vFa—=27L7=BERT #H
W3, HEEE L7=E7L e LT TinyBERT-6L ¥ TinyBERT-4L Z w3, Z{
HIX32HICTHMAE L7z ET LV ER U TH 2, /MUDFFEET L E LT, Hii¥H
#AD BERT-Medium, BERT-Mini, BERT-Tiny % "X A7 T7 74 > F 12—
=V LRETAZHWS, TNHDETAZENEN, 8, 48, 2O >
a—-XEERL., BT D 20 e 512, 256, 128 ICHIB X, EF L9 A
AHHENENTNVS (10, A TIE, HBEEETLE I 74 v Fa—=0 T &
NINIET L DIFEHBEDEVWDEET 5,

3. GLUEDZNZFND R R 70T 2K ET NVOMRER K 3.3 12" T, BERT-
base, TinyBERT-6L, TinyBERT-4L D3R 3.2 DFEETH %, TinyBERT-4L
A L2V 20b 53, 68D BERT-Medium & R EDOMEREZR £ <
DRRAZTERL TS, THUIHEAEIC L 5T, I DRI X —XTH
fIET VO EFE TETVWA I 2RT, TRhLE, HEAHEEZHVET
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ADFFH, BIICEREZRS L72ET LI D E WS HIETE 22 Z2RL
THED., HFHEENHL 2T AN TR S R RAROER 2 EH L TV
5 DIEETDH 5,

#% 3.3: GLUE O FRZ 227123t 2870, Mg e 7L, MIeFLo
PEBE o Lo

Model MRPC CoLA STS-B RTE QQP MNLI-m | MNLI-mm | QNLI SST-2
Metric accuracy | matthews | pearson | accuracy | accuracy | accuracy accuracy accuracy | accuracy
BERT-base(FineTuned) | 88.245 53.393 87.952 72.922 90.883 84.554 84.469 91.453 92.433
TinyBERT-6L 86.275 48.724 87.701 63.899 90.873 82.425 82.669 90.335 91.743
TinyBERT-4L 85.539 37.480 87.407 63.177 90.124 81.803 82.170 87.058 90.940
BERT-Medium 82.100 47.640 84.126 68.230 90.380 80.640 80.610 82.730 91.730
BERT-Mini 76.470 29.380 82.430 61.730 89.834 79.010 78.520 81.510 89.230
BERT-Tiny 69.850 12.240 79.850 61.010 84.210 69.790 70.400 79.160 79.340

iz, EFEETADPHERRIFICBETE T L O RIC & 5 BEFRICIERL T
WD xR 7 ZFET 5, Ra7 OFHEEOFE 5.1 Hi TR ZH, Z
CTIRZEOWEZARRE, £F. TAMT—XDENETNDA Y AX  RITH L
THHGED Integrated Gradients Z5IH $ %, 2.4 Hi TRz X 512, Integrated
Gradients IZBHFEDETNVOEREE TR ITIEETDH %, Integrated Gradients 12
FoTEHINLERER a7 DRZIWVIEIZANHEZIAR, ZHDRKE2 WV AL
KEOHFEZHE ST 2, ThzZDANA Y AR Y 2T 2 BEHFEREG L E
RT D, ZETNVEEFET LS LA PNMIETFT VO ZRZUIOWT, k&l
DFECTEHEHEHBRESZHE L, Zho0BEMUEZH 2, £EMOEHMEZH
ZFefE Y L C Jaccard fREEZ W5, Jaccard REDIKE WEEET LT, #
e 7L e [ CHEEICER L. Lzds - THEET 7Lk FRE OFHHEN 2o
YART, BRI, TAFTF—RDA AR Y2 L THETE T L & AT
TOAOEBEHEESGOHELEZHD, Z20FEHEZAENT 5, U, ZoEEE
[Top-K Jaccard (2% 2 FER, ZDRa 7k, BEMETADBATID Y DHEEICHE
B 200REVELEEETNVICEOREER TELLZRTHDTH L, 172
L. HERZEE 21Th W NIEF I OWTIX, Top-K Jaccard (REIHT€ 71
CNETVOFEHEORES ZRIIEFICKR S, SHOSH T, BEEHEED
BKZ105 10 FTELEE, 2h2ho KBIZEH L7 Top-K Jaccard 2%
Z i3 2,
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MRPC

©— bert-medium
#— bert-tiny
A— bert-mini
0.35 1 == TinyBERT-4L
=%~ TinyBERT-6L

o o o
9 o &
o w o

Average Jaccard Similarity

o
i
v

0.10 1

Top-K

3.1: MRPC &% X 71281F % Top-K Jaccard {RE

3.312 MRPC X A 27128 2 HFz&¥ € 7172 6 K/ E 71 D Top-K
Jaccard fREZ R §, NI K Z. #EHhE Top-K Jaccard fRE xR 3, &AM
Top-K Jaccard fREDME . AT T AR/NEETUDBHAET AV ERT L 57
HEEIEH L TWRWZ b b, 2 £33I1RT L1, il T L4
TlX TinyBERT-6L OMERED —FE WS, Top-K Jaccard REUI—FIE WV, FRz—
FTAEE DK BERT-tiny & D EEHEO—BENMRWZ L3R TZ 5, 20D
ZrlE. HEREBIC Lo THELNEET LD RRZ R Z 20T 2 EEEE L Th.
AN O TIEET 2 HELBIHE TN B 20 72> T3,
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ColLA

SST-2
09 = TinyBERT-6L =% TinyBERT-6L
@~ TinyBERT.AL ~@~ TinyBERT-4L pe i
o bert-medium o bertmedium .
#— bert-mini 0.6 #— bert-mini *
081 = berttiny & — & perttiny
-
- & 8
o
@ & @
] g T
Sos Sos
o o
[ )
4 e
g g
H z
05 03 x
-
.
04
. &
L 02 L 3 B n
1 7 3 3 7 : 7 ) g 3 1 3 3 ) 7 : 7 } 3 T
Top-K Top-K
STS-B QQP
061 %= TinyBERT-6L =¥~ TinyBERT-6L )y
- TinyBERT4L ~- TinyBERT-AL —
< bertmedium + bert-medum i
s ) - bertmini 05— bertmini s
= bert-tiny - bert-tiny i o
e >
04
E E .
& 5
. B
Bos H
] ]
& & o3
P o
B F)
©o02 °
g g
I 2 . 2
02
01 - -
"
i .
00 " o] .
T 7 3 7 7 } 7 3 g 3 T 3 3 ; 7 : 7 3 3 T
Top-K Top-K
QNLI MNLI
00| == TnysERTSL v TinyBERT6L
~@~ TinyBERT.4L ~0~ TinyBERT4L
o bertmedium o bert-medium
o bertmi 05| bertmint
035 = berttiny 5 = berttiny
- S
Eo4
& 5
T T
o © 03 -
-3 - -3 - -
§ o2 & - 5 . "
E = z -
. by H
ol 02 -
01s{ &
p’ .
| r -
¥ "
010
1 3 3 ; 7 B B o 1 3 3 ; 7 : 3 T
Top-K Top-K
MNLI RTE
o TyBERTeL ] o TinyBERTOL
051 == TinyBERT-4L i 440 0= TOyBERTAL
bertmedhum bertmedhu
o bertmini o bertmini
- berttiny 035 | = berttiny

a B 025
T o3 =
8 g
H £ o2 .
@ P -
-3 g
5 5 o1s
802 T
E E
.
010 = -
- i @
01 a 005 -
" "
0.00
1 2 3 4 7 s 3 1 1 2 3 4 7 3 9 0
Top-K Top-K

