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Part-of-speech tagging (POS)

* Whether CWRs capture basic syntax
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CCG supertagging (CCG)

Mr.

N/N

The vectors’ fine-grained information about the syntactic roles of words in
context.

CCG is lexicalized grammar formalism that has two kinds of categories:

atomic categories (S, N, NP, and PP for sentence, nouns, noun phrases

and prepositional phrases, respectively)

complex categories that contain two parts: an argument and a result, denoted by

slashes (‘\’ or ‘/’) indicating whether the argument is expected to lie to the right or
left

Vinken is chairman of Elsevier N.V. , the Dutch publishing  group .
N (S[dcl|'NP)/NP N (NP\NP)/NP N/N N . NP[nb}/N N/N N/N N

https://www.sciencedirect.com/science/article/pii/S0925231217319124



Syntactic constituency ancestor tagging

* The vectors’ knowledge of hierarchical syntax.

* Constituent parsing is a core problem in NLP where the goal is to obtain the
syntactic structure of sentences expressed as a phrase structure tree.

* For a given word, the probing model is trained to predict the constituent label of
its parent (Parent), grandparent (GParent), or great-grandparent (GGParent) in
the phrase-structure tree (from the PTB).

S

NP
PP
NP

PRP NN VBD DET JJ NN IN DET NN
My daughter broke the red toy with a hammer .



Semantic tagging task (ST)

* Tokens are assigned labels that reflect their semantic role in context.
* These semantic tags assess lexical semantics.

£elo]  BRE NENTS B

|QUE[ (DEG i xmom 'DEF (ART)  [(REL) 'GEO! _[QUE)
How all the greenmonster at  Fenway "

'HAS) (ROL) EPS)  (REL) (DEF | GPE)] [(SUB EXS) . _[con) (NIL)
My sister went to the UnlteduStates "to study English

'AND) : . __lcow) [PST. ‘ BUT)  (PRO) NOW NOT EXT DIS) (NIL
Any contribution was apprec1ated but we have n’t got any ;

ml POS) EXS] [UOM) QUC, [(AND (UOM) (NIL)
hlmself an earn $ 10 a day ;

https://pdfs.semanticscholar.org/5322/d6d76dbbal56ab357dfa58330cc84c425e6¢.pdf



Preposition supersense disambiguation

* This task is a specialized kind of word sense disambiguation, and
examines one facet of lexical semantic knowledge.

* The model is trained and evaluated on single-token prepositions
(rather than making a decision for every token in a sequence).

(1) I was booked for/DURATION 2 nights at/[.OCUS this
hotel in/T1ME Oct 2007 .

(2) I wentto/GOAL ohm after/EXPLANATION~»TIME
reading some of/QUANTITY~»WHOLE the reviews .

(3) It was very upsetting to see this kind of/SPECIES

behavior especially in_front_of/[.OCUS
my/SOCIALREL~GESTALT four year_old .



Event factuality (EF) task

* Labeling phrases with the factuality of the events they describe

 The model is trained to predict a (non)factuality value in the range
[-3, 3].

* This task is treated as a regression problem, where a prediction is
made only for tokens corresponding to events (rather than every

token in a sequence).

Jo didn’t remember to leave. leaving did not happen
Jo didn’t remember leaving.
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Syntactic chunking (Chunk)

* Whether CWR s contain notions of spans and boundaries
* Segment text into shallow constituent chunks.

W e S a w t h e yellow d og
PRP VBD DT JJ] NN

NP / NP
Token /

Chunk




Named entity recognition (NER)

* Whether CWRs encode information about entity types.

Date] |[Time] [Person|
At the W party Thursday night at Chateau Marmont, Cate Blanchett barely made it up in the elevator.



Grammatical error detection (GED)

* Whether embeddings encode features that indicate anomalies in their input
* Task of identifying tokens which need to be edited in order to produce a
grammatically correct sentence.

Grammaticll — rpi ro e T
Error Detection Lo [ g
Grammaticality {7 [ = Py e
Y Checking O 0 0 1 O
i I iy e | s e

Classification S 1} L e e RN R O N B SRR



Conjunct identification (Conj)

* Requires highly specific syntactic knowledge.

“[(Jeff Bezos, an American | electrical engineer) and ([(technology) and
(retail)] entrepreneur)/, founded [(Amazon.com) and (Blue Origin)]) and
(his diversified business interests include [(books), (aerospace) and
(newspapers)/)].”

