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Summary

e self-supervised learning framework, COCO-LM: PLM by COrrecting and COntrasting corrupted text sequences
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Figure 2: The overview of COCO-LM. The auxiliary Transformer is pretrained by MLM. Its corrupted
text sequence is used as the main Transformer’s pretraining input in Corrective Language Modeling
and paired with the cropped original sequence for Sequence Contrastive Learning.
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Abstract

e Following ELECTRA-style pretraining , COCO-LM employs an auxiliary language model to corrupt text
sequences, upon which it constructs two new tasks for pretraining the main model
o The first token-level task, Corrective Language Modeling, is to detect and correct tokens replaced by the
auxiliary model, in order to better capture token-level semantics. -> ELECTRA All-Tokens MLM2| 7{4B{H

o The second sequence-level task, Sequence Contrastive Learning, is to align text sequences originated from
the same source input while ensuring uniformity in the representation space

o achieves the MNLI accuracy of ELECTRA with 50% of its pretraining GPU hours . COCO-LM

outperforms the previous best models by 1+ GLUE average points.
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o but pretraining via binary classification hinders the model's usage on applications requiring language

modeling capability (e.g., prompt-based learning [15, 28, 46]). It could further distort the representation

space as the Transformers are pretrained to output the same “non-replacement” label for all actual tokens.

o actual tokenOf| Cisi M= Tt output@t £245}17| E0]| representation spacedl| £X| L2



Introduction

o ELECTRA-style pretraining 8f%10i| 7|8t A] COCO-LME auxiliary model(genereator)?}t 11 main Transformer
2 27}X| token-leval, sequence level PLM taskE 5HA|E

e The token-level task, corrective language modeling (CLM), pretrains the main Transformer to detect and
correct the tokens in the corrupted sequences.
A

o It uses a multi-task setup (copy mechanism(RTD)Zt MLM2 SA|0| &) to combine the benefits of
replaced token detection and language modeling.

e The sequence-level task, sequence contrastive learning (SCL), pretrains the model to align text sequences
originated from the same source sequence and enforce uniformity of the representation space

e GLUE [54] and SQUAD [41] benchmarks, COCO-LM not only outperforms state-of-the-art pretraining
approaches in effectiveness, but also significantly improves the pretraining efficiency



Method

o present the preliminaries of PLMSs, their challenges, and the new COCO-LM
framework.

Preliminary on Language Model Pretraining

BERT Pretraining uses the masked language modeling task (MLM) [11], which is to take an input
sequence X ¢ = (27", .. 2" ... x"¥], with 15% random tokens replaced by [MASK] symbols

(e.g., the i-th token), and train the mm:lel to predict the original tokens at the masked positions:

y parml x| b)),

n

[:Igngll .., [MASK];.... :I:.nrjg] T'ranst'c-nnr.r} H MLM Head
where the Transformer generates contextualized representations H = {h;}"_,. The MLM Head
predicts the masked token from the vocabulary V' using the hidden representation h; and token em-
beddings . The pretraining minimizes the MLM loss on the set of masked positions M. Specifically,
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Preliminary on Language Model Pretraining

ELECTRA Pretraining uses two Transformers, a Sgenerator pretrained By MEML and a “discrimi-
A prelTAined Sing e SENerator'S OUIPUES. We rcfer them as @Ukili@ny and maifi Transformers,

as the former is discarded after pretraining and the latter may be trained by “generative” tasks too.

The auxiliary model outputs a corrupted sequence X ™" by sampling from its predicted probability:
MM o (zlhe), ifie M MM = 22 else. (1)

The masked positions are replaced by sampled tokens considered plausible in context by the auxiliary
Transformer, which are more deceiving than random replacements. ELECTRA uses a skinnier
auxiliary network (e.g., hidden dimension is 1/3 of the main model) to control the signal difficulty.

