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HZESIREY (Bengio et al., 2003)

 FFAAHIREREFIRSMBIRE | SRS T™—Ma , BP

ZETEW1, W, ... Wy, Tllw,, 1

y = P(wi|wyx) = LM(wy.x) = softmax(h w2+ bz)
h=gxw!+bl)

[ x = [v(wy); v(wy);...;v(wk)] 1
v(w) = E[y)
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Word2vec (Mikolov et al., 2013)

* CBOW: Z5TEWy2r W1, Wir 1, Wi 2, TR wye

» Skip-gram: Z5EwW,, FIU W\ o, Wi, Wi 1, Wiso

INPUT PROJECTION OUTPUT INPUT

\

w(l-2)

w(t-1)

w(t+1)

w(i+2)

I w(t) w(t)

/

o
N

CBOW (&

Skip-gram (b)

PROJECTION  OUTPUT

wi(t-2)

wit-1)

w(t+1)

w(t+2)

Linguistic Hypothesis

* Harris (1954): Words that
occur in the same contexts
tend to have similar meanings.

e Firth (1957): You shall know a
word by the company it keeps.




300D

[ | | /
* computer [0.2287 -0.0280 ... 0.2431-0.26317 -0.1120] /

* school [0.0394 -0.28124 ... 0.17091 0.22821 -0.074532]
* computing [0.1426 0.0074 ... 0.2210-0.2819 -0.1143]

WOMAN

/ — QUEENS
MAN /

e KINGS \
QUEEN \ QUEEN

KING KING

« Semantic analogy
* man—woman = uncle —aunt = king - queen

« Grammatical analogy
* kings — king = queens — queen

Mikolov et al. Linguistic Regularities in Continuous Space Word Representations. NAACL 2013.
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Softmax
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out P ut Linear
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ﬁ LayerNorm
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Transformer Block
Layer L

1

Transformer Block
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Transformer Block
Layer 1

3
Dropout

G Positional
Encoding %
" Input
I n p u t Emg:;ding
1

Input

Transformers (Vaswani et al., 2017)



FllE5IE SHREBY (Pre-trained Language Models)

Semi-supervised Sequence Learning

' Y 5
confethVec /z/»{gz/_‘_fq ?:"%5!/7_‘77%2%
. Pre-trained seq2seq
v
UL\!F]T ELMo l-":ﬂ U” -/
GPT » >
Multl mgual Iransformer Bidirectional LM % E“ ﬁg;g

MultiFiT

L8 ,I Larger model
More data
Cross-lingual Dafi
/ GPI-2 Zense > Grover
t—/—
XILM

UDily v i1 DNN
VideoBERT
CBT G ;
ViLBERT é

ERNIE VisualBERT d
(Tsinghua) B212 ERNIE (Baidu)
BERT-wwm

BAL[a) TR 25
A= ﬁ@!
LAGPTEZICZE

MASS

Knowledge |distillation UniLM

MT-DNNgp

SpanBERT il e Unicoder-VL o ) )
RoBERTa R I LXMERT Pre-training + Fine-tuning
VL-BERT -
EADWEEE UNITER By Xmnzht Wang & Zhengyan Zhang @ THUNLP

https://github.com/thunlp/PLMpapers
Xiaozhi Wang and Zhengyan Zhang @ THUNLP




BERT (Devlin et al., 2018)

* 1l
* 1l

BAESE:

* Masked LM (randomly select 15% of the words)
* Next sentence prediction (negative sampling)

* 80% of the time: Replace the word with the
[MASK] token, e.g., my dog is hairy —
my dog is [MASK]

* 10% of the time: Replace the word with a
random word, €.g., my dog is hairy — my
dog is apple

* 10% of the time: Keep the word un-
changed,e@;,my docg is hairy — my dog
is hairy. The purpose of this is to bias the
representation towards the actual observed
word.

it} BooksCorpus + Wikipedia

BERT (Ours)

Input = [cLs] the man went to [MASK] store [SEP]
he bought a gallon [MASK] milk [SEP]

Label = 1snext

IHINJt [CLS] the man [MASK] to the store [SEP]
penguin [MASK] are flight ##less birds [SEP]

Label =— NotNext



Generative Pre-trained Transformers (Radford et al., 2018)
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Right for the Wrong Reasons (viccoy et al., 2019)

» Statistical learners such as standard neural network architectures are
prone to adopting shallow heuristics that succeed for the majority of
training examples, instead of learning the underlying generalizations
that they are intended to capture.

Heuristic Definition Example

Lexical overlap Assume that a premise entails all hypothe- The doctor was paid by the actor.
ses constructed from words in the premise =~ ———— The doctor paid the actor.

WRONG
Subsequence Assume that a premise entails all of its The doctor near the actor danced.
contiguous subsequences. ———  The actor danced.
WRONG
Constituent Assume that a premise entails all complete  If the artist slept, the actor ran.
subtrees 1n its parse tree. ——— The artist slept.

WRONG




Right for the Wrong Reasons (viccoy et al., 2019)

Lexical overlap Subsequence Constituent
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“BRET" (Probing) {£55 : NMBERIZREEICHTIDIRFER

[contextualized embeddings

768-dimensional vectors

Ciois Cit Cz Ciz Cu Cis Ces
A A A A A A A

Cw« Ciser ]
AN

pre-trained language model

12-layer Transformer
768 hidden units

input embeddings

768-dimensional vectors

tokens

Neural Probes in Understanding Brain Activity
http://braintour.harvard.edu/archives/portfolio-items/hubel-and-wiesel

BERT

NERERR

Ecws) En Bz Eis Ew Eis Es ... ..

[CLS] token; token; token: token. tokens ...

L]

Sentence

||

Ex Eisen

token [SEP]



;ﬂﬂt%-l-{E% ( CO nneau et 3 | ., ) 0 1 8) Probing task: a classification pr}*oblem that

focuses on simple linguistic properties of
sentences.
« Surface information
e SentLen: 6-way classification
* WC(word content): 1000-way classification

« Syntactic information
* The bigram shift (BShift): binary classification
* TreeDepth: 8-way classification (5-12)
* TopConst: 20-way classification

« Semantic
* Tense classification
SubjNum classification
ObjNum classification
SOMO (randomly replace a word)
Coordination inversion

BShift, SOMO and CoordInv manipulations can accidentally generate acceptable sentences.