(g) MNLI-mm (b) RTE

3.2: xR 2728 BFEEHEGERBE A a7

fhod & 2 7120t F 2 EEREREK 3.2 1275, QQP. SST-2 12BF L Tld MRPC
C ARRICHEEIZRE 7 vV NEE 7L X D B Top-K Jaccard fREDMK < 72 2 {EH[A]H3
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ATz, MR ZA 7B L TE—80 K T/MIETF L XD 3 Top-K Jaccard £R%UX
E otz A UHERZAE T L TYH A XD 8R4 % TinyBERT-6L £ TinyBERT-4L
ZHEE3 5 v, STS-B. MNLI, RTE (2B L CTl&, HEEDE W TinyBERT-6L D5
23 Top-K Jaccard fREDMEWEA DR S0, HREDO & X L EEHEO —BEICT
DD 2 L HHERTE %,

PULED o, FATHETOIEROM D . HIEZAE € 7/ NEE T L & TGN
BTV B ZHFRICEH L THGRZIT O 7 — AP E L 5 Z e PRI Nz,
KRR T D2 & 085 R ZBDVNE WVEFANKBMEP IR I 2 2 T, HIZ
NI XZRHRT 2720 OFEIDDEVEELZRTIENEL, Ll
EDEWZ &R T, RS RO ZRT 2 IOV THHETE T L & [FFF
DREN BFE o 12ETNLTHBZEBNLEFT L,
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F4E IEHFETHIE I HHE

-I—I—m
ARH

AR

(a3 J

HIEDER? S, HEBEEETAPEARRZRAZ IR L TEWEREE R T —7
T, HEFAE ZIT o TO0ROW AT X=XV WNEE TV e FLEE LT, 2K
BTN O THERIRIL 3 2 HEEO—BENMRWT —ZANZ N 3hdr - 7z,
ETUHNEERT 2HEBEITETNVOH OB EFHHT 2D TH 50, HHA
BilkoTHEohAERET VAT ET LV E FREDOHHR N ZHT 52 Z 8 h
EFE LWV,

ARETIE, EREETAZFHE T 2BICAMET Ve R CHEICER L CHa%
75 &5 RTHEBEMEEA L, N EHFRZAE OBFOEEEBICHAAT Z
T, FEE  HEERRIL O W CHATE T /T WIR 2 W E R TEEE T L EMHE
T LFERERET 5,

4.1 REFE

REFHEOMEZK 4.1 1R T, RARFEIEFRIHFIZRT Stepl & Step2 D 2 BEFET
MR X5,

Stepl T, HEHE TN EEF-ETNDRTIZFE—DER F—2%E AN L, Hm
FEIRIZHT LT Integrated Gradients Zi#H 32 Z & T, ANT—RIZBIT2EH
BOHEEERa7EANT S, ZORATEETANANLHO Y OBEE Him
DR LTEEMHL TWAED (EELTWSD) 2RITEETH L, Thrho
EFIMZONVWT, ANXHDOETOHEIIHT 2EEEDSM (LN, Hic THE
FEA ) L IER) ZIEKT %,

Step2 TlZ. Stepl THOLN 2 DOEEE M OEEEZ ED 5 /- DHEK
B EERT 3, COEKER/MET 2 X5 CERETLVEYEEXEZ LT, &
EETFVICHEE T L FMOHEEICER L TRz iTbx8 22 2HS,
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. step 2
: Q Integrated Gradient | ereee e .
Teacher I II (_..._: :
; alllan 3 ;
[j Teacher Impotance Distribution @ el L

Training Data I I
II.II

X 4.1 REFEOME

AR T, BEAETLE LT RRRAZICH LTI 74 Y Fa—=r &N
BERT €7 VZHWS, HFEZAEOFEL LTI TinyBERT ZHH T %, Tiny-
BERT 128 2 HEZAE Z, 2.3 BiTilbR7z & 512, FHHIEE BT 255258,
T 74 Fa—=VRITBI 2HGERZAE O 2 BRFETITh., BEITE SICHRHE
AR HERED 2B T oD, I 2 TIEHRIFE OHEEEDNTE T L
NEETNAEZOHOEFET L E L, TOUERIRREE E2ITVWOD 7 74 VU F 2 —
=V 7T A, HOEEBICBOWTIRE T 2 AR EHAAD,

4.1.1 EEHZFEOHE

HEIET NV o NIAEEE T VOGRS 1T 2 HEEHGE 2L 5 5 577KICD
WTR 2, BEARMNIIZFEOBRICBVWTEE 7T —2D 1 D2DA Y ARV A1
\Z Integrated Gradients ZH#EHA L. ZDA YA X Y AZBI 5 TN ZHNDHFED
HEER a7 28BN T 5, SST-2 XA ZIZBIT S 4 Y RAEX Y ZADHI%E LIRS,
SST-2 Z X 71%. BZoNTTXBEEMNLEENLZHET 5 fETEHE R
TH2, FHMOFIIETADTHINE Z LIS 5, ZOHITIE. THIZ
AL 10 13 negative(TER)) 1T 2,

il
sentence: seem weird and distanced
label: negative (0)

TDA VAR YA UETADRTHETIRE, AN =27 zh8lxns,
MUTRE =27 58 OERTH S,

I —2 V4. [CLS| seem weird and distance ##d [SEP]

18



[CLS] & [SEP] 134k b —2Z > THD, b= FAFIC o THIMEN S, #4d
W3Y TV —RFRTHb, y7V—Frld, HiEZ I oI nEILIzdDTHD,
BERT @ + =72 4 ¥FTIEIRABEIINLTYH 77— FREIBfThbh b, Lo
T, distanced 23 distance & ##d IZPE XN TV 5

DESNTHK =2 > (HEE) 1ITH L. Integrated Gradients Z#H L. +—72
YDOEDIABARY P DERTTITH LTRK (2.9) ITRTIGRa7ZH M T 5, &
I, HDIABNRZ MADERITEDIC RAa7 2 ENT e THN—2 VY DE
HER a7 BT %, BERT OH®DAHLNY FIUIT68 KTLTH 5720, & —
IR LTT768 D IG Ra7 2R T 252 il b, HDIABDRITTD IG R
a7 EENT 2HIEICEIELRSDODND 20, AKX TIEL2 /vaxHwd, §
BB AVARYAnIZBIE =0Vt ITNTZEEERaT S, 2R (4.1)
TXKRD %,

Sn,t - HIGn,tH2 (41)

ZIZTIG, BA VAR YA n D=2 2 t TBIFZ2HDIABLNRY PILDER
JTCITNT 3 % Integrated Gradients DfEZ ¥ & 727 ML%E KT, BERT Tl
DIABNRZ PILDITEEIE d = 768 TH Y, IG,, € R™® v 725,