The main Transformer takes X™™ and classifies the replaced tokens:

s Main Transformer ETD Head MLM _ _org
My Main Trnformer, py RIDHead o (1(z3 = 2995 | )

where 1(-) is the indicator function. The Replaced Token Detection (RTD) head uses a sigmoid linear

layer to output the binary probability, and the main Transformer is trained with binary cross entropy
loss. The RTD task is trained on all tokens instead of masked ones and improves efficiency.

The two Transformers are pretrained jointly. The auxiliary model gradually generates more realistic
replacement tokens and the main model learns to better detect them. This forms a natural learning

curriculum and significantly improves ELECTRA's accuracy in downstream tasks [7].



Challenges of ELECTRA-Style Pretraining

e Missing Language Modeling Benefits.
o classification task in ELECTRA is simpler and more stable [61], but raises two
challenges.
= firstis the lack of language modeling capability which is a necessity in
some tasks [6]. For example, prompt-based learning requires a language
model to generate labels
» RTDE SIS LM G & X

= second is that the binary classification task may not be sufficient to

F

ol

capture certain word-level semantics that are critical for token-level tasks



Challenges of ELECTRA-Style Pretraining

e Squeezing Representation Space
o 7|Z transformersk cos %{0| & Ot
o Cf|O[E
= random sentence pairs (from pretraining
corpus)
= semantically similar pairs (from STS-B)

o the representations from Transformer-based
language models often reside in a narrow cone,
where two random sentences have high
similarity scores ( lack of uniformity )

o closely related sentences may have more
different representations ( lack of

alignment )
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Figure 1: Cosine similarity distributions of ran-
dom/similar sequence pairs using [CLS] embed-
dings from pretrained models. Histograms/curves
are distribution bins/kernel density estimates.
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Challenges of ELECTRA-Style Pretraining 2 o 2 40 ———
e Squeezing Representation Space % 10 - % 20
o With RoBERTa, the cosine similarities of most E i - J“ 5 ) |
random sentence pairs are near 0.8, bigger 000 “;"S;lﬂt; 100 0.00 ﬂgﬂf;in:;;ﬂaz;zﬁ 1.00

than many semantically similar pairs. The (2) RoBERTa. (b) ELECTRA.

representation space from ELECTRA is even

Figure 1: Cosine similarity distributions of ran-

dom/similar sequence pairs using [CLS] embed-
both random and similar ones, have dings from pretrained models. Histograms/curves

around 0.9 cosine similarity . are distribution bins/kernel density estimates.

more squeezed. Nearly all sentence pairs,
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Challenges of ELECTRA-Style Pretraining

% 20 1 random 4% 40 5 random
[ similar T similar
. . . ° D D
* This may not be surprising as ELECTRA is % 10 ¥ 20 -
pretrained to predict the same output (“non- 5 \ j
replacement”) for all tokens in these sequences. The S b0 025 050 o075 100 000 025 050 075 1.00
. . . . Cosine Similarity Cosine Similarity
irregular representation space raises the risk of
(a) RoBERTa. (b) ELECTRA.

degeneration [37, 55] and often necessitates

sophisticated post-adjustment or fine-tuning to Figure 1: Cosine similarity distributions of ran-
dom/similar sequence pairs using [CLS] embed-
dings from pretrained models. Histograms/curves
60]. are distribution bins/kernel density estimates.

improve the sequence representations [16, 30, 32,
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COCO-LM Pretraining

e The auxiliary Transformer is pretrained by masked language modeling (MLM) and generates corrupted
sequences.

e The main Transformer is pretrained to correct the corruption (CLM) and to contrast the corrupted
sequences with the cropped sequences (SCL)

Corrective Language Modeling

 cOCOAM Prete o Tacke [AJ[EJ[GJ[DJ[F]““ ——"[ECLS]I[ {\ ) |? )l E; )i E,} )i % ]]
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Figure 2: The overview of COCO-LM. The auxiliary Transformer is pretrained by MLM. Its corrupted
text sequence 1s used as the main Transformer’s pretraining input in Corrective Language Modeling
and paired with the cropped original sequence for Sequence Contrastive Learning.
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COCO-LM Pretraining

e X*MLM2 corrupted sequence
(aux transformers Z1})
e MLM &Z0] copy EE F7t
o ELECTRA All-Token MLM
o UHEISEN copy SES O
sl advantageE =Lt HMHE
e corrupted textOf| CHSH LM O{ &Lt
o ELECTRA EC} s %3
o All-token MLM =22 2|5}
multi-task setup At