Jawahar et al. (2019) What does BERT learn about the structure
of language?

(1) 10 probing tasks created by Conneau et al. (2018)

Layer SentLen WC TreeDepth  TopConst BShift Tense SubjNum ObjNum SOMO CoordlInv
(Surface) (Surface) (Syntactic) (Syntactic) (Syntactic) (Semantic) (Semantic) (Semantic) (Semantic) (Semantic)
1 93.9 (2.0) 249 (24.8) 359(6.1) 63.6 (9.0) 50.3 (0.3) 82.2(184) 77.6 (10.2) 76.7 (26.3) 49.9 (-0.1) 53.9(3.9)
2 95.9(3.4) 65.0 (64.8) 40.6 (11.3) 71.3(16.1) 55.8 (5.8) 85.9(23.5) 82.5(15.3) 80.6(17.1) 53.8 (4.4) 58.5 (8.5)
3 96.2 (3.9) 66.5 (66.0) 39.7(10.4) 71.5(18.5) 64.9 (14.9) 86.6 (23.8) 82.0(14.6) 80.3 (16.6) 55.8(5.9) 59.3 (9.3)
4 94.2 (2.3) 69.8 (69.6) 39.4(10.8) 71.3(18.3) 74.4 (24.5) 87.6(25.2) 81.9 (15.0) 81.4(19.1) 59.0 (8.5) 58.1 (8.1)
5 92.0(0.5) 69.2 (69.0) 40.6 (11.8) 81.3(30.8) 81.4(31.4) 89.5(26.7) 85.8(19.4) 81.2(18.6) 60.2 (10.3) 64.1 (14.1)
6 88.4 (-3.0) 63.5(63.4) 41.3 (13.0) 83.3(36.6) 82.9 (32.9) 89.8 (27.6) 88.1(21.9) 82.0(20.1) 60.7 (10.2) 71.1(21.2)
7 83.7(-7.7) 56.9 (56.7) 40.1 (12.0) 84.1(39.5) 83.0(32.9) 89.9 (27.5) 87.4 (22.2) 82.2 (21.1) 61.6(11.7) 74.8 (24.9)
8 82.9(-8.1) 51.1(51.0) 39.2(10.3) 84.0(39.5) 83.9(33.9) 89.9 (27.6) 87.5(22.2) 81.2(19.7) 62.1(12.2) 76.4(26.4)
9 80.1(-11.1) 47.9 (47.8) 38.5(10.8) 83.1(39.8) 87.0 (37.1) 90.0 (28.0) 87.6 (22.9) 81.8 (20.5) 63.4(13.4) 78.7 (28.9)
10 77.0(-14.0) 434 (43.2) 38.1(9.9) 81.7(39.8) 86.7(36.7) 89.7(27.6) 87.1(22.6) 80.5(19.9) 63.3(12.7) 78.4(28.1)
11 73.9(-17.0) 42.8 (42.7) 36.3 (7.9) 80.3(39.1) 86.8 (36.8) 89.9 (27.8) 85.7(21.9) 78.9 (18.6) 64.4(14.5) 77.6 (27.9)
12 69.5(-21.4) 49.1 (49.0) 34.7 (6.9) 76.5(37.2) 86.4 (36.4) 89.5 (27.7) 84.0(20.2) 78.7 (18.4) 65.2 (15.3) 749 (25.4)

Table 2: Probing task performance for each BERT layer. The value within the parentheses corresponds to the
difference in performance of trained vs. untrained BERT.

BERT embeds a rich hierarchy of linguistic signals: surface information at the bottom, syntactic information in
the middle, semantic information at the top.



Jawahar et al. (2019) What does BERT learn about the
structure of language?

(2) phrasal syntax with span embeddings
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(a) Layer 1 (b) Layer 2 (c) Layer 11 (d) Layer 12

BERT mostly captures phrase-level information in the lower layers and that this information
gets gradually diluted in higher layers.



Hewitt and Manning (2019). A Structural Probe for Finding Syntax in
Word Representations

* whether syntax trees are embedded in a linear transformation
of a neural network’s word representation space?

distance between two nodes the depth of each node

embedding?

squared L2 distance & the distance between words in the parse tree
squared L2 norm & the depth in the parse tree.

(ignore the direction of the relation)



Hewitt and Manning (2019). A Structural Probe for Finding Syntax in
Word Representations

Distance Depth s
Method UUAS DSpr. Root% NSpr. 35
v C Qg
LINEAR 48.9  0.58 29  0.27 o = bE
ELMO00 268 044 543  0.56 : . . © e ®
DECAYO0 51.7  0.61 543 056 £ 28 S0l B2 _p& _wEy
PROIO 50.8  0.73 644  0.75 Ss| BET__a 82 ot s
B “CaSTegg SETe TAe
ELMoO 770 083 865 087 P NS
BERTBASE? 79.8  0.85 88.0  0.87 ,' 4 3 .
BERTLARGEIS 825 0.86 894  0.88 -
BERTLARGEI6  81.7  0.87  90.1 0.89 ; "
Word Index
BERTlargel6
N\ — =\ 7

s — / — e Ty ——
The complex financing plan in the S+L bailout law includes raising $ 30 billion from debl issued by the newly created RTC .

ELMol

The complex financing plan in the S+L hailout law includes raising $ 30 billion from debt issued by the newly created RTC .
. | ~ R o i o s e P SEeiteth SotlL Ty E

: . i
\ " 7y "‘\ N 4/ (J 7 = _, S ’.?

%

Projl
. \ == N — — S —— —\
The complex financing plan in the S+L bailout law includes raising $ 30 billion from debt issued by the newly created RTC .

Figure 2: Minimum spanning trees resultant from predicted squared distances on BERTLARGE16 and ELMO1 compared
to the best baseline. PROJO. Black edges are the gold parse. above each sentence; blue are BERTLARGE06. red are ELMOI,
and purple are PROI(.