[(1-18), (20-29)]

PN

[(15-15) , (17-18)]| | [(25-25).(27-27).(29-29)]

T

[(9-9), (11-11)]
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Pairwise Relations

* Examine whether relationships between words are encoded in CWRs.

* Syntactic dependency arc prediction

 The model is trained to predict whether the sentence’s syntactic dependency parse
contains a dependency arc two words

 syntactic dependency arc classification

 The model is trained to predict the type of syntactic relation that link them (the label
on that dependency arc).

* Semantic dependency arc prediction
* Semantic dependency arc classification

e Coreference arc prediction
 The model is trained to predict whether two entities corefer from their CWRs.
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ELMo (Embeddings from Language Models)

* Forward language model

ELMo
N Bt - 5
p(tlstzv"'at}\") = Hp(tk I t]vt'Zs"-atk—l)' Lmﬁ
* Backward language model
N
p(tla t?v ceey tN) = H p(tk I tk+17tk—+—21 e ’tN)
k=1

* Jointly maximizes the log likelihood of the forward
and backward directions

N
\ ©.. Token representation
Y (logp(ti | tr,. .. tr—1; 0,{8 Lsrar, O = 3
k=1 :
. O, Softmax layer
+log p(tk | tks1y---,tN1OH © LsTM|©Of) )




OpenAl GPT(Generative Pre-trained Transformer)

 Use a standard language modeling objective to maximize
the following likelihood:

Li({U) = Zlog Pluglus—ps « .« s Us—1; 0)

A multi-layer transformer decoder for the language model

oo [cusster]  ho = UW, + W
Prediction — o
- e 0 ¢ 3 )
f h; = transformer_block(h;—1)Vi € [1,n] OpenAl GPT
u”ém P(u) = softmax(h, W) G ) | "
| ( Tm .,'>.  Yrm - ) ;"/ Trm )
Feed Forward ! 1 P N , (S
" i \ U= (u_g,...,u_1) contextvector of tokens | TA/'T ‘
B | W, token embedding matrix T"M
3 i W, position embedding matrix i (& ][e ] =T
Masked Multi I 1
Seliagenton 1| [ ¥ n number of layers \
Text & Position Embed




BERT(Bidirectional Encoder Representations
from Transformers)

 BERT’s model architecture is a multi-layer bidirectional
Transformer encoder. BERT
 L:number of layers
 H: hidden size
 A:number of self-attention heads.
* Model
e BERTsase: L=12, H=768, A=12, Total

Parameters=110M (have an identical model size as OpenAl GPT for
comparison purposes)

* BERTLareE : L=24, H=1024, A=16, Total
Parameters=340M
* Note:
 BERT: Bidirectional Transformer encoder
* OpenAl: Left-context-only Transformer decoder




Contextualizers

* ELMo (original) uses a 2-layer LSTM
 ELMo (4 layer) uses a 4-layer LSTM
* ELMo (transformer) uses a 6-layer transformer

* OpenAl transformer is a left-to-right 12-layer transformer language
model

* BERT (base, cased), which uses a 12-layer transformer
* BERT (large, cased), which uses a 24-layer transformer

BERT (Ours) OpenAl GPT




Probing Model

* Use a linear model as our probing model; limiting its capacity enables us to focus
on what information can be easily extracted from CWRs.

Predicted Labels
(e.g., POS tags)

NNP

Probing Model

——————————————————————————————————————

Contextual Word
Representations

Pretrained Contextualizer

f f f f

Input Tokens Ms. Haag plays Elianti -/

> freezing
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Models

Results and Discussion

Tasks
Pretrained Representation POS Supetsense. D
Avg. CCG PTB EWT Chunk NER ST GED PS-Role PS-Fxn EF

ELMo (original) best layer 81.58 93.31 97.26 95.61 90.04 8285 93.82 29.37 7544 8487 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78 82.06 94.18 2924 7478 8596 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06 81.21 93.78 30.80 72.81 82.24 70.88
OpenAl transformer best layer 75.01 82.69 93.82 91.28 86.06 58.14 87.81 33.10 66.23 76.97 74.03
BERT (base, cased) best layer 84.09 93.67 9695 9521 92.64 8271 93.72 4330 79.61 8794 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 95.80 93.64 84.44 9383 4646 79.17 90.13 76.25
GloVe (840B.300d) 5994 71.58 9049 83.93 62.28 53.22 8092 1494 40.79 5154 49.70
i H g i 83.44 947 9796 9582 9577 9138 95.15 39.83 66.89 7829 77.10