Model ELECTRA  All-Tokens MLM  Replace MLM ELECTRA 15% BERT
GLUE score 85.0 84.3 82.4 82.4 822

Table 5: Compute-efficiency experiments (see text for details).

3.3 COCO-LM Pretraining

COCO-LM also employs an auxiliary Transformer to construct the corrupted text sequence, as in
Eqn. (1), but it introduces two new pretraining tasks upon the corrupted sequences to address the
challenges previously described. In the rest of this section, we present these two tasks and then the
detailed configurations of COCO-LM. Its framework is illustrated in Figure

Corrective Language Modeling (CLM) trains the main Transformer to recover the original tokens,
given the corrupted text sequence X MM

MLM Main Transformer CLM Head
X y H }pcm(m‘hi).

The CLM Head uses the hidden representations H to output a language modeling probability, instead
of a binary classification score. The forward pass of the CLM Head is the same as All-Token MLM,
a variation of ELECTRA [7] that consists of a language modeling layer and a binary classification
layer for the copy mechanism:

exp(z, hi)
ZItEV exp(mt h' )

pLM(:rilh'i) =1 (3-"1' = m?{LM) pcopy(]-lh'z') +p:0py(0|hz')

pcup_v(yilh"i.) = B)Cp(yg_ ) (I]pyh' )/ (exp(wwpyh’ ) + ]')

where wyy is a learnable weight and peopy (;| ;) is the copy mechanism (y; = 1 when the input
token is original and can be directly copied to the output; y; = 0 when the input token needs to be
corrected to another token from the vocabulary).

In ELECTRA, All-Token MLM performs worse than RTD [7]. Language modeling on the corrupted
text sequence X M s hard as the replaced tokens from the auxiliary model are more deceiving than
[MASK] . To improve the language model learning, different from All-Token MLM, CLM emplcfjérf a




COCO-LM Pretraining

e RTD taskE copy mechanismoi|
HE

o stop gradient ALE
o ELECTRAO|| M sigmoidX|

OF, RTDAME 2 loss F= L

20 0l
O - HAO

e copy mechanism(RTD)2} LM2
Z A0 & (multi-task learning)
o LM Masking=|Af
corrupted tokenO| U= 20t

multi-task setup that combines the RTD task to explicitly train the copy mechanism peopy (-):

‘Ccupy =—K (Z 1 (thLM — g_’:;‘l"lg) log pcopy(”h'i) +1 (EEJLM # m?ﬁg) logpmpy(mhi)) y {2)

i=1

Liv=-E (Z log prm (mj“ﬂhm))

iEM
i Th;)
=B 3 tog [ 1 (M = 2579 pig, (1[he) + pig (0]h) < SN ,
(2}4 ( ) iy (1100) + iy Of) 5= 25

J{-.:ICI_.I\A-'[ :’\copyﬁcupy + J‘:I-‘:L]M

The hyperparameter A..py balances the weights of the two tasks. The binary cross entropy loss in
Eqn. (2) explicitly trains the copy probability. We also use stop gradient (sg) to decouple the gradient
backpropagation to peopy(-) from the LM task. This way, the main Transformer first learns the easier

classification task and then uses it to help learn the harder LM task. [Thé bifiary classification task'is
trained on all tokens while the language modeling task is trained only on masked positions.