Hewwit and Liang (2019). Designing and Interpreting Probes
with Control Tasks
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“FFEEIA" AIERETESS

» *E E )JJ -:E- *;-:H-U "ZI:%‘E” iﬁ Question: Mike [MASK] the toy car yesterday.
Choices: A: break. B: breaks. C: broke. D: broken. E: breaking.

iﬂfﬁ%ﬂ}% Tom a2 il

P = E:_‘ 3 \|:| ~L
]":' / i ]":'M ‘-?'*ﬂ:h” T a: He deposited 500 dollars in the bank.

1’/ \?EIE /\QE lg.o | similarity (a, b)

b: The bank will accommodate him with a loan. similarity (a, ¢)

similarity (b, ¢)
c: The river broke its bank during the flood.

(b) semantic

Elvis Presley was born in Tupelo .
Head entity Relation Tail entity

Elvis Presley was born in [MASK] .

(c) relation

The trophy doesn’t fit into the brown suitcase because [MASK] is too large.
Choices: A: trophy. B: suitcase.

(d) reasoning



“FHFEEPA" RIERETESS

FIFEE "Age" HES

EIES + IEREEHRE

£5 o) 3V AUTESE S
By 1980, they had two [MASK], and Leavell’s career was soaring. daughter / -s
EE But her body ’s long, long in the mold, and her [MASK] soul in Heaven. bless / -ed / -ing

She [MASK(] the screen door, and I stepped inside.

open/-ed/ -ing/ -s

a: There was an urgent appeal for blood donors to treat victims of the crash.

similarity(a, b)

b: Yesterday, villagers added their voice to the appeal for urgent action.

similarity(b, c)

c: Our site is now for 14-year-old, we’re going to appeal directly to their interests.

similarity(a, c)

Sentence: He is too hard up to buy [MASK] clothes. Target: fancy

1B -NINHERFE |Sense a: luxurious, expensive, lavish, decorative, elaborate Rank(a)

Sense b: imagination, creativity, conception, insight, invention Rank(b)

BB To Build a Fire is a short story by [MASK] author Jack London. American
se5m The trophy doesn’t fit into the brown suitcase because [MASK] is too large. trophy / suitcase

The trophy doesn’t fit into the brown suitcase because [MASK] is too small.

trophy / suitcase
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RoBERTa BERT

DistilBERT

VG FEZFDESHIERRRIN R e SR R YR
o ’ o T ™
Baseline CoLA MNLI MRPC SQuAD SST-2 STS-B Avg
Syntactic 90.53 -0.37 -3.06 -0.68 -2.90 -2.23 -0.75 -1.67
Semantic-Mean 69.87 -0.25 -1.39 -0.92 -2.30 -2.13 0.13 -1.14
Semantic-LogMean 74.40 -0.19 -1.38 -0.81 -2.37 -1.90 0.63 -1.01
Fact-Fewrel 51.09 -2.52 -6.04 -2.75 -17.19 -3.18 -3.03 -5.79
Fact-KBP37 39.80 -2.41 -6.61 -3.45 -18.93 -2.11 -4.53 -6.34
e Reasoning| 5200 || 086 _ 049 _ 067 ___ 031 __ 043 _ 037 _|| 030
Avg 62.95 -0.81 -3.00 -1.32 -7.33 -1.85 -1.32
Syntactic 90.55 -0.90 -14.23 -6.37 -9.90 -9.50 -8.42 -8.22
Semantic-Mean 66.87 -2.72 -13.23 -6.24 -12.19 -7.88 -10.73 -8.83
Semantic-LogMean 74.08 -2.97 -17.07 -7.53 -14.34 -10.38 -13.55 -10.97
Fact-Fewrel 46.37 -8.18 -26.23 -18.04 -34.15 -12.15 -33.00 -21.96
Fact-KBP37 39.72 -6.11 -22.72 -17.75 -28.63 -12.84 -29.41 -19.58
e Reasoning| 5230 || 027 _ _-086 _ 129 138 042 -147 _|| -090
Avg 61.65 -3.53 -15.72 -9.54 -16.77 -8.81 -16.10
Syntactic 91.03 -1.68 -6.15 -4.58 -11.88 -3.08 -4.21 -5.26
Semantic-Mean 69.20 -1.31 -2.85 -2.55 -6.59 -2.40 -1.83 -2.92
Semantic-LogMean 75.12 -1.88 -4.48 -3.09 -8.20 -3.94 -3.74 -4.22
Fact-Fewrel 47.47 -0.80 -8.50 -4.35 -28.89 -0.52 -8.60 -8.61
Fact-KBP37 36.91 -1.92 -11.21 -7.33 -30.99 -1.13 -10.16 -10.46
e Reasoning} 5175 |1 055 003 059 059 012 022 _||-012
Avg 61.91 -1.17 -5.53 -3.75 -14.52 -1.82 -4.79
\ - . J
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RoBERTa BERT

DistilBERT

IG4EER ( 1HES
Baseline

Syntactic 90.53
Semantic-Mean 69.87
Semantic-LogMean 74.40
Fact-Fewrel 51.09
Fact-KBP37 39.80

. .____Reasoning __52.00
Avg 62.95
Syntactic 90.55
Semantic-Mean 66.87
Semantic-LogMean 74.08
Fact-Fewrel 46.37
Fact-KBP37 39.72

- .___ _Reasoning = 52.30
Avg 61.65
Syntactic 91.03
Semantic-Mean 69.20
Semantic-LogMean 75.12
Fact-Fewrel 47.47
Fact-KBP37 36.91

. ____Reasoning _SL7S__
Avg 61.91
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RoBERTa BERT