(without pretraining)




ELMo (original), Layer 0 7827 7773 82.05 78.52
ELMo (original), Layer | 89.04 8646 96.13 93.01
ELMo (original), Layer 2 88.33 8534 94.72 9132
ELMo (original), Scalar Mix 89.30 86.56 95.81 91.69

Results and Discussion

POS Supersense ID
Avg. CCG PTB EWT Chunk NER ST GED PS-Role PS-Fxn EF

Pretrained Representation

ELMo (originalp best layer 81.58 93.31 97.26 95.61 90.04 82.85 93.82 2937 75.44 8487 73.20
ELMo (4-layer)jbest layer 81.58 93.81 97.31 95.60 89.78 82.06 94.18 2924 7478 8596 73.03
ELMo (transforjner) best layer |80.97 92.68 97.09 95.13 93.06 81.21 93.78 30.80 72.81 82.24 70.88
OpenAl transfofmer best layer |75.01 82.69 93.82 91.28 86.06 58.14 87.81 33.10 66.23 7697 74.03
BERT (base, cafed) best layer |84.09 93.67 96.95 9521 92.64 8271 93.72 4330 79.61 87.94 75.11
BERT (large, cgsed) best layer |85.07 94.28 96.73 95.80 93.64 84.44 9383 4646 79.17 90.13 76.25

GloVe (840B.300d) 59.94 71.58 90.49 83.93 62.28 53.22 8092 1494 40.79 5154 49.70

Previous state of the art 83.44 947 9796 9582 9577 91.38 95.15 39.83 66.89 7829 77.10
(without pretraining)

 The Best layerwise linear probing model for each contextualizer.
* A GloVe-based linear probing baseline.
 The previous state of the art.(SOTA)

[




Results and Discussion

POS Supersense ID
Avg. CCG PTB EWT Chunk NER ST GED PS-Role PS-Fxn EF

Pretrained Representation

ELMo (original) best layer 81.58 93.31 97.26 95.61 90.04 82.85 93.82 2937 75.44 8487 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78 82.06 94.18 2924 7478 8596 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06 81.21 93.78 30.80 72.81 82.24 70.88
OpenAl transformer best layer 75.01 82.69 93.82 91.28 86.06 58.14 87.81 33.10 66.23 7697 74.03
BERT (base, cased) best layer 84.09 93.67 96.95 9521 92.64 8271 93.72 4330 79.61 87.94 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 9580 93.64 84.44 9383 4646 79.17  90.13 76.25

GloVe (840B.300d) 59.94 71.58 90.49 83.93 62.28 53.22 8092 1494 40.79 5154 49.70

Previous state of the art

: o 83.44 947 9796 9582 95.77 9138 95.15 3983 6689 7829 77.10
(without pretraining)

* Inall cases, CWRs perform significantly better than the noncontextual baseline.



Results and Discussion

POS Supersense ID
Avg. CCG PTB EWT Chunk NER ST GED PS-Role PS-Fxn EF

Pretrained Representation

ELMo (original) best layer 81.58 93.31 97.26 95.61 90.04 82.85 93.82 2937 75.44 8487 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78 82.06 94.18 2924 7478 8596 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06 81.21 93.78 30.80 72.81 82.24 70.88
OpenAl transformer best layer 75.01 82.69 93.82 91.28 86.06 58.14 87.81 33.10 66.23 7697 74.03
BERT (base, cased) best layer 84.09 93.67 96.95 9521 92.64 8271 93.72 4330 79.61 87.94 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 95.80 93.64 84.44 9383 4646 79.17 90.13 76.25

GloVe (840B.300d) 59.94 71.58 90.49 83.93 62.28 53.22 8092 1494 40.79 5154 49.70

Previous state of the art 83.44 947 9796 9582 9577 91.38 95.15|39.83 6689 7829 | 77.10
(without pretraining)

* Probing models rivaling or exceeding the performance of (often carefully tuned
and task-specific) state-of-the-art models.