CLM combines the advantages of MLM and ELECTRA: The main Transformer is trained on all
tokens with the help of the binary classification task while also being able to predict words, thus
enjoying the efficiency benefits of ELECTRA and preserving the language modeling benefits.
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COCO-LM Pretraining

e sequence-leveldA= &

Z9| 90% M = cropdiiA
data augmentation
o postive set 1=
o simCSEQ|A=
dropout2 2 AU
e negative= HYX|LHO|| A &
= sequence AL

Sequence Contrastive Learning (SCL) forms a contrastive learning objective upon the sequence
embeddings to learn more robust representations. Broadly, contrastive learning is to align a positive
pair of instances, often different views of the same information [4, 34], in contrast to unrelated
negative instances [22,60]. The different views are often obtained by applying data augmentations
on the same input, for example, rotation, cropping, and blurring on visual representations [4, 34], so
that the neural networks can learn representations robust to these data alterations.

In COCO-LM, the corrupted sequence XM'M already provides a form of data augmentation. We
pair it with another augmentation, X P, a randomly cropped contiguous span of X "¢ (the length of
X°™P is 90% of X°¢ so that the major sequence meaning is preserved), to construct the positive pair
and to contrast with random negatives.

Specifically, a training batch B in SCL includes a random set of corrupted and cropped sequences:
B = {(XMM xRy (XXMM XOP)L with X MM and X P originated from X "%, A positive
contrastive pair (X, X ) consists of either
The negative instances are all the remaining sequences in a T =
contrastive loss is formulated as:

exp(cos(s, st)/7) )

Lsa =-E (log exp(cos(s, s7)/7) + 2 x-ep- exp(cos(s, s7)/7)

c

=_FE (cos(s,s+)/r — log (exp(cos(s, st)/T)+ Z exp (cos(s,s')/‘r))) » 3)

X-eB-

where 8,81, s~ are the representations of X, X T, X —, respectively, from the main Transformer
(i.e., R{crsy). The similarity metric is cosine similarity (cos) and the temperature 7 is set to 1.

As shown in Wang et al. [55], the first term in Eqn. (cos(s, s*)) improves alignment of the
space. It encourages representations to be robust to the corruptions and the alterations on the original
text. The second term in Eqn. (3) promotes uniformity. It pushes unrelated sequences apart in the
representation space and ensures low cosine similarity between random data points. Several studies
have observed improved generalization ability from better alignment and uniformity [16.37, 55].

Aligning XM™M with X P requires the main Transformer to produce sequence representations robust
to both token-level (i.e., MLLM replacements) and sequence-level (i.e., cropping) alterations. The
model is thus encouraged to reason more using partially altered sequences to recover the original
information.

Overall Training. COCO-LM uses the following loss function: 16

Loocorm = Lok, + LMan | pMain 4)



def forward(self, src_tokens, span_tokens=None, features_only=False,
return_all_hiddens=False, classification_head_name=None,
masked_tokens=None, targets=None, xxkwargs):

if seq_contrast and self.args.span > @:
assert span_tokens is not None

COCO'LM Pl‘etl‘aining span_padding_mask = get_padding_mask(span_tokens)

_, extra = self.encoder(

e sequence-leveld| A= Span_tokens,

features_only=True,

90% N Croponl data return_all_hiddens=return_all_hiddens,
padding_mask=span_padding_mask,
augmentatlon seq_contrast=seq_contrast,

*kkwargs

o postive set 1= )

span_seq_emb = extra['"seq_emb"]

o simCSEOHHE
gen_x, extra = self.encoder(
dropothE src_tokens,

features_only=features_only,

negatwe_ HHleHO“ -l return_all_hiddens=return_all_hiddens,
[ [=3 padding_mask=padding_mask,

— Sequence Al-o masked_tokens=masked_tokens,
seq_contrast=seq_contrast,

*xkkwargs

if span_seq_emb is not None:
extra["span_seq_emb"] = span_seq_emb




Network Configurations
e auxiliary model
o Similar to ELECTRA, the auxiliary Transformer is smaller than the main model

o We reduce the number of layers to 1/3 or 1/4 (under base or large model setup,
respectively) but keep its hidden dimension the same with the main model, instead of
shrinking its hidden dimensions

o We disable dropout in it when sampling replacement tokens.