DistilBERT

Baseline

Syntactic 90.53
Semantic-Mean 69.87
Semantic-LogMean 74.40
Fact-Fewrel 51.09
Fact-KBP37 39.80

oo ._.Reasoning __52.00_
Avg 62.95
Syntactic 90.55
Semantic-Mean 66.87
Semantic-LogMean 74.08
Fact-Fewrel 46.37
Fact-KBP37 39.72

e o ReE250IDE EERESO N
Avg 61.65
Syntactic 91.03
Semantic-Mean 69.20
Semantic-LogMean 75.12
Fact-Fewrel 47.47
Fact-KBP37 36.91

oo ._ . Reasoning __SL75_
Avg 61.91

HERERHIL T

18 ZKIA B 5.56%

B AR
- SRS FIE6.26%
- REHEST.24%

EsLANA
- FewRel ~f& 25.08%
- KBP37 % 31.24%

Avg
-1.67
-1.14
-1.01
-5.79
-6.34
0.30

-8.22

-8.83
-10.97
-21.96
-19.58

-0.90

-5.26
-2.92
-4.22
-8.61
-10.46
-0.12
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RoBERTa BERT

DistilBERT

Baseline CoLA MNLI MRPC SQuAD SST-2 STS-B Avg
Syntactic 90.53 -0.37 -3.06 -0.68 -2.90 -2.23 -0.75 | -1.67
Semantic-Mean 69.87 -0.25 -1.39 -0.92 -2.30 -2.13 0.13 i -1.14
Semantic-LogMean 74.40 -0.19 -1.38 -0.81 -2.37 -1.90 0.63 i -1.01
Fact-Fewrel 51.09 -2.52 -6.04 -2.75 -17.19 -3.18 -3.03 25,79
Fact-KBP37 39.80 -2.41 -6.61 -3.45 -18.93 -2.11 -4.53 l -6.34
ee_.__Reasoning 5200 086 _ 049 0.67 031 _ 043 037 | 030
Avg 62.95 -0.81 -3.00 -1.32 -7.33 -1.85 -1.32 =
Syntactic 90.55 -0.90 -14.23 -6.37 -9.90 -9.50 -8.42 [ -8.22
Semantic-Mean 66.87 -2.72 -13.23 -6.24 -12.19 -7.88 -10.73 | -8.83
Semantic-LogMean 74.08 -2.97 -17.07 -7.53 -14.34 -10.38 -13.55 i -10.97
Fact-Fewrel 46.37 -8.18 -26.23 -18.04 -34.15 -12.15 -33.00 i -21.96
Fact-KBP37 39.72 -6.11 -22.72 -17.75 -28.63 -12.84 -29.41 ! -19.58
. _ Reasoning 5230 027 _ 086 _ 129 138 012 _ 147 I} -0.9
Avg 61.65 -3.53 -15.72 -9.54 -16.77 -8.81 -16.10
Syntactic 91.03 -1.68 -6.15 -4.58 -11.88 -3.08 -4.21 i -5.26
Semantic-Mean 69.20 -1.31 -2.85 -2.55 -6.59 -2.40 -1.83 i -2.92
Semantic-LogMean 75.12 -1.88 -4.48 -3.09 -8.20 -3.94 -3.74 v 4,22
Fact-Fewrel 47.47 -0.80 -8.50 -4.35 -28.89 -0.52 -8.60 ! -8.61
Fact-KBP37 36.91 -1.92 -11.21 -7.33 -30.99 -1.13 -10.16 ! -10.46
e—_._.Remsoning _S5L75_ _ 055 _ _003___ 059 __ 059 _ 012 __ 022 | -012
Avg 61.91 -1.17 -5.53 -3.75 -14.52 -1.82 -4.79 1|
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THESER

CoLAZEBLH 4T SQuADFE I i %
gr—— T

Baseline CoLA MNLI MRPC | SQuAD SST-2 STS-B Avg
Syntactic ~ 90.53 -0.37 -3.06 -0.68 -2.90 -2.23 075 | -1.67
Semantic-Mean ~ 69.87 -0.25 -1.39 -0.92 -2.30 -2.13 013 | -114
= Semantic-LogMean ~ 74.40 -0.19 -1.38 -0.81 -2.37 -1.90 0.63 | -101
= Fact-Fewrel  51.09 -2.52 -6.04 -2.75 -17.19 -3.18 3.03 . 579
- Fact-KBP37  39.80 -2.41 -6.61 -3.45 -18.93 -2.11 453 . -6.34
oo Reasonng EEEEEEEE.) 086 ) 049 | 0 -6_7___.__-2-:"1___”__9&3_____;0_-32__J' 0.30

Avg 6295 -0.81 -3.00 -1.32 -7.33 -1.85 -1.32
Syntactic ~ 90.55 -0.90 -14.23 -6.37 -9.90 -9.50 842 | -822
« Semantic-Mean ~ 66.87 -2.72 -13.23 -6.24 -12.19 -7.88 -10.73 | -8.83
E Semantic-LogMean  74.08 -2.97 -17.07 -7.53 -14.34 -10.38 -13.55 & -10.97
= Fact-Fewrel  46.37 -8.18 -26.23 -18.04 -34.15 -12.15 -33.00 . -21.96
S Fact-KBP37  39.72 -6.11 -22.72 -17.75 -28.63 -12.84 2941 | -1958
o _._ . Ressoning_ 5230 | -027 | -086 _ 129 | -138 | 042 _ -147 | -0.90

Avg  61.65 -3.53 -15.72 -9.54 -16.77 -8.81 -16.10
Syntactic ~ 91.03 -1.68 -6.15 -4.58 -11.88 -3.08 421 | -526
~ Semantic-Mean ~ 69.20 -1.31 -2.85 -2.55 -6.59 -2.40 183 292
e Semantic-LogMean ~ 75.12 -1.88 -4.48 -3.09 -8.20 -3.94 374 0 -4.22
= Fact-Fewrel  47.47 -0.80 -8.50 -4.35 -28.89 -0.52 860 | -8.61
2 Fact-KBP37  36.91 -1.92 -11.21 -7.33 -30.99 -1.13 -10.16 | -10.46
S _ _Reasoning 5175 | 055 | 003 059 | 059 | 012 -022 | 012

Avg 6191 -1.17 -5.53 -3.75 -14.52 -1.82 -4.79 |
‘___J )



SLIOER ( mERIUEES

)