BRI LT, ISR LZSST-2D4 VAR YR L, 774V Fa—=v
&N BERT €7 V2 HWTEHZINZIG Ra7 2K 4.2 127R7,

% 00s
5 004
Ed
g 0.02
g
o il ol

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

(a) [CLS] (b) seem weird m) nd

4.2: Integrated Gradients I & » THH XNt — 27 VHEBHABLDZERITD R
ay

K42 D% b —27 2BV T, HIHEDIAAR Y MLOXITEFR L. M
RICIEHTAIGCRAT7HET, 2/ VLA RHAVTE N—2 D IGERENT 3
. K430 X5 RBEBRERa7HELNS,

[CLS] seem ‘weird and distance  ##d [SEP]

1.069e-01 2.885e-01 5.476e-01 2.342e-01 4.646e-01 3.333e-01 2.710e-01

43: L2 /N AKX TENINEE -7V OEEEZaY
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CDR—=7 VHNIBNT—HFEHETH S LiHMiiZN7zDIE Tweird) THH, X
WT lseem & ldistance] DVEETH S tiHMiicLTW53, 77— KKK
=22 Ra7DEDIROENTVWED, AFETIEZINS ZHIBR L 72 D R
L7bEd. Z0FFEHRI, ZOLIRXEA VARV AND b =27 Y OEEE R
a7 ZBEMTEI T, ETADNEDOHGEICHER L THEERZIT o TV % 2 % &1l
T 5,

4.1.2 BHEEDHDIBE

FETEH LS N—2 v OEEER a7 Z2HWT, #ieFLeEEETT L
DEBEEDHENERT 5, BEERERAT S, 1 3& =2 T LOTFRNCE X
P2BORKREIERTIFADR D 7 —fETH %, AHFETIE, ZOEEERa7
EZDEFHVEDTIE R L, WHERSMIELL TH OHEHZERE D DEKE
BEFTHET 2, KEOEETHENEZ X512, b—27 > OEBEEDERD i % AR
T TEHEESMA) X,

Integrated Gradients IZ K> THEHINIZEEE X a7 OEHOHFMIX, 1 > ALK
VAZCIWCRELS BRZAREMEDS D 5, HEXMETIIRELERS>TDH, HA VR
&2V ZANTOMMHZRBEERIZEL L TW3EE08H 5, LirLl, EEEZaY
DIEIHEE ZDEFHWS . ZOMEMNREMEEZIELSIEZ 22D TER
W, ZOMBEERRRT 2720, BEEER a7 BHERDHICELT 5, MRS
DETIE, HA VARV ANTO =27 VOEEERa7ZERILL. £ b—
7V DWMERDEFD 112225 KO WHHET 5, Zhuck b, EEEX a7 Dt
I 2 — MTIRTFRE S, [RA VARZRVANTED b —27 VY OFREEEED
WO HENBIRIERERETE %,

BARANCIE, BEEESMIZL RO TS E TERT %,

1. EBEESHORERT—U VT DEA

A VAR An D=2 t TBY2HEBEHERAT S, ZIREARTFTX—& 7T
PRES 5,
Sn,t

g = —= 4.2
Sn,t - (4.2)

BEART A =& 113, BEEESAORIEZGHIHT 2N, =T X—RTH 5,
> 1 OHE. BRERSEIFELIh, KDE—RERSMIIAOL, iUtk
D, HEENFEED b —27 b D IEEREIVERIEI D Y To NS, —H,
T <1 DA, HERSMIFL RD, BEEDEWD b—27 UADOfEREH IR X
N2, T=1DHEEF. Rr—V 7 %2{Tb3, TOEEER A7 2 ZDEEHWV
52 WHYET 5, AR TIX, TRERICBWT, W O DOREE LA
R, BRI TRERZRBEST 2 e EMTH S L HBI L=,
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2. VI by RERIL

RIZ, A=V ZHBORa7wY 7 vy 7 AEBTERIL L. HERDAHIC
5 5, BEMETNVOEZEEM pl, 1330 (4.3) TIEHN 2,

n,t

exp(sy, ;)
pg,t = L 7t T (4'3)
D=1 eXp(sn,t/)
FIREC. AT 7 L OBEEESM pS, 13X (44) THONS.
exp(sy, ;)
pg,t = - (4-4)

ZtL/zl exp(s;j,t,)

TITs sy, =S0,/T BBENETNORER S — ) Y ITHROBRERAT, s, =
Soi/T BERETNVORER T —Y) ¥ 7ROBEBEER A7 2HRKY, L34 VAR
YA D=2 YEERT, TOERLICED. L pl, =120 Y p8, =1
Tl THERDMEAE SN D,

4.1.3 BEESHZHAV-IERBEK

BIETHE L AEEESHIIET AL OHGEICER LTV I 02 RTHDT
Hb, RMFETIIERETNVOEEEDMHBBENET VDO ENE L RD X DIT,
TROLEFETADHEIMET NV ERU L5 BRHFEICHERT 5 & 5 ICHIFEERE -
1795, RIHTRZDDDEKREBEIHET 2, EANIZIZ, ZETET L AR
ETNVOEEESMOEZERILL. Zhzed L ITHEEBEREZERT %,

AT TIX, EEEDHOFELEZH 215 LT Jaccard f2REZ FHwW 5, Jac-
card fREE. ZOoDEBOHBEH D OREZ I ZHMEEGDORZSTH-7fHE LT
ERIN, £AMEOELZ Y BSZilIT 216 TH 2, £EH A BLY B IIXs
% Jaccard fREUILLT D (4.5) TEFRI N 5,

_|An B
- |Au B|

Jaccard fRENZ 0 225 1 DEZED. —ODEADPERII KT 2HEIC 1.
WD R WIEEIT 0 8725,

UL LD S, fERD Jaccard REBUE. BERD [8FEh s £ TE8FEhik
W E WO BRI RS ITN L TERSI NI IEETH 5, ZD7=8, Jaccard (R
FEAINZH L TREBETH D, MAOPERTERY, ZOWEIZE D, R NE
WEOoTRIX—REZEHTE2=a—F 1y bV —27DIEREE L L T Jaccard
REEERWS Z 2T TERL,

Z ZCAWFZE T, Jaccard fREUE s8I % B 5 HEER 73 A ITHEER L 72 Soft Jaccard
Similarity [13] ZHW %, Soft Jaccard Similarity . KD Jaccard FREIZ I 1T

J(A, B)

(4.5)
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G0 THEHD ) BXU THIEES) LI BERZHERSMII L TiIHL, 2
NooREZZ2EGEE UTEMT 2 Z 2T, Mol BEiERe LTER
b,

BRI, BEiE7VOEEE % pf. AREETVOEER % p° &
3% &, Soft Jaccard Similarity 133X (4.6) TEE I N5,

T S Zf=1 pg,t 'pg,t
Fonl® ) S (P2 + (05 )2 = S v s 48)
DBFEZOOEEESMONETH D, 1ERD Jaccard FRENCH 1T 2 H@Ei oy DK
XXWIIET B, —H. DRHEENThORHEDO T SHNEEZ5 Wb DT
HYH, MEEORZZINIET 2EZILML TS, Soft Jaccard Similarity &,
LB/ T % Jaccard (REIDHEARI12E Z AL DD, 2 DDERDMITNT 5
LD DM T AT RE RS HERR & U THRRES 5,