e main model
o standard architecture of BERT/ELECTRA

18



Experimental Setup

e Pretraining Settings
o base, base++, and large++. Base is the BERTBase training configuration [11]: Pretraining on Wikipedia
and BookCorpus [63] (16 GB of texts) for 256 million samples on 512 token sequences

o 32,768 uncased BPE vocabulary

e Model Architecture
o base/base++ model uses the BERT Base architecture [11]: 12 layer Transformer, 768 hidden size, plus
T5 relative position encoding.

o large++ model is the same with BERTLarge, 24 layer and 1024 hidden size, plus T5 relative position
encoding

o auxiliary network uses the same hidden size but a shallow 4-layer Transformer in base/base++ and a
6-layer one in large++. When generating XMLM we disable dropout in the auxiliary model

19



Experimental Setup

e Downstream Tasks
o GLUE [54] and SQUAD 2.0

o Standard hyperparameter search in fine-tuning is performed, and the search space can be found in
Appendix B.
o reported results are the median of five random seeds on GLUE and SQUAD

20



Evaluation Results

e COCO-LM outperforms all
recent state-of-the-art
pretraining models on GLUE
average and SQUAD

e MRPC2} STS-BO|A = XtO|7}
L= 25

GLUE Single Task SQuAD 2.0
MNLI-(m/mm) QQP QNLI SST-2 ColA RTE MRPC STS-B AVG EM Fl1
Base Setting: BERT Base Size, Wikipedia + Book Corpus (16GB)

Model Params

BERT [11] 110M 84.5/- 91.3 91.7 93.2 58.9 68.6 873 89.5 83.1 737 763
RoBERTa |_31 | 125M 84.7/- — - 92.7 - - — - - - 79.7
XLNet |62] 110M 85.8/85.4 - - 92.7 - - - - - 78.5 813
ELECTRA [7] 110M 86.0/85.3 90.0 91.9 93.4 64.3 70.8 849 89.1 83.7 805 833
MC-BERT [61] 110M 85.7/85.2 89.7 91.3 92.3 62.1 75.0  86.0 88.0 B3.7 - -
DeBERTa [23] 134M 86.3/86.2 — - — — - — - - 793 825
TUPE [26] 110M 86.2/86.2 91.3 92.2 93.3 63.6 736 899 B9.2 B49  — -
RoBERTa (Ours) 110M 85.8/85.5 91.3 92.0 93.7 60.1 682 873 B8.5 833 777 B80S
ELECTRA (Ours) 110M 86.9/86.7 91.9 92.6 93.6 66.2 75.1 88.2 89.7 B85.5 797 B8l6
COCO-LM 110M 88.5/88.3 92.0 93.1 93.2 63.9 848 914 90.3 872 824 852
Base++ Setting: BERT Base Size, Bigger Training Data, and/or More Training Steps

XLNet |62] 110M 86.8/- 91.4 91.7 94.7 60.2 74.0 882 89.5 B46 BOZ2 -
RoBERTa |31] 125M 87.6/- 91.9 92.8 94.8 63.6 787 902 91.2 B6.4 B80S 83T
UnilLM V2 [1] 110M 88.5/- 91.7 93.5 95.1 65.2 813 918 91.0 87.1 833 86l
DeBERTa |23] 134M 88.8/88.5 — - — — - — - - 83.1 862
CLEAR [59] 110M 86.7/- 90.0 92.9 94.5 64.3 783 892 BO.8 B5.7T - -
COCO-LM 134M 90.2/90.0 92.2 94.2 94.6 67.3 874 912 91.8 886 854 881
Large++ Setting: BERT Large Size, Bigger Training Data, and More Training Steps