Baseline CoLA MNLI MRPC SQuAD SST-2 STS-B Avg
Last 8299 -2.44 4.41 -1.87 -9.23 -17.29 253 | -630
> Best  83.36 -0.69 -1.26 -0.85 -1.86 -0.51 09 | -101
m . Avege 8418 037 189 07 178 06 08_ | 097
Avg 8351 -1.17 -2.42 -1.14 -1.41
= Last  80.8 071 RS2y  -7.54 1071 | -17.33
= Best  82.91 0.61 -1.46 -0.6 071 | -0.78
£ ._Avemge 8412 = 063 _ 258 -1.01  BEEEEERE EREN  -1.63 | ekld
o Avg  82.61 0.18 -12.04 -3.05 -4.36
& Last  83.09 -4.25 -10.54 T 9.69 | -10.16
= Best  83.09 -2.26 -5.57 -4.49 431 | -4.63
¥ . _Average | 824 007 378 168 __S9 = 04 332 ; 253
a Avg  82.86 -2.19 -6.63 -4.65 -5.77
P i -
e B 5 T

o BJa—E Tk 11.26%
o BHEETHE2.14%
* A RECER TR 1.90%
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baseline-each ~ mbaseline-avg
-+ CoLA-each +CoLA-avg

1 2 3 4 5 6 7 8 9 1011 12

Layer

(a) baseline vs. CoLA

baseline-each ~ =sbaseline-avg
-+ SQuAD-each  +SQuAD-avg

1 2 3 4 5 6 7 8 9 101112
Layer

(d) baseline vs. SQuAD
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Layer

(b) baseline vs. MNLI

baseline-each  ®=baseline-avg
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Layer

(e) baseline vs. SST-2
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Layer

(c) baseline vs. MRPC

baseline-each ™ baseline-avg
-» STSb-each +STSb-avg

I
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Layer

(f) baseline vs. STS-b
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HEILE BTN
o There was an urgent appeal for blood donors to treat victims of the
She [MASK] the screen door, and I stepped inside. crash.

» Yesterday, villagers added their voice to the appeal for urgent action.

open, opened, opening, opens & 1 (XTiAHE)

open, opened, opening, opens P& 0 (LTASE)
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fEf#E R, (Gururangan et al., 2018; McCoy et al., 2019).,
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* LLM Unlearning (Yao et al., 2024): (1) removing harmful responses, (2) erasing
copyright-protected content as requested, and (3) reducing hallucinations.
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——-| Feature Attribution Explanation ]

4[ Attention-based Explanation ‘

Local Explanation }—
—| Example-based Explanation l

i r=im
aﬁﬁll‘é :ﬁ y 9‘[: —[ Natural Language Explanation I

41 Probing—based Explanation ]

Traditional Fine—tuning —-{ Neuron Activation Explanation ]

¢ ﬁﬁ)\%ﬁf ufﬂﬁﬁﬁl‘]ﬁﬁ 4{ Paradigm (Sec. 3) ]»4[ Glotial Explanation }>4| Concept-based Explanation l
R REE 2T N —| Mechanistic Interpretabili‘ty}

. ﬁ ﬁ JEH ):: _‘ Using Explanation F—[ Debuging Models |
* ﬁ ﬁ }FE% —[ Improving Models ]

Explaining In—context Learning
Explaining CoT Prompting
— Base Model

Representation Engineering

Explaining Role of Finetuning

LLM —‘ Prompting Paradigm (Sec. 4) ]—— Assistant Model Expiainiing Helivoination
Explainability ) =
Uncertainty Quantification

P . Improving LLMs
— Using Explanation { —

Downstream Applications
Evaluating Plausibility
Finetuning Paradigm Evaluating Faithfulness l
—i Explanation Evaluation (Sec. 5)
Evaluating Plausibility |
Prompting Paradigm

Evaluating Faithfulness I

Zhao et al. (2024) Explainability for Large Language Models: A Survey



Why? Should You Fine-Tune BERT for Automated Essay Scoring?

Elijah Mayfield and Alan W Black
Language Technologies Institute
Carnegie Mellon University
Table 1: Performance on each of ASAP datasets 2-6, in

QWK. The final row shows the gap in QWK between
the best neural model and the N-gram baseline.

Model 2 3 4 S 6
Human IRR 80 77 8 74 /4
Hewlett J4 75 82 .83 .78
Taghipour 69 .69 81 .81 .82
Woods g1 71 81 .82 .83
Cozma 73 .68 .83 .83 .83

Rodriguez (BERT) .68 .72 .80 .81 .81
Rodriguez (best) J0 J2 .82 .82 .82

N-Grams g1 71 78 .80 .79
Embeddings 42 41 .60 .49 .36
BERT-CLR 66 .70 .80 .80 .79
BERT-1CYC 64 71 82 81 .79
BERT Features 61 59 75 75 74
DistilBERT b5 JO 82 .81 .9

N-Gram Gap -05 .00 .04 .01 .00



Why?

Multi-Stage Pre-training for Automated Chinese Essay Scoring

Wei Song', Kai Zhang', Ruiji Fu®?, Lizhen Liu', Ting Liu?, Miaomiao Cheng'
ICollege of Information Engineering and Academy for Multidisciplinary Studies,

Capital Normal University, Beijing, China

“State Key Laboratory of Cognitive Intelligence, iFLYTEK Research, China

3IFLYTEK Al Research (Hebei), Langfang, China

1Research Center for Social Computing and Information Retrieval,

Harbin Institute of Technology, Harbin, China

-
Weakly supervised

Pre-training

(Large) essay dataset
with coarse ratings

Rating

Crass-gramgt

Supervised fine-tuning

Score

Target-prompt Score

Supervised fine-tuning

v

Ratings: good / poor

Rated datasets
of past prompts

A J
=
o

-

o

;?

PromptIDs: 1, 2,3
Score range: [0, 60]

Small rated dataset

>

Prompt ID: 4
Score range: [0, 60]

for the target
prompt




Background

- L2C-Rater (Wang & Hu, 2021)

* We built an L2 Chinese essay scoring system based on Ordinal Logistic
Regression model with 90 linguistic features with consideration of both
language complexity and correctness.