AZETIE, HATE T & BT TV OEEE 7 D Soft Jaccard Similarity
Y LTHY, AEETNECL2FEE 2B U T, ST VOEEE )
2 ZENE T VOEZEEIMIEDT 5, BEARINICIE, BEEEMOEZ EEL
U7 751BKRIE Loy 23K (4.7) L EFET 5,

Lsy =1~ Joo (P, P%) (4.7)
ETAEREE T, HEoRKEEZ BN 550 Dic, BERBEKDR/IML
BIREY LTRSS 7 DICHBRIEEZ 1 — Jop ODETERLTWVS, ZHUT LD, 2D
DEZEEJMHRTRII B L TWEEEE Lg; =0 2% D, BEENESVWHEIZ
CHEEINEL 2D L WS EHRRAEBE 5N 5, RFFETRET 5 K
TE XM D HIFRZRE F (BARINCIE TinyBERT) ICfAAL Z 2, T hbDBERET
Y a - EHEPHFORKEBICNEL THW2 Ze 2 ELTWS 0, Al
AR 2 e/ MURTEICEA T E 2 X 5 ICEGEH L TWw 5,

4.1.4 RBEFEFZBUVERFEETILOEE

AWZE TR E TIETH % TinyBERT 255k L. JC® TinyBERT T 541
TAEFET VDO RMERAZ IS 2MREZER S Z ez, BEET LV EFRUH
RBICHEELTHERZIT YO EET V2T 5 2 e 2 HIET, BLchRZ X 512,
TinyBERT @7 7 4 ¥ F a—=V 73 2B TITbN 5, 5 1 BRECTHREE DR
TUIRRESC Attention EAZBENE T A0 LB L7z T V228 L, B2 BT
)8 OFRAVIREES Attention A ZH S 5, AFFETIZZ DF 2 RS TEEE
DD EE BRI U I Hii i BRIE 2 AR,

TinyBERT iCBF 2 7 74 ¥ Fa—=V 7D 2BRETIE,. FHIBZERIER Lo
DHWOND, Lo & BHEIETLOBRY v b (VY7 b FNL) EAEFEET LD
nYy hOBOKRETZY brE—THbh, K (4.8) TERIN S,
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Lorea = CE(2" /t,2° /1) (4.8)

ZZT. 2%l BEhEhEET AL CEEET AL THT S0y b, CE
vy bub—E%K, t 3RE T X —X%EET, TinyBERT OFEERTIX
t=1DFMTH2ELHMESINTED, RARTHRRICHET 5, RIFFEKTIE.
RET 2 ZAMBFIA% TinyBERT O FHIEZARERICINE L, Ra LB
TEFRT D, BRI Z LIRS,

L= Lpred + A\Lg; (49)

T 2T NIRETA2REEFIHOEALHIE T 2N 8= RFX =R TH 5B, \
DEZFET 22T, PHlZ 2 20— I L CERREO—HRE L YN
TEMRT 30T 5,
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E5E FHMERER

AT, BEFEOEMEEIIT 5 7 DM OV T~ 3,

5.1 2EREETE

REFEZUTD LS IEEKT %, HhfieTr 12 LTIE, TH GLUE D& X R
JT774Fa—=r21L7%BERT-base ET NV ZH W5, £HEETILOHIHA
EFLE LT, BFEOHERZEETIETH 2 TinyBERT IZ & o THEIFEH DK T
HEZRE T, RSN TWEETLZHWS, BEERIZIX, 6 8D Trans-
former JE2> HMAK X415 TinyBERT-6L2 & 4 J§ D Transformer &2 SR I N T
W3 TinyBERT-4L2 FiW3, ZNOHDETAEHHIRRTIXZ L, FTRERAZD
TRy PEHWT T 74 v Fa—=v 73 30, REFEOHBMAR OFiE
EHWTAEFETLVEYE T 5, ¥/ TinyBERT 2RX—2X 71 v L. #EF
Ee R RS %,

AEBRCTHIT 2FEEZUNCE D 5,

e TinyBERT-6L: TinyBERT @ 6 JEMRDRNET LV EZFIHOET L E L,
KD TinyBERT OZEEFETHEE LIET L,

e TinyBERT-4L: TinyBERT D 4 BRDORNHETFT A ZHIFOET L E L, 1€
KD TinyBERT OZKHFETHEE LIZET L,

e TinyBERT-6L_IGLoss: TinyBERT @ 6 JEBiRD/NFE TV EHAET L &
L. EFEROBERBEEEHAAATHEE LIZET L,

e TinyBERT-4L_IGLoss: TinyBERT O 4 JEiRDNBHE T L E AT T L &
L. RFEROBERBEMEHAAATHEE LIZET L,

LUK, TinyBERT-6L 38 X Of TinyBERT-AL 2 X— 254 > & L, f8RFIETH 2
TinyBERT-6L_IGLoss 3 & ¢f TinyBERT-4L_IGLoss & tt#§ %,

https://huggingface.co/bert-base-uncased
’https://huggingface.co/huawei-noah/TinyBERT General 6L_768D
3https://huggingface.co/huawei-noah/TinyBERT General 4L 312D
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F—Rtv bk FEBIIGLUE 7—&ty FE2HWVWS, SRX X271 GLUE 57—
REy MZBIF38 DDX A7, TbHB MRPC, CoLA, STS-B, RTE. QQP,
MNLI, QNLI, SST-2 &3 %, TinyBERT Ok [3] T GLUE D7 —X+t v b
2RI FEER 21T o TWwWd, ZOE, GLUE 7 =&ty MIWLTTF—%&
EREZITWV, AT — 2 BREP L TW3, BRI, s — 2oy > S
DHFER 7 VAL AT L, ZRUCY T3 E 2H5E% BERT TTPHlL, Z0H
ECEMT AL TT—RPIWELTWS, ¥/, T—XILERTS5a— RN
XN TW3, AFEENZ TinyBERT 2 RX—2 54 > 2§ 2720, NERFHED -
B, NI TWEa— FEHWTT—2IRE1T5, ZORE, ERE Jto 7 —
2L TENL VY Y TILEHERTD) XA T BIZRD 5N TWVSH, ARHE
BRCTH ZOHIRBIC L 723 o TTF — KLk Z1T 5, 72721, QQP % X2 ¥ QNLI
RAZIZOWTIILIR T — R DEHNZ (. AEBROHBERIRETIXET LVO¥E
WCIEDID D TE S0, HHIREDO T —XIIH LTI Y X ay > 7Y v I 2lT
WYY VRIS 5, ZOBR. VX LB 2TV U TRBROY Y T KD SST-2
RAY CREEICKRS X512T 5, EERICHOWZFIT — 2 Dfiit &£ 5.1 12K
I, A% T — X8 13QQP XA 2 MNLI X R TEI v E Ly TY 7
BOY > INEERL, TODPEBRICHWZEIT —&2 03 > e ins,