Results and Discussion

POS Supersense ID
Avg. CCG PTB EWT Chunk NER ST GED PS-Role PS-Fxn EF

ELMo (original) best layer 81.58 93.31 97.26 95.61 90.04 82.85 93.82 2937 75.44 8487 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78 82.06 94.18 2924 74.78 85.96 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06 81.21 93.78 30.80 72.81 82.24 70.88
OpenAl transformer best layer 75.01 82.69 93.82 91.28 86.06 58.14 87.81 33.10 66.23 76.97 74.03
BERT (base, cased) best layer 84.09 93.67 96.95 9521 92.64 8271 93.72 4330 79.61 87.94 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 95.80 93.64 84.44 9383 4646 79.17 90.13 76.25

GloVe (840B.300d) 59.94 71.58 90.49 83.93 62.28 53.22 8092 1494 40.79 5154 49.70

Previous state of the art
(without pretraining)

Pretrained Representation

83.44 947 9796 9582 95.77 9138 95.15 3983 6689 7829 77.10

 ELMo (4-layer) and ELMo (original) are essentially even, though both recurrent
models outperform ELMo (transformer).



Results and Discussion

(without pretraining)

; ; POS Supersense ID

Pretrained Representation

Avg. CCG PTB EWT Chunk NER ST GED PS-Role PS-Fxn EF
ELMo (original) best layer 81.58 9331 97.26 95.61 90.04 8285 93.82 2937 75.44 8487 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78 82.06 94.18 2924 7478 8596 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06 8121 93.78 30.80 _72.81 _ 82.24 70.88

| OEenAI transformer best layer 75.01 82.69 93.82 9128 86.06 58.14 87.81 33.10 6_6.23 7697 74.03 |

BERT (base, cased) best layer  84.00 93.67 9605 9521 92.64 82.71 93.72 43.30 79.61 8794 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 95.80 93.64 84.44 93.83 4646 79.17 90.13 76.25
GloVe (840B.300d) 5094 71.58 9049 8393 6228 5322 8092 1494 4079 51.54 49.70
Previous state of the art 83.44 947 9796 95.82 9577 91.38 95.15 39.83 66.89 7829 77.10

OpenAl transformer significantly underperforms the ELMo models and BERT. Given that it is also
the only model trained in a unidirectional (left-to-right) fashion, this reaffirms that

bidirectionality is a crucial component for the highestquality contextualizers

The OpenAl transformer is the only model trained on lowercased text, which hinders its
performance on tasks like NER.



Results and Discussion

POS Supersense ID
Avg. CCG PTB EWT Chunk NER ST GED PS-Role PS-Fxn EF

ELMo (original) best layer 81.58 93.31 97.26 95.61 90.04 82.85 93.82 2937 75.44  84.87 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78 82.06 94.18 29.24 74.78 85.96 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06 81.21 93.78 30.80 72.81 82.24 70.88
OpenAl transformer best layer 75.01 82.69 93.82 91.28 86.06 58.14 87.81 33.10 66.23 7697 74.03

Pretrained Representation

BERT (base, cased) best layer 84.09 93.67 96.95 95.21 92.64 82.71 93.72 4330 79.61 87.94 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 9580 93.64 84.44 9383 4646 79.17  90.13 76.25

GloVe (840B.300d) 5994 71.58 90.49 8393 62.28 5322 8092 1494 40.79 5154 49.70

Previous state of the art
(without pretraining)

83.44 947 9796 9582 95.77 9138 95.15 3983 6689 7829 77.10

* BERT significantly improves over the ELMo and OpenAl models.



Results and Discussion

POS Supersense ID
Avg. CCG PTB EWT Chunkj NER | ST GED PS-Role PS-Fxn EF

Pretrained Representation

ELMo (original) best layer 81.58 93.31 97.26 95.61 90.04)] 82.85|93.82 29.37 75.44 8487 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78| 82.06 | 94.18 29.24 74.78 85.96 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06] 81.21 | 93.78 30.80 72.81 82.24 70.88
OpenAl transformer best layer 75.01 82.69 93.82 91.28 86.06] 58.14 | 87.81 33.10 66.23 7697 74.03
BERT (base, cased) best layer 84.09 93.67 96.95 95.21 92.64| 82.71|93.72 4330 79.61 87.94 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 95.80 93.64| 84.44 | 93.83 46.46 79.17 90.13 76.25