* Web Tool: https://l2c.shenshen.wiki

* Combination of Linguistic features and BERT pre-trained language
model (2022.10-2023.04)

* BERT performs better than linguistic-feature-based machine learning model.
* The integration of linguistic features yielded no performance enhancement.

What features beyond linguistic patterns does BERT capture???



Background

- Interpretability of black-box neural models
* integrated gradients (2023.07-2023.08)

Legend: @ Negative [ Neutral @ Positive

True Label Predicted Label Attribution Label Attribution Score Word Importance

pos pos (0.96) pos 1.29 it was a fantastic performance ! #pad
pos pos (0.87) pos 1.56 -film ever #pad #pad #pad #pad When appIiEd to AES...
pos pos (0.92) pos 1.14 such a -show | #pad #pad
neg neg (0.29) pos -1.11 it was a -movie #pad #pad
neg neg (0.22) pos -1.03 i 've never watched something as -
neg neg (0.07) pos -0.84 that is a -movie . #pad

* Occlusion based on token masking (2023.09-2023.12)



3T

A.1 TIELTS Writing

 Task achievement: fully satisfies all the re-

quirements of the task; clearly presents a fully
developed response.

Coherence and cohesion: uses cohesion in
such a way that it attracts no attention; skill-
fully manages paragraphing.

Lexical resource: uses a wide range of vo-
cabulary with very natural and sophisticated
control of lexical features; rare minor errors
occur only as "slips’.

Grammatical range and accuracy: uses a wide
range of structures with full flexibility and ac-
curacy, rare minor errors occur only as ’slips’.

IRBIRRERSBARED

E RSB E AT TR | IELTS Writing, TOEFL iBT Independent Writing,
TOEIC Writing, PTE Academic Writing and the ELLIPSE dataset.

A.2 TOFEL Independent Writing
» Effectively addresses the topic and task.
* Is well organized and well developed, using

clearly appropriate explanations, exemplifica-
tions and/or details.

(1) conventions and accuracy

(2) language complexity
Displays unity, progression and coherence. (3) organization and development
* Displays consistent facility in the use of lan-
guage, demonstrating syntactic variety, appro-
priate word choice and idiomaticity, though it
may have minor lexical or grammatical errors.

Wang et al. (2024) Diagnosing the Rationale Alignment of AES Methods based on Linguistically-informed Counterfactuals



Counterfactual Analysis

° ) =

=TI

» FIRSETIREMREBILFAR , NS TTEERR FRIESRRM
( Feder et al., 2022) ,

i

l:

- WENREILEANERGE
- XEFEH (Garg et al., 2019)
- AJFEE ( Ross et al., 2022; Wu et al., 2021 )

« AT %48 ( Gardner et al., 2020 )

HEBERTEHENES T, REEZRLFEAEANJITHE, LLMs can help!
FEL2& 7 NLPAE 2 5 5 B M A B 3R 2% A2 B9 SE PR 1E fik o (Gat et al., 2023)




Generation of Counterfactual Samples

Concept Intervention Description

Error Correction Prompt GPT-4 Turbo to correct spelling, punctuation, and grammar errors.
Conventions Spelling Errors Introduction Use nlpaug (Ma, 2019) to misspell 30% of words in 50% of sentences.
& Accuracy Agreement Errors Introduction  Introduce subject-verb agreement (SVA) errors in 50% of sentences.

Word Order Swapping (WOS)  Use nlpaug to swap 30% of words in 50% of sentences.
Language Complexification Prompt GPT-4 Turbo to enhance vocabulary and sentence structure.
Complexity Simplification Prompt GPT-4 Turbo to simplify vocabulary and sentence structure.
Organization Intra-paragraph Shuffling Shuffle sentence order within paragraphs to disrupt local cohesion.
& Development Inter-text Shuffling Shuffle sentence order across the entire essay to disrupt global cohesion.

Table 1: Overview of positive and negative counterfactual intervention methods used.

Wang et al. (2024) Diagnosing the Rationale Alignment of AES Methods based on Linguistically-informed Counterfactuals



Original: In the up coming years i wanna save up and work hard to get money, so that i can open my own personal store.. \n\n in the store i
going to be selling high branded shoes,clothes, and outer collectives. and Im going to learning how to invest my money as i sell things before
opening up my dream store. \n\n i wanna do this as a job because ive awlays had a passhine for shoes and high branded things. and if i can
pull this off i think ill be veary succes full in life i will be getting and veary good salary ill be able to pay off anythig and have to money to
support my family.

Error Correction: "In the upcoming years, | want to save up and work hard to earn money, so that | can open my own personal store. \n\n
In the store, | am going to sell high-branded shoes, clothes, and other collectibles. I'm also going to learn how to invest my money as | sell
things before opening up my dream store. \n\n | want to do this as a job because I've always had a passion for shoes and high-branded
items. If | can pull this off, | think I'll be very successful in life. | will be earning a very good salary, I'll be able to pay off anything, and have the
money to support my family."

Complexification: In the forthcoming years, my ambition is to accumulate sufficient capital and diligently strive to generate income,
thereby enabling me to inaugurate my own boutique. Within this emporium, | intend to offer an array of premium-branded footwear, apparel,
and assorted collectibles. Concurrently, | shall endeavor to acquire financial acumen, particularly in investment strategies, as | engage in
commerce prior to the launch of my envisioned enterprise. Pursuing this career path is fueled by an enduring zeal for exclusive footwear and
luxury goods. Should | succeed in actualizing this venture, | am confident that it will herald substantial success in my life. Not only will |
secure a lucrative income, but | will also possess the financial capacity to discharge any obligations and provide for my family’s needs.

Simplification: In the next few years, | plan to save money and work hard. | want to make enough money to open my own store. In my
store, | will sell popular shoes, clothes, and other special items. | will also learn how to use my money well as | sell things. | want to open my
dream store one day. | have always loved shoes and popular brands. If | can do this, | think | will do very well in life. | will make a lot of money.
| will be able to pay for everything and have enough to take care of my family.