£ 5.1: FRAZIZBI BT —XDHEr. TRS) X7 YRy > TV IDE
TOEEE2ERT,

R TR | ERT—Z&E | RS | A% T — %8B | 7ANTF—% &
MRPC 3,669 225,008 fie 225,008 1,725
CoLA 8,552 211,059 i3 211,059 1,063
STS-B 5,750 320,113 4 320,113 1,379
RTE 2,491 68,796 i3 68,796 3,000
QQP 363,847 7,572,066 =] 1,107,510 390,965
MNLI-m 392,703 8,094,053 =] 1,091,538 9,796
MNLI-mm Ak EIl =] Al _E 9,847
QNLI 104,744 1,250,571 i3 1,250,571 5,463
SST-2 67,350 1,107,510 i3 1,107,510 1,821

MNLI/Z MNLI-m £ MNLI-mm D 2 9ODF X vy " 3H 270, S5F9oD
TAMEY PTR=—ZAT74 U6 N IREBEFIETERE IN T VO EREE HIE
T 5,

ETIWEBEONTA—F RBEFEEFETIEDNT X —RIDIFD@ED T
%60

o TRy 7 3

o Ny FH A4 X: 16
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o FHHK: He-5
o E(tTFIE: AdamW

o HEENMIIBIIBM|E T X—& 7. 0.5 (CoLA, QQP, SST-2), 0.25 (STS-
B, QNLI, MNLI, RTE)

e Integrated Gradients D X7 v 78 m: 20

SR (R RO OMEE) 60 L7 E 700 GLUE X 271251 B IR & T
5ERIZE. GLUE ORFABEIIZ LD\, accuracy, Matthews correlation, Pear-
son correlation % FHflifE#E & L TH W %, Pearson correlation (& STS-B % X 27,
Matthews correlation (& CoLA & X 7, accuracy (& Z LD X X 7 DF iR
THbd, BEEDOERZLLNICHNRS,

o Accuracy: 7R X7 IZBIT B IEMBOEEGZ RITIEIETH 5,

TP +TN (5.1)
TP+TN+ FP+FN ’

ZZTC. TPWZEGME, TN IZEREMY, FP BN, FN ZAEEEEERS,

Accuracy =

e Matthews correlation: —fHEZEEHZX XA 7 1281F 2 FHIMRE % L3 2 51 C
HbB,

TPxTN —FPxFN

V(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(5.2)

Matthews correlation =

e Pearson correlation: [All{ & X 71281) 2 FHIE & FEHMEDHEEE Z 713 5
IBHETH 5,
> iy (T = 7)(yi — 9)
Vi (@i =22/ 30 (v — §)?

T ITC i W PHME, y EERME. 2 3 TRED S, g 3EAED %
e

Pearson correlation =

(5.3)

FHEFEIE CERBEEEER) AT 7 UDEETE 7L L HEERIF IS 21T R U BEE
WHERLTW 20 2iHiis 2729, HE OB TH % Top-K Jaccard RE &
Top-K Ranking f5#&E7% W\ %

Top-K Jaccard &, %&Em%’fﬂ/ CEEETUDNERT A HEOER D A
Ml 2EIETH 5, BEMET NV EEREET VD EZNZIUIOWT, ANIKBY
ZEBFEOHEREE LA L. 20 M KFHEOHEREE LTS, K2, 2 DODHEE
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FEHGEE A OFLUE % Jaccard (REE FHIWTHI %, Jaccard fREIE. 2 DDHEED
HBE T OREZIZHEGOREZITEHI -7 DTH 5, BARRZREERMZK5.2
WRT, TORIF. BEET N, EREETAPEET 2 HELZHEELDIHIC 10
M LRR e, Z2heho K 2B % Top-K Jaccard REZRL T3, iz
X, Top-3 Tl Fil5 2 HEZEAY 2 O (distanced, and) TH D, HEADHGED 4
D (weird, distanced, and, seem) Td % 7=, Jaccard fREIF 0.5 £ 7% 5,

7% 5.2: Top-K Jaccard fRE Dt EH

A4 1 2 3 4 5 6 7 8 9 10
e | weird | distanced and seem . but |really | too | yet !
EfEET NV || seem and distanced | weird | . |really | but | yet | too !

Top-K Jaccard || 0.000 0.000 0.500 1.000 | 1.000 | 0.714 | 1.000 | 0.778 | 1.000 | 1.000

TARTF=RIZBIFZ2ETOY > I IZBWT LD Top-K Jaccard (R%80% FH
MU, ZOFEIEZEIAE L, 7 X b7 =X ERITHNT 2 €7 VOFEHRGELRRE D
X ZRTEEE 35, IR, HUZ Top-K Jaccard (& rF Wi 21Xz
FIEZET DD T 5,

Top-K Jaccard (R8I H % K DR R THIE T 2 HEEOEI G Z R 32, HEEDH
BEDIEM A EZ 25E5THRICFHiEE 52 5, 2% D, HEEDIEMIZIERE
SRV, — T, B O/ N ZEN BT U ., BEEHEFEES O K
R—BEPEELTHETE %,

Top-K Ranking f6#1X Jaccard fRE X 13 B b, EfEET LV HAIET L E T
FEHEL ZOHFIEORE—RL TV 202 iHlis 2165 TH 5, HZKD
RERIZBWT, —HRIDHFED S K& HOHFE X TOIEUA—B L TSRS
1. ZhLUNI0 &%, BARIRETRERBIZEK 5.3 13587,

% 5.3: Top-K Ranking 8D &1 HEL{

a4 1 2 3 4 5 6 7 8 9 10
Hbme TN weird | distanced and seem . but |really | too | yet !
EfEET L weird and distanced | seem . really | but too yet !

Top-K Ranking || 1.000 0.000 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

Bz 1E, KA1 ORETIER. BEieTr L e EEET LD 1 MOHENI—F LT
W23 728, Top-1 Ranking 8213 1.0 ¥ 72 %, —/. K232 LIBETIE, NEA A —EL
L TWARW=, Top-2 Ranking 812X 0.0 ¥ 72 %,

TRANT—=RIZBIZ2LETOY Y BN T LD Top-K Ranking 1615 % &
HU., ZOFEEEZFAET 5, IT, BIUZ Top-K Ranking 6] rFEWi-t =
B OEEEZIET DD T B,
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Top-K Ranking f6f81%. % K O CTHEHFED U X b DL —BUk iHffi 3
%728, Top-K Jaccard (R L D L WIEIETH 5, — T, HATOHERICER
THHHEEHZICHEPTETCWEI RT3 2B TE 3,

5.2 TRARRZICT B ETILOMEES

AETIBETET L, R—2 74 V5 NIRBFIRC LD HHAEET LD
RRA R 705 2 ERER G %, R 5.4 1CHEBHNRE LT LD 9 DOD R
R AT BFHEfE R 2R T, KFER—A 574 Ve BEFEICEI LR YA
ZXDHGHREEET LD BEWHOFMEEETHZ e ZR LTV,