GloVe (840B.300d) 5994 71.58 90.49 8393 62.28] 53.22|80.92 1494 40.79 5154 49.70

Previous state of the art

: S 83.44 947 9796 9582 95.77) 91.38|95.15 3983 66.89 7829 77.10
(without pretraining)

* Current methods for CWR do not capture much transferable information
about entities and coreference phenomena in their input



Probing Failures

POS Supersense ID
Avg. CCG PTB EWT Chunk] NER | ST | GED |PS-Role PS-Fxn EF

Pretrained Representation

ELMo (original) best layer 81.58 93.31 97.26 95.61 90.04)] 82.85|93.82) 29.37 | 75.44  84.87 73.20
ELMo (4-layer) best layer 81.58 93.81 97.31 95.60 89.78| 82.06 | 94.18] 29.24 | 74.78 85.96 73.03
ELMo (transformer) best layer 80.97 92.68 97.09 95.13 93.06] 81.21 | 93.78] 30.80 | 72.81 82.24 70.88
OpenAl transformer best layer 75.01 82.69 93.82 91.28 86.06] 58.14 | 87.81] 33.10 | 66.23 7697 74.03
BERT (base, cased) best layer 84.09 93.67 96.95 95.21 92.64| 82.71|93.72 4330 79.61 87.94 75.11
BERT (large, cased) best layer 85.07 94.28 96.73 95.80 93.64| 84.44 | 93.83 46.46 79.17 90.13 76.25

GloVe (840B.300d) 5994 71.58 90.49 8393 62.28] 53.22 | 80.92] 1494 | 40.79 51.54 49.70

Previous state of the art

: S 83.44 947 9796 9582 95.77) 91.38 |95.15] 39.83 | 66.89 7829 77.10
(without pretraining)

* The CWR simply does not encode the pertinent information or any predictive
correlates

* The probing model does not have the capacity necessary to extract the information
or predictive correlates from the vector.



Probing Failures

Probing Model NER GED Con) GGParent
Linear 82.85 29.37 38.72 67.50 Adding more parameters
MLP (10244d) 87.19 47.45 55.09 7880 —— to th bi del
LSTM (200d) + Linear 88.08 48.90 78.21 84.96 \ o the probing mode
BILSTM (512d Task-trained LSTM

: (>120) 90.05 4834 87.07

+ MLP (1024d)

S — Full-featured model

ELMo (original) pretrained contextualizer



Probing Failures

Probing Model NER GED Conj) GGParent
Linear 82.85 20.37 38.72 67.50
MLP (1024d) 87.19 47.45 55.09 78.80

LSTM (200d) + Linear 88.08 48.90 78.21 84.96

BiLSTM (512d)
+ MLP (1024d)

90.05 48.34 87.07 90.38

* Adding more parameters (either by replacing the linear model with a
MLP, or using a contextual probing model) leads to significant gains
over the linear probing model



Probing Failures

Probing Model NER GED Conj) GGParent
Linear 82.85 20.37 38.72 67.50
MLP (1024d) 87.19 47.45] 55.09 78.80

LSTM (200d) + Linear 88.08 48.90] 78.21 84.96

BiLSTM (512d)
+ MLP (1024d)

90.05 48.34 87.07 90.38

* Very similar performance between the MLP and LSTM + Linear
models—this indicates that the probing model simply needed more
capacity to extract the necessary information from the CWRs.



Probing Failures

Probing Model NER GED| Conj GGParent

Linear 82.85 29.37| 38.72 67.50
nearly the same - MLP (1024d) 87.19 47.45| 55.09 78.80
numberof 7 1 STM (200d) + Linear 88.08 48.90 | 78.21 84.96
parameters

BiLSTM (512d) 00.05 48.34 87.07  90.38

+ MLP (1024d)

* Adding parameters as a task-trained component of our probing model leads to large gains
over simply adding parameters to the probing model.

* This indicates that the pretrained contextualizers do not capture the information necessary
for the task, since such information is learnable by a task-specific contextualizer.