XLNet |62] 360M 90.8/90.8 92.3 94.9 97.0 69.0 859 908 92.5 892 879 906
RoBERTa |31] 356M 90.2/90.2 92.2 94.7 96.4 68.0 B6.6 909 92.4 B89 B6S5 894
ELECTRA [7] 335M 90.9/- 92.4 95.0 96.9 69.1 BR.0 908 92.6 894 RBR.O 906
DeBERTa |23] 384M 91.1/91.1 92.3 95.3 96.8 70.5 - — - - 8RO 907
COCO-LM 367TM 91.4/91.6 92.8 95.7 96.9 739 91.0 922 92.7 90.8 882 91.0
Megatron, 5 [49] 1.3B 90.9/91.0 92.6 - — — - — - - 87.1 90.2
Megatrona g [49] 3.9B 91.4/91.4 92.7 - — — - — - - 8BRS 91.2

Table 1: Results on GLUE and SQuAD 2.0 development set. All results are single-task, single-model
fine-tuning. Results not available in public reports are marked as “~". DeBERTa reported RTE,
MRPC and STS-B results by fine-tuning from MNLI checkpoints which are not single-task results.
We use Spearman correlation for STS, Matthews correlation for CoLA, and accuracy for the rest on
GLUE. AVG is the average of the eight tasks on GLUE. All baseline results unless marked by (Ours)
are reported by previous research.
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Evaluation Results

Model Params MNLI-(m/mm) QQP QNLI S5T-2 CoLA RTE MRPC §STS-B AVG
Base/Base++ Setting: BERT Base Size

BERTgase 110M 84.6/83.4 89.2 905 93.5 52.1 66.4 848 85.8 80.8
ELECTRAgse++  110M 88.5/88.0 89.5 931 96.0 64.6 75.2 881 90.2 85.6
COCO-LMpuses+  134M 89.8/89.3 89.8 94.2 95.6 68.6 82.3 885 90.3 874
Large/Large++ Setting: BERT Large Size

BERT Large 335M 86.7/85.9 893 927 94.9 60.5 70.1 854 86.5 83.2
ELECTRALugess  335M 90.7/90.2 904 955 96.7 68.1 86.1 89.2 01.7 88.5
COCO-LMLugesr  367TM 91.6/91.1 9.5 958 96.7 70.5 89.2 884 91.8 89.3

Table 2: GLUE test set results obtained from the GLUE leaderboard. We perform hyperparameter
search for each task with ten random seeds and use the best development set model for test predictions.
All results are from vanilla single-task fine-tuning (no ensemble, task-specific tricks, etc.).



Efficiency

e COCO-LM is more efficient in GPU hours. It outperforms RoBERTa & ELECTRA by 1+ points

0 %
o L
< <,
D D
o 7
. _ —— COCO-LM . .
5 82.5 - . % RoBERTa z 82.5 7 : % RoBERTa
- . W ELECTRA - . W ELECTRA
80.0 1 - r 80.0 1 . T
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Training Time (Hours) Training Time (Hours)
(a) MNLI-m (b) MNLI-mm

Figure 3: COCO-LMg,, on MNLI Dev. (y-axes) at differ
ent pretraining hours on four DGX-2 nodes (64 V100 GPUs)
The final training hours and accuracy of RoBERTa (Ours) anc
ELECTRA (Ours) measured in the same settings are marked.



Ablation Studies

e base setting on GLUE DEV
o CoLA taske= 2l O|EA| Bt HA LIZHE7}

e SCLO &1H= 0.3 AVG HX..?! (COCO-LM vs CLM Only -> 20| 2tAF STS-B= CLM Only2t H|=, MRPC=
COCO-LMO| & =)

Group Method MNLI-(m/mm) QQFP QNLI 5§§8T-2 CoLA RTE MRPC STS-B AVG

COCO-LMgys. 88.5/88.3 92.0 931 93.2 63.9 848 914 0.3 87.2
Pretraining RTD Only 88.4/88.2 92.1 93.5 92.7 67.3 805 890 50.9 86.8
Task CLM Only 88.6/88.4 92.0 932 93.7 67.4 80.1 900 00.4 86.9