£ 5.4: FI&Z A 71233 2 ERE O Lhig

Model MRPC CoLA STSB RTE QQP MNLI.m | MNLI.mm | QNLI SST-2
Metric accuracy | matthews | pearson | accuracy | accuracy | accuracy accuracy accuracy | accuracy
BERT-base(FineTuned) 88.245 53.393 87.952 72.922 90.883 84.554 84.469 91.453 92.433
TinyBERT-6L 86.275 48.724 87.701 63.899 90.873 82.425 82.669 90.335 91.743
TinyBERT-6L_IGLoss 86.765 47.984 87.544 66.007 88.779 82.946 83.018 89.888 90.896
TinyBERT-4L 85.539 37.480 87.407 63.177 90.124 81.803 82.170 87.058 90.940
TinyBERT-4L_1GLoss 85.784 38.323 86.936 67.509 89.004 81.153 82.594 87.453 90.896

REFHEEIMOAR=ZRF 4 Ve FAIFOHRELZRL TV, 6 BEDOETLIZOWN
TlX. CoLA, STS-B, QQP. QNLI, SST-2 D& X 2 Z71Z2OWT, TinyBERT-6L
IGLoss & TinyBERT-6L X D & FHIEHEAEAIMENA, ZDEIF/NE W, #1iZ MRPC,
RTE. MNLI-m, MNLI-mm D% & 2 7122\ T TinyBERT-6L_IGLoss 1&~X—
274 % EEAD, FHZRTE X R 7 TIEENPKZ WV, 4BDET MOV TIE, 9
DD5H 5 DDRAYT TinyBERT-4L_IGLoss (& TinyBERT-4L % LRI D, 6 J&
DETILEERRIZRTE X R 7 IZBWVWTIEENKEL, 2ITVWE, MEDOEIBE
RNV, DIEDS, AR TIRET 2HEEE S MOAEZE R L - KAHEHDE
ANEHEBRBEDET VD FRE R 7120 F 2 HREE K& S HORWZ L HER
N7z,

5.3 AEHEFEOEBIINT B ETILOFME

KEI TR RRTFIEONBEAE FEPE/RET LV ELETET L & EORER UH
BICER LU THREZITo TV 202 i3 %,

5.3.1 Top-K Jaccard R#IC & 2 F 2B FEDRIE DT

N—274 > UTHHALTWS TinyBERT-6L 8 X O TinyBERT-4L D %% &
A28V 5 Top-K Jaccard (REZ 2K 5.5 BLUFK 5.6 ITRT, IEFEEHEAL
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T4 L7 TinyBERT-6L_IGLoss 8 & U TinyBERT-4L_IGLoss D44 X 2 7 1281}
% Top-K Jaccard f2¥i %R 5.7 BIUE5S ITRT, 6L 4 BOZNFIORE
ETNMIZDONT, R=RA T4 ¥ EREFIED Top-K Jaccard (¥ 7z nf b L7z 7
Z7%X5.1, K52 2¥53. M54R3, 2AHDOXKTIE, Bl Top-KJ
D K OfE. #HEfh Top-K Jaccard R ZRT . oy 77 7OKRICRETFELE
NR—=RZ 74 >D Top-K Jaccard (R D =% RT,

# 5.5: TinyBERT-6L(X— 27 4 ) @ Top-K Jaccard f#%

Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10

CoLA 0.498 | 0.497| 0.566 | 0.647 | 0.729 | 0.782 | 0.821 | 0.857 | 0.877 | 0.883
MNLI-m 0.356 | 0.357 | 0.369 | 0.393 | 0.416 | 0.437 | 0.458 | 0.480| 0.501| 0.520
MNLI-mm | 0.212 | 0.250 | 0.290 | 0.320 | 0.350 | 0.379 | 0.410 | 0.436 | 0.464 | 0.489

MRPC 0.132 ] 0.136 | 0.153 | 0.174| 0.196 | 0.219 | 0.239 | 0.267 | 0.288 | 0.306
QNLI 0.288 | 0.267 | 0.279 | 0.296 | 0.314 | 0.334| 0.350 | 0.367 | 0.382| 0.400
QQP 0.212 | 0.234| 0.275| 0.309 | 0.347 | 0.375| 0.403 | 0.430 | 0.458 | 0.489
RTE 0.133 | 0.196 | 0.229 | 0.260 | 0.283 | 0.296 | 0.318 | 0.348 | 0.372| 0.382
SST-2 0.365 | 0.335| 0.333 | 0.359 | 0.389 | 0.416 | 0.445| 0.472| 0.503 | 0.530
STS-B 0.171 ] 0.195| 0.240 | 0.283 | 0.329 | 0.373| 0.411| 0.448 | 0.483| 0.519

% 5.6: TinyBERT-4L(X—Z Z £ ) @ Top-K Jaccard £

Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10

CoLA 0.410 | 0.436 | 0.508 | 0.599 | 0.691 | 0.762 | 0.801| 0.834| 0.858 | 0.863
MNLI-m 0.341 | 0.355| 0.382| 0.412| 0.442 | 0.470 | 0.494| 0.518 | 0.540 | 0.560
MNLI-mm | 0.164 | 0.211 | 0.242| 0.271 | 0.297 | 0.324 | 0.348 | 0.371 | 0.394 | 0.423

MRPC 0.145| 0.174| 0.205 | 0.233 | 0.268 | 0.299 | 0.322 | 0.347 | 0.364 | 0.386
QNLI 0.245 | 0.233 | 0.247 | 0.267 | 0.289 | 0.311| 0.329 | 0.347| 0.365| 0.383
QQP 0.212 | 0.238 | 0.277| 0.315| 0.349| 0.377| 0.403 | 0.428 | 0.454 | 0.481
RTE 0.162 | 0.222 | 0.266 | 0.286 | 0.306 | 0.335| 0.356 | 0.386 | 0.410| 0.422
SST-2 0.388 | 0.356 | 0.370 | 0.406 | 0.446 | 0.475| 0.501 | 0.530| 0.557| 0.586
STS-B 0.191 | 0.228 | 0.275| 0.314| 0.360 | 0.408 | 0.453 | 0.503 | 0.548 | 0.585

% 5.7: TinyBERT-6L(#2%F1£) @ Top-K Jaccard fREX

Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10

CoLA 0.682 ] 0.641 | 0.671| 0.727 | 0.783 | 0.822 | 0.858 | 0.883 | 0.897| 0.898
MNLI-m 0.426 | 0.434 | 0.460 | 0.490 | 0.515| 0.540 | 0.565| 0.586 | 0.608 | 0.626
MNLI-mm | 0.324 | 0.390 | 0.444| 0.489 | 0.522 | 0.451 | 0.481 | 0.508 | 0.532 | 0.556

MRPC 0.203 | 0.223 | 0.246 | 0.268 | 0.294 | 0.330 | 0.355| 0.375| 0.396 | 0.414
QNLI 0.327 | 0.303| 0.321| 0.339| 0.360 | 0.379 | 0.397| 0.414| 0.433 | 0.451
QQP 0.439 | 0.461 | 0.494 | 0.527 | 0.555| 0.579| 0.597 | 0.616 | 0.635| 0.658
RTE 0.199 | 0.230 | 0.264 | 0.295| 0.325| 0.343 | 0.364 | 0.387 | 0.414| 0.432
SST-2 0.587 | 0.557 | 0.573 | 0.601 | 0.617 | 0.642| 0.665| 0.688 | 0.708 | 0.731
STS-B 0.311 | 0.327 | 0.365 | 0.417 | 0.466 | 0.508 | 0.554 | 0.597 | 0.633 | 0.665
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# 5.8: TinyBERT-4L({2=2F1£) @ Top-K Jaccard %L

Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10
CoLA 0.651 | 0.602] 0.624 | 0.686 | 0.735] 0.774| 0.814] 0.849 | 0.871| 0.881
MNLI-m 0.450 | 0.453 | 0.481 | 0.508 | 0.534 | 0.560 | 0.581 | 0.601 | 0.619 | 0.636
MNLI-mm | 0.319 | 0.392 | 0.444 | 0.482| 0.512 | 0.544 | 0.473 | 0.501 | 0.526 | 0.551
MRPC 0.270 | 0.296 | 0.306 | 0.329 | 0.352 | 0.381 | 0.404 | 0.429 | 0.450 | 0.473
QNLI 0.331| 0.322| 0.332| 0.355| 0.379 | 0.399 | 0.418 | 0.436 | 0.452 | 0.468
QQP 0.406 | 0.435| 0.471| 0.508 | 0.537 | 0.561 | 0.579 | 0.597 | 0.615| 0.635
RTE 0.260 | 0.304 | 0.335| 0.381 | 0.388 | 0.415 | 0.439| 0.447| 0.478 | 0.491
SST-2 0.572 | 0.518 | 0.560 | 0.571 | 0.599 | 0.624 | 0.649 | 0.679 | 0.692 | 0.710
STS-B 0.265 | 0.291| 0.337| 0.390 | 0.438 | 0.482 | 0.526 | 0.567 | 0.607 | 0.641
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CFEICHEEICEH ST 2EETADFETE TV, TNH6D 7 —ATHEIFD
ZWVWHPHERTFIED Top-K Jaccard (REUIR—RF 4 V% EAlo7z, ZDZ b,
BFFIED TinyBERT THEHEDIBS T7ICTETVWE X THZ S TR
LETH, BEFRCL o THEEHEOIEREZWETEX L2 bbb o7,

SEOFEBICH N GLUE 77— Xty FTEEXRZICE > TTF—XBICENR
HNbd, £51IWRLZELDIZ, MRPC, CoLA, RTE (3fhd & X 7 1ZHERTTF —
REDRDILND, TNEHEDRRAZIZBWTHIBBFIEIZ X o T Top-K Jaccard &
BOBLE L, LD oT, ETFIRIC X Z2FEHGEREDO D ORBIEDE A
FAIRRT — 2B TDIE LS BRVWEETHENE L Zebd o7,

X51-K541RL77I77DIRER S, FFED K DAIZEH LT Top-K
Jaccard RO\ LR SN2 DT LK, 2RI~ EL TW B kT2 A
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5.3.2 Top-K Ranking $51&IC & %3 B2 BEEEDERFE D 5

N—=2 74 VETNAD TinyBERT-6L B & U TinyBERT-4L IZDWT, X R
2B} % Top-K Ranking f8tE% £ 5.9 B L UL 5.10 17T, BEFEEHEHLC
23 L 7= TinyBERT-6L_IGLoss 3 & Of TinyBERT-4L_IGLoss D& X 2 71281 %
Top-K Ranking f&¥i% £ 511 BLUE5.12 IR T, 6B 4BOZNFNLORE
ETUIZOWNWT, R=Z T4 Y eREFED Top-K Ranking f5fEZ Al L7z 7
Z7%M55- K58 1TmT, ZNHDOXTIE, HEild Top-Ky @ K OfE, e
'¥ Top-K Ranking #6#5 % /RT3, £z, 77 7OERIREFELER—-A T4 VD
Top-K Ranking f6tE D 2% %2R 7,

# 5.9: TinyBERT-6L(X— 2 7 4 ) ® Top-K Ranking 1%

Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10
CoLA 0.498 | 0.216 | 0.118 | 0.081 | 0.070 | 0.066 | 0.065 | 0.065| 0.065| 0.065
MNLI-m 0.338 | 0.122| 0.039 | 0.015| 0.006 | 0.003 | 0.003 | 0.002 | 0.002 | 0.002
MNLI-mm | 0.164 | 0.051| 0.011 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

MRPC 0.118 | 0.032| 0.012| 0.005 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
QNLI 0.288 | 0.064 | 0.014 | 0.002 | 0.001 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
QQP 0.212 | 0.108 | 0.039 | 0.023 | 0.008 | 0.004 | 0.001 | 0.000 | 0.000| 0.000
RTE 0.134 | 0.051 | 0.011 | 0.004 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000| 0.000
SST-2 0.365 | 0.091| 0.022 | 0.008 | 0.005 | 0.003 | 0.003| 0.003 | 0.003 | 0.003
STS-B 0.171 | 0.065 | 0.022 | 0.009 | 0.002 | 0.000 | 0.000 | 0.000| 0.000| 0.000

% 5.10: TinyBERT-4L(X— 2 Z £ >) @ Top-K Ranking {&1Z

Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10
CoLA 0.410] 0.152 ] 0.069 | 0.042 | 0.030 | 0.028 | 0.028 | 0.028 | 0.028 | 0.028
MNLI-m 0.341 | 0.113 | 0.039 | 0.015| 0.007 | 0.003 | 0.002| 0.001| 0.001| 0.001
MNLI-mm | 0.273 | 0.075| 0.017| 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

MRPC 0.145 | 0.039 | 0.002 | 0.002 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
QNLI 0.245 | 0.046 | 0.007 | 0.002 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000| 0.000
QQP 0.212 | 0.086 | 0.029 | 0.014 | 0.005 | 0.002 | 0.000 | 0.000 | 0.000 | 0.000
RTE 0.162 | 0.043 | 0.018 | 0.007 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000| 0.000
SST-2 0.388 | 0.110| 0.041 | 0.016 | 0.009 | 0.008 | 0.008 | 0.007 | 0.007 | 0.007
STS-B 0.191 | 0.079| 0.022 | 0.012 | 0.005 | 0.001 | 0.000 | 0.000 | 0.000 | 0.000
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# 5.11: TinyBERT-6L(#£%F%) @ Top-K Ranking 51

Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10
CoLA 0.682 | 0.384 ] 0.205[ 0.132 | 0.092 | 0.080 | 0.076 | 0.073 | 0.073| 0.073
MNLI-m 0.426 | 0.173| 0.066 | 0.029 | 0.013 | 0.007 | 0.004 | 0.003 | 0.002 | 0.002
MNLI-mm | 0.320 | 0.178 | 0.126 | 0.110 | 0.104 | 0.101 | 0.100 | 0.000 | 0.00 | 0.000
MRPC 0.203 | 0.056 | 0.007 | 0.002 | 0.000 | 0.000 | 0.000 | 0.000| 0.000| 0.000
QNLI 0.327 | 0.079| 0.021 | 0.003 | 0.001 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
QQP 0.439 | 0.225| 0.102 | 0.051 | 0.023 | 0.010 | 0.003 | 0.001 | 0.000 | 0.000
RTE 0.199 | 0.047 | 0.007 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000| 0.000
SST-2 0.587 | 0.280| 0.112 | 0.052 | 0.019 | 0.010 | 0.008 | 0.008 | 0.008 | 0.008
STS-B 0.311 | 0.106 | 0.038 | 0.019 | 0.010 | 0.003 | 0.002 | 0.001 | 0.001 | 0.001
# 5.12: TinyBERT-4L(#28F%) ® Top-K Ranking 5%
Task Top-1 | Top-2 | Top-3 | Top-4 | Top-5 | Top-6 | Top-7 | Top-8 | Top-9 | Top-10
CoLA 0.651 | 0.322] 0.168 | 0.096 | 0.069 | 0.060 | 0.058 | 0.058 | 0.058 | 0.058
MNLI-m 0.450 | 0.187| 0.080 | 0.033 | 0.015 | 0.007 | 0.004 | 0.003 | 0.003 | 0.002
MNLI-mm | 0.319| 0.175| 0.125 | 0.108 | 0.102 | 0.101 | 0.098 | 0.000 | 0.000 | 0.000
MRPC 0.270 | 0.091| 0.029 | 0.015 | 0.005 | 0.005 | 0.002 | 0.000 | 0.000 | 0.000
QNLI 0.331 | 0.096 | 0.021 | 0.004 | 0.001 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
QQP 0.406 | 0.205| 0.088 | 0.045 | 0.019 | 0.008 | 0.003 | 0.001 | 0.000 | 0.000
RTE 0.260 | 0.090 | 0.025 | 0.007 | 0.004 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
SST-2 0.572 | 0.234| 0.091 | 0.034 | 0.017 | 0.009 | 0.008 | 0.008 | 0.007 | 0.007
STS-B 0.265 | 0.086 | 0.027 | 0.013 | 0.007 | 0.003 | 0.003 | 0.001 | 0.001 | 0.001
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27T, 6L % DUE, AL D3 60%DLE L. AL DI BEWHERE R L T2,
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WeEZbND, —f. BEIETNVEEEETINDNRTI XA ZBDX vy THRZ N
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6.1 ZAHAFZTDOFEH

AIFFETIX, TERDAGRAE CIIE B I N TV - SRR BT 2 R H
FEOHENET N HLEFEETIAANDIEBICEH L NRZX X 71203 2 HEimae /172
TR, ETNVOHEEMICB U 2RIk 7 2 BEE R AT T IR X ¥ 2 FiE
BPRE L, BiET Ve ERET VD ERZTRIZOVWT, T —2D A VR
R R AN LI &, ATNCEBIT 2B HGEOEEE % Integrated Gradients % H
WTHEH L, BERINCIE. =2 Y OHDIAADRITHIC Integrated Gradients
WEoTEHEHEEZRa7ZRD, ZORa7 2l TEEEERY MLEERL, Z
DL2 VL EHEOEBEE Y Uiz, X, BEMZ D Softmax BEZ FHWTAN
HEEOBEEEZa7OMMR 112525 X5 CERIEL. JlfT—2D A4 v 222
B2 EEES (HEEOEBEEOMELSM) 215872, 2L T, Hiitrr 4
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HIFRZAE FIETDH % TinyBERT OZREERIEITMEA L, #ric RBERBEE &G L
72o ZOEKERER/IMET 2 LS ICERETLVEYER T LT, KTV
PERT 2 HEEDMEA % AT 7 TR L 72,

FEER T, Top-K Jaccard {2E(5 & Of Top-K Ranking fE1& % FHli+EFE & L T,
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B2, Integrated Gradients IZBF 2 X T v THOFEI FHEDIK S, AT v
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EWEIFHN 5,

42



S22k

1]

[4]

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT:
Pre-training of deep bidirectional transformers for language understanding. In
Jill Burstein, Christy Doran, and Thamar Solorio, editors, Proceedings of the
2019 Conference of the North American Chapter of the Association for Com-
putational Linguistics: Human Language Technologies, Volume 1 (Long and
Short Papers), pp. 4171-4186, Minneapolis, Minnesota, June 2019. Associa-
tion for Computational Linguistics.

Geoffrey Hinton, Oriol Vinyals, and Jeff Dean. Distilling the knowledge in a
neural network, 2015.

Xiaoqi Jiao, Yichun Yin, Lifeng Shang, Xin Jiang, Xiao Chen, Linlin Li,
Fang Wang, and Qun Liu. TinyBERT: Distilling BERT for natural language
understanding. In Trevor Cohn, Yulan He, and Yang Liu, editors, Findings of
the Association for Computational Linguistics: EMNLP 2020, pp. 4163-4174,
Online, November 2020. Association for Computational Linguistics.

Scott M. Lundberg and Su-In Lee. A unified approach to interpreting model
predictions. In Proceedings of the 31st International Conference on Neural In-
formation Processing Systems, NIPS'17, p. 47684777, Red Hook, NY, USA,
2017. Curran Associates Inc.

Seyed Iman Mirzadeh, Mehrdad Farajtabar, Ang Li, Nir Levine, Akihiro
Matsukawa, and Hassan Ghasemzadeh. Improved knowledge distillation via
teacher assistant. Proceedings of the AAAI Conference on Artificial Intelli-
gence, Vol. 34, No. 04, pp. 5191-5198, Apr. 2020.

Rohit Raj Rai, Chirag Kothari, Siddhesh Shelke, and Amit Awekar. Com-
pressed models are not trust-equivalent to their large counterparts, 2025.

Marco Ribeiro, Sameer Singh, and Carlos Guestrin. “why should I trust
you?”: Explaining the predictions of any classifier. In John DeNero, Mark
Finlayson, and Sravana Reddy, editors, Proceedings of the 2016 Conference of

43



[10]

[11]

[12]

the North American Chapter of the Association for Computational Linguis-
tics: Demonstrations, pp. 97-101, San Diego, California, June 2016. Associa-
tion for Computational Linguistics.

Victor Sanh, Lysandre Debut, Julien Chaumond, and Thomas Wolf. Distil-
bert, a distilled version of bert: smaller, faster, cheaper and lighter. arXiv
preprint arXiw:1910.01108, 2019.

Mukund Sundararajan, Ankur Taly, and Qiqi Yan. Axiomatic attribution for
deep networks, 2017.

Tulia Turc, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Well-
read students learn better: The impact of student initialization on knowledge
distillation. CoRR, Vol. abs/1908.08962, , 2019.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you
need, 2023.

Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer Levy, and
Samuel Bowman. GLUE: A multi-task benchmark and analysis platform for
natural language understanding. In Tal Linzen, Grzegorz Chrupata, and Afra
Alishahi, editors, Proceedings of the 2018 EMNLP Workshop BlackboxNLP:
Analyzing and Interpreting Neural Networks for NLP, pp. 353-355, Brussels,
Belgium, November 2018. Association for Computational Linguistics.

Zifu Wang, Xuefei Ning, and Matthew B. Blaschko. Jaccard metric losses:
Optimizing the jaccard index with soft labels, 2024.

PCEPHER, FRFARTR, 14 RAIK, 85K, Integrated gradients (231} 2 HAH
DR AT v TBUEA Y AR ¥ AR 5. SRBILAERE 30 BFERKE,
2024.

44