Probing Failures

Probing Model NER GED | Conj GGParent
Linear 82.85 29.37 |38.72 67.50
MLP (1024d) 87.19 47.45 |55.09 78.80
LSTM (200d) + Linear 88.08 48.90 |78.21 84.96
BiLSTM (512d)

+ MLP (1024d) 90.05 48.34 87.07 90.38

* Confirm that task-trained contextualization is important when the end task requires specific
information that may not be captured by the pretraining task

* Such end-task specific contextualization can come from either fine-tuning CWRs or using
fixed output features as inputs to a task-trained contextualizer



To Tune or Not to Tune? Adapting Pretrained
Representations to Diverse Tasks

NER SA Nat. lang. inference Semantic textual similarity

Pretraining  Adaptation ¢ ,Ny1,2003 SST-2 MNLI  SICK-E SICK-R MRPC STS-B

Skip-thoughts - 81.8 62.9 - 86.6 75.8 71.8
91.7 91.8 79.6 86.3 86.1 76.0 75.9

ELMo 4 919 91.2 76.4 83.3 83.3 74.7 195
=6- 0.2 -0.6 -3.2 -3.3 -2.8 -1.3 -0.4

92.2 93.0 84.6 84.8 86.4 78.1 82.9

BERT-base 4 924 935 84.6 85.8 88.7 84.8 87.1
A=6- 0.2 0.5 0.0 1.0 2.3 6.7 4.2

Feature based /% Fine tune



To Tune or Not to Tune? Adapting Pretrained
Representations to Diverse Tasks

Conditions
Pretrain  Adapt. Task

Guidelines

Model configuration F,
+ BiLSTM + CRF 95.5
+ CRF 91.9
& + CRF + gradual unfreeze 95.5

& + CRF

& + BiLSTM + CRF + gradual unfreeze 95.2

95.1

NER

Any Any Add many task parameters
Aiig A iy Add minimal task parameters
! Hyper-parameters
Any Any  Seq./clas. and % have similar performance

ELMo Any Sent. pair
BERT Any Sent. pair

use
use




Analyzing Layer-wise Transferability

(a) ELMo (original)

=
Layer 2 BN [ | [ H B

(b) ELMo (4-layer)

=
- s == e
== =i I = =

Layer O

\ The first layer of contextualization in
o recurrent models (original and 4-layer ELMo)

Layer O

Leyerd B == Eea is consistently the most transferable

(c) ELMo (transformer)
Layer O s — _—._—-_ﬁa—= =
Layer6_ e — _--_—

(d) OpenAl transformer ]
Layer0 —— Transformer-based contextualizers have no
1 S — single most-transferable layer; the best

(e) BERT (base, cased) . . .
Lo performing layer for each task varies, and is
PR S e e usually near the middle.

Layer 0

Layer 24

Lower Pelrformance Higher Pe'rformance



Analyzing Layer-wise Transferability

(a) ELMo (original) (b) ELMo (4-layer)

7000 7026 1000 4204
6000
25000 :
B 4000 2398 2363
£3000
. 2000 9 50 1013

1000
1000 235 195
. .

0
ELMo (ongmal) Layer # ELMo (4- Iayer) Layer #

(c) ELMo (transformer)

Perplexity
N w
o o
o o
o o

500

2400
o

8300

$ 200

100

0

ELMo transformer Layer#

* Higher layers in recurrent models consistently achieve lower perplexities.

* The layers of the ELMo (transformer) model do not exhibit such a monotonic
increase. While the topmost layer is best



Analyzing Layer-wise Transferability

Perplexi
N

<

0
0001
000
000€
000v

(b) ELMo (4-layer)
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1 (184)‘
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€101
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# 19
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* Contextualizer layers trade off between encoding general and task-specific features.



Universal Language Model Fine-tuning for
Text Classification ACL18
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The model layers are progressively unfrozen (starting
from the final layer) during the finetuning process.
Higher-level LSTM layers are less general (and more
pretraining task-specific), they likely have to be
finetuned a bit more in order to make them
appropriately task specific.



Transferring Between Tasks

Layer Average

hropesay; Tk Target Task Performance

0 1 2 Mix
CCG 56.70 64.45 63.71 66.06
Chunk 5427 62.69 63.25 63.96
POS 56.21 63.86 64.15 65.13
Parent 54.57 62.46 61.67 64.31
GParent 55.50 62.94 6291 64.96
GGParent 54.83 61.10 59.84 63.81
Syn. Arc Prediction 53.63 59.94 58.62 62.43
Syn. Arc Classification 56.15 64.41 63.60 66.07
Sem. Arc Prediction 53.19 54.69 53.04 59.84
Sem. Arc Classification 56.28 62.41 61.47 64.67
Conj 50.24 49.93 48.42 56.92
BiLM 66.53 65.91 65.82 66.49
GloVe (840B.300d) 60.55
Untrained ELMo (original) 52.14 39.26 39.39 54.42
T aE) 64.40 79.05 77.72 78.90

(BiLM on 1B Benchmark)

Table 3: Performance (averaged across target tasks) of
contextualizers pretrained on a variety of tasks.