Table 3: Example of a 3-point ELLIPSE essay and its counterfactual counterparts generated by GPT-4 Turbo.

Wang et al. (2024) Diagnosing the Rationale Alignment of AES Methods based on Linguistically-informed Counterfactuals



* Counterfactual Generation "

Original Essay

—y

= (2

Essay with Corrected
Errors Essay

g, @

1
Simplified Complexf%ed
Essay Essay

|

— =
e )
Original Essay Original Score Original Feedback

_— QCF OR 000
G AS; = §7F — S e
% Scoring Difference Feedback Difference

@ E;@ &) h

Counterfactual Counterfactual Counterfactual
Essays Scores Feedback

Wang et al. (2024) Diagnosing the Rationale Alignment of AES Methods based on Linguistically-informed Counterfactuals



Datasets

TOEFL11 ELLIPSE
Total Size 12,100 essays 6,482 essays
Train 9,900 Train 3914
Data Split Val 1,100 Val ’
Test 1,100 Test 2,568
Source 2006-2007 TOEFL exams 8th-12th grade English learners
Rating Scale Low/Medium/High 1-5 scale (0.5 increments)
Eval Metrics Weighted F1, QWK RMSE, QWK

Wang et al. (2024) Diagnosing the Rationale Alignment of AES Methods based on Linguistically-informed Counterfactuals



Scoring Performance on Original Essays

TOEFL11
. TOEFL11 ELLIPSE ug
Setting
F11 QWK{! RMSE| QWK1 06 Metric
GPT-3.5 F1
BERT 0.783 0736  0.437  0.680 il . GFF3.0 QWK
Small ROBERTA 0795 0739 0430  0.695 Reference
models  DEBERTa 0790 0741 0422  0.720 02 ~ BERT Qwk
GPT-3.5-zsL 0599 0408 0701  0.399 -
GPT-3.5-FSL 0546 0314 0570 0378 0 50100 200 400 800
GPT-3.5-sF1-100 0710 0592 0550  0.629 BT iR °
LLM:s GPT-4-zSL 0368 0380 0960  0.261
GPT-4-FSL 0490 0477 0.680  0.466 06 e
LLAMA-3-8B-ZSL 0.558 0.297 0.628 0.345 GPT-3.5 RMSE
LLAMA-3-8B-FSL  0.435 0441 1.039  0.054 94 B SPEas Qe
LLAMA-3-70B-zsL  0.524 0390 0903  0.182 i s
LLAMA-3-70B-FSL  0.609 0562  0.589  0.503 o — BERT QWK
Table 5: The scoring agreement performance on both 0.0
. . 0 50 100 200 400 800
test sets: best setting in bold, fine-tuned GPT-3.5 Training Set Size
with a green shadow, best off-the-shelf LLMs under- Figure 3: Scoring performance of GPT-3.5 SFT models
lined. Metrics with 1 indicate that higher values are with varying size of training data. The models’ per-

formance improves as the number of training samples
b increases, reaching comparable or equivalent levels to
el BERT-like models.

better, while the one with | indicates that lower values

Wang et al. (2024) Diagnosing the Rationale Alignment of AES Methods based on Linguistically-informed Counterfactuals



Mean score differences between original and counterfactual groups

Conventions & Accuracy Language Complexity Organization & Development

ataset etting rror Correction (+ rror Introduction (— omp cation (+ implification (— ara e(— nTextShuffle (—
D Setti Error C i Error Introducti Complexificati Simplificati InParaShuffl InTextShuffl
- Spelling SVA WOs - - - -
BERT 1.03+-%43 —0 g9t _gagtitd g 5ph03d 0.42+:038 —(.ggt0% —f),01 009 —0.01+:%08
+.04 _ +. _§ +.021 +. +. _ +.025 . +.01 _ +.005
ROBERTA 0.99_'_%3 0.79_j§§§ 0.45_j§;1 1.13_%% 0.24_% 0 35_325 0.19_3?? 0.02_%%2
DEBERTA 119 o8 —0.02-8 —0350E =104l .38+ -0.27+ 02 ~0.06% 008 -0.06% 003
TOEFL11 GPT-3.5-zsL 0.641-032 —0.76* 03 —0.20105%¢  —0.597030 .27 —0.31 530 —0.42F 42
GPT-4-zsL 092+ —0.80t;§§§ —0.3515% —030t;3§§ 0.66fj§§§ —0.241921 —0.24+ 012 -0.29+:013
LLAMA-3-8B-ZSL 0.587 0ae =0.37 8 —007t5s —0.1710% D57 e =011 3% =015 et 0257 e
LLAMA-3-70B-ZSL 0.641-028 —0.567-023  —0.24+-021  —0.41+:023 1.19*+032 —0.17+-024 —0.15*:13 —0.19+-02
BERT 0.84*-014 —0.57H0  —0.09108  —0.57+01 0,31+ 01198 1) e —p.02+002
ROBERTA 0.92t;§}§ —0.50*:;833 —o.ni;ﬁgg —0.54i;83§ 0.25:%?_ —0.05_t;_§§$ —o.oli;gﬁg —o.lot;ﬁgg
DEBERTA 1.06* 018 —-0.6479;3 —0.207500 —0.6410:3 —0.08" 907 0.01x5e —0.02% o1 —0.07* 005
GPT-3.5-zSL 0.77;;%%9 —0.60;0% —0.19;%% —0.352;”%5 0.48;0§ “'”*"*ﬁéﬁg —0.15;0§ —0.18;0;%
GPT-3.5-FSL 0.35* —0.46* -0.15t -0.31% 0.361 —0.047 31 =011 55 -0.16*
GPT-4-zSL* 0.877180 06478 00788 567 s 0.96+ 082 -8 0,107 858 01078
GPT-4-FSL* 0.61+ 052 _or1t 08 _qor¥88 o bR 0.67+ 052 ~0.09+9% —~0.147032 0237012
ELLIPSE LLAMA-3-8B-ZSL 0.323}%}? 0317008 o 0g0l g 11+ 0.70+ 013 o _0.06+011 —0.103%3
LLAMA-3-8B-FSL 0.061‘;8}1 —o.ut;g}? -o.ozt;8§§ —o.oet;gﬁ o.o7t;8§§ | —o.ozt;gig —o.ozt;gﬁ
LLAMA-3-70B-ZSL* 0.51:-8;1% —0.41f;8}_1 —0.11:8%i —0.19i;8}§ 1.63t;8§9 T3ty —0.03*:;83a —0.06’:805
LLAMA-3-70B-FSL* 0511 g6x —-0.54 00 —0.12F7 032 —0.2470% 108 o5 | —0.11%545 013755
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Session 1: Essay Scoring

User: Read and evaluate the essay: . ..