ELMo (original) architecture
The training data from each of the pretraining tasks
is taken from the PTB.

Noncontextual baseline (GloVe)
Randomly-initialized, untrained ELMo (original)
baseline

The ELMo (original) model pretrained on the Billion
Word Benchmark



Transferring Between Tasks

o Layer Average
hropesay; Tk Target Task Performance
0 1 2 Mix - 1: . .
* Bidirectional language modeling
CCG 56.70 64.45 63.71 66.06
Chunk 5427 62.69 6325 63.96 ‘A i -
thy 427 0269 6325 639 pretraining is the most effective
Parent 5457 6246 61.67 64.31
GParent 55.50 62.94 6291 64.96 on average.
GGParent 54.83 61.10 59.84 63.81
Syn. Arc Prediction 53.63 5994 58.62 62.43
Syn. Arc Classification 56.15 64.41 63.60 66.07
Sem. Arc Prediction 53.19 54.69 53.04 59.84 o o
Sem. Arc Classification 5628 6241 6147 6467 ® Otronger results from training
i 5() 2
BiLM 66.53 6591 65.82 66.49 on more data (the ELMo orlglnal
GloVe (840B.300d) 60.55 . . -
Untrained ELMo (original) 52.14 39.26 39.39 54.42 BiLM trained on the Billion
ELMo (original)

(BiLM on 1B Benchmark) 0440 79.05 77.72 78.90 Word Benchma rk) .

Table 3: Performance (averaged across target tasks) of
contextualizers pretrained on a variety of tasks.



Transferring Between Tasks

* Pretraining on syntactic dependency arc prediction (PTB),
CCG supertagging, chunking, the ancestor prediction tasks,
and semantic dependency arc classification all give better
performance than bidirectional language model pretraining.
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Multilingual BERT

e <Beto, Bentz, Becas: The Surprising Cross-Lingual Effectiveness of BERT>
* Except with data from Wikipedia in 104 languages.
* Training makes no use of explicit cross-lingual signal

* WordPiece modeling strategy allows the model to share embeddings
across languages

* Subsample words from languages with large Wikipedia and oversample
words from languages with small Wikipedia

e Zero shot cross-lingual transfer, also known as single source transfer, refers
to training and selecting a model in a source language, often a high
resource language like English, then transferring directly to a target
language.



Does mBERT vary layer-wise?
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(e) Dependency parsing (LAS)



Does mBERT retain language specific
information?

e Since mBERT does so well at learning a crosslingual representation, it may do so by abstracting
away from language specific information, thus losing the ability to distinguish between
languages.

e Task : Language identification

e Across all tested layers around 96% accuracy

 mBERT needs to retain enough language-specific information to perform the cloze task and
select language-related subwords.

96.9 -

96.8 -

Accuracy
(o] (o]
> o
()] ~

((o)
o
o



Conclusion

« CWRs ( L F3GAIFAE ) w5 T1ESAIBLfeature ?
« ERZE{FSEH , BERT>ELMo>GPT , I “bidirectional” EiXzEX T RBsSHIVEEZ=
- FBECTHEMES | miS=HJENERFIUBESRTIRE => FEFRIIXSEER
« FE3RBCWRSIRIEE , BERHESIEINMLP (relu)siZ LSTMSIEFHER
« SIHTIE . HARMRERE ine-tunedmibss ? (+ARHKRfreezedmiBas , 1BNtask-specific layer ?
. fRIBESH AR ERtransferability 2 EAFTLHY ?
« XFELMo(LSTM)3ki% , SERUAYZEEtransferable , SE5AYZEEtask-specific
« X¥Ftransformer3Kii , E=EFiEHIEEtransferable , (BREZ N EINBUEERAIVIRESEIF
- 1REIEBtrade offfy , (IS ERIEEF |, 1TBMEHE
. F)I|IEMESSIHES transferabilitys EFEAISA ?
« XU ENESEET) |2k H IR T
- Tl ESHEIEEES | TR ESERMEST
o« FullZREuEEZS | RINREF



Thanks!