Assistant: {'score’: 3.0}

Session 2: Providing Feedback

User: Please provide balanced and constructive feedback on
the following aspects of the essay you have just rated (not the
example essay):

1. Organization: ...
2. Language Use: . ..
3. Conventions: ...
Your response should be a structured JSON object with the
following keys:
T {f
"organization_feedback": "",
"language_use_feedback": ",
"conventions_feedback": "

B

If possible, include direct citations from the essay to substanti-

ate your feedback.

Figure 4: An Example of Feedback Generation

Feedback Generation and Evaluation
ﬁ * Qﬁ ) m / , ree anno

Which feedback (| or Il ) more clearly

or frequently points out spelling errors?

(a) Feedback |

(b) Feedback Il
(c) Both are similar
(d) Uncertain



Feedback for the Original

Feedback for the Counterfactual

**organization_feedback**

The essay begins with a clear topic sentence that introduces the
importance of parks for improving mood, but the development
of ideas throughout the body is somewhat disjointed. The
writer provides personal anecdotes and general observations to
support the argument, but transitions between ideas are abrupt,
and there is a lack of clear logical flow. The conclusion does
not effectively summarize the main points or provide a strong
final thought on the topic. The essay would benefit from a
more structured approach, with each paragraph focusing on a
single aspect of the importance of parks and using transitions
to guide the reader through the argument.

**language_use_feedback**

Morphology: There are several errors in verb tense consistency
(1 use to just go outside’ should be ' used to just go outside’)
and subject-verb agreement (’kids finds parks activity enjoy-
able’ should be “kids find park activities enjoyable’). Syntax:
Sentence structures are often simplistic and repetitive, lacking
variety and complexity. There are also instances of awkward
phrasing (’my mom always straggle with tell my brothers to
go outside’ should be 'my mom always struggles to tell my
brothers to go outside’). Vocabulary: The vocabulary is gener-
ally appropriate but lacks diversity and sophistication. There
are instances of imprecise language ("be open minded’ could
be ’become open-minded’, *enjoy life’ could be ’enjoy the
outdoors’).

**conventions_feedback®*

The essay contains several spelling errors (‘straggle’ should
be ’struggle’, ‘rob’ should be ‘rope’), incorrect capitalization
(’iPod’, ’iPhone’, ’'I’, and the first word of sentences should
be capitalized), and punctuation mistakes (missing commas
in compound sentences, incorrect spacing around punctuation
marks). Attention to these details would improve the readabil-
ity and professionalism of the essay.

**organization_feedback**

The essay’s organization needs improvement. Ideas about the
importance of parks and their impact on mood and childhood
experiences are presented, but the logical flow is disjointed.
Transitions between ideas are abrupt or missing, making it
difficult to follow the argument. The introduction lacks a clear
thesis statement, and the body paragraphs do not consistently
develop the initial idea. The conclusion is not clearly defined,
and the essay ends abruptly without summarizing the main
points or providing a final thought on the importance of parks
for children.

**language use_feedback**

Morphology: There are several errors in verb tenses and
subject-verb agreement (e.g., "'my mm takes him ty the park
and ha play’ should be 'my mom takes him to the park and he
plays’). Syntax: Sentence structures are often incomplete or
incoherent, which disrupts the flow of information (e.g., "Know
i barely even go outside i go ti school and then i come back is
just’ is difficult to understand). Vocabulary: Word choice is
sometimes inaccurate or too simplistic, and there is a lack of
diversity in vocabulary. More precise language could enhance
the clarity of the essay (e.g., 'bouring’ should be ’boring’,
"actvity enjoyble” should be ’activities enjoyable’).

**¥conventions_feedback**

The essay contains numerous spelling errors (e.g., 'iMy’,
"btother’, ’ty’, "ha play’, ’1f’, "alls’, ’jn’, ’tie’, ’suing’, ’actvity’,
'mint’, *whi offen’, ’leke’, ’ext’, ’litter’, "bi on m’i phone’,
‘utside’, tou’, *weill’, offen mindend’, *thingh’, *dayl’, "field’,
‘wak ta giong tte park’, 'nown’, "mer’, "estay’, 'gou’). Capital-
ization is inconsistent, and punctuation is often missing or used
incorrectly, making it challenging to understand the intended
meaning of sentences.




Feedback Generation and Evaluation
200 samples from ELLIPSE, GPT4-turbo, three annotators

Category Counterfactual Type Detection Rate%

Error Correction j 04

: Spelling 68
Conventions SVA 43
WOS 80
Language Complexification 100
Complexity  Simplification 32
Orspnization InParaShuffle 40
InTextShuffle 20

Table 7: Voting-Based Detection Rates of Original vs.
Counterfactual Feedback.



Conclusions

« BERT-like models show higher scoring agreement W|th human raters than
LLMs and they are hlghly sensitive to interventions on ¢ ntions & accuracy
and language comp . However, they struggle to dlstlngwsh |ntervent|ons
on organlzatlon and development

« LLMs respond more comprehenswely to all the interventions than BERT-like
models do, indicating a closer alignment with the criteria specified in scoring
rubrics.

« Further analysis shows that while zero-shot prompted LLMs show lower
scoring agreement compared to BERT-like models, a major reason for this is
that they tend to be conservative or strict when evaluating the essay. FSL and
SFT could significantly increase the agreement level with annotated essays
serve as anchors to neutralize the conservatism.
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