SCL + RTD 88.6/88.2 92.1 93.5 93.8 64.3 82.7  90.2 90.6 86.9
Network w/o. Rel-Pos 88.2/87.7 922 934 93.7 68.8 827 912 90.6 87.6
Setting w. ELECTRA's Auxiliary  88.0/87.7 91.9 927 93.5 64.3 81.2 895 89.7 86.3
Training w. Random Replacements  84.9/84.7 914  91.1 01.4 41.6 700 873 87.1 80.6
Signal w. Converged Auxiliary 88.3/88.1 92.0 928 94.3 64.2 783 904 90.2 86.3
CLM All-Token LM Only 87.2/87.0 918 926 93.7 60.6 740 885 89.7 84.7
Setup CLM w/o. Copy 88.0/87.9 91.8 931 94.4 66.6 76.9 895 90.1 86.3

CLM w/o. Stop-grad 88.5/88.2 92.0 929 94.3 66.5 80.9 900 90.6 86.9

Table 3: Ablations on GLUE Deyv. that eliminate (w/o.), keep (Only) or switch (w.) one component.
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Architecture.

e Removing relative position encoding ( Rel-Pos ) leads to better numbers on some tasks but
significantly hurts MNLI.

Pretraining Signal Construction.

e Using randomly replaced tokens to corrupt text sequence hurts significantly.
Using a converged auxiliary network to pretrain the main model also hurts. It is better to pretrain
the two Transformers together

CLM Setup.

e Disabling the multi-task learning and using All-Token MLM [7] reduces model
accuracy.

e The copy mechanism is effective. The benefits of the stop gradient operation are more on
stability (preventing training divergence).
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Analyses of Contrastive Learning with SCL

Ablation on Data Augmentation

e original sequence= 50| SOFX| =0, less
informatives}’| i=0|2f 11 sfAdet
o =& 0| CHSH robuststA| BHE24=7t Q1]
N

B7.0
87.0 -
86.0 —.
TO% 90% 100%
XP Jength (w.r.t. X°7F)

GLUE AVG

Figure 4: The performance of
COCO-LMg,. when pretrained
with different crop fractions. The
x-axis is the fraction of X ¢ be-
ing kept (no cropping is 100%).
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Analyses of Contrastive Learning with SCL

Alignment and Uniformity

e The representation space from COCO-LM is drastically
different from those in Figure 1

e With COCO-LM, similar pairs are more aligned and
random pairs are distributed more uniformly
o Many similar pairs have near 1 cosine
similarity and are clearly separated from
random pairs which center around 0.
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Figure 1: Cosine similarity distributions of ran-
dom/similar sequence pairs using [CLS] embed-
dings from pretrained models. Histograms/curves
are distribution bins/kernel density estimates.
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Alignment and Uniformity

e t-SNEO||A| similiar sentence pairs
9| average cosine similarity is
0.925 when pretrained with SCL,
while is 0.863 without SCL.

( Figure 6)

Regularizing the Representation
Learning for Better Few-Shot
Ability.

e SCL XM &E36I™H cosine sim &Lt
repsentationO| E[L| MNLI 7|&
dsk Z0FX|HE}

e SCL is necessaryto regularize
the representation space
and to reduce the risk of
degeneration
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Figure 5: Cosine similarity of se-
quence pairs randomly sampled
from pretraining corpus and most
similar pairs from STS-B using
[CLS] from COCO-LMp,.

Figure 6: The t-SNE of sequence representations learned with or
without SCL. The points are sampled from the most semantically
similar sentences pairs from STS-B (with 5-score labels). The
[CLS] embeddings are not fine-tuned. Some randomly selected
similar pairs are marked by same shapes.
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Figure 7: Analyses of SCL. Figs. (a) and (b) show the average cosine similarity between the [CLS]
embeddings of positive and negative contrastive pairs during pretraining. Figs. (¢) and (d) show the
few-shot accuracy on MNLI with different fractions of MNLI training set used (x-axes). The error
bars mark the max/min and the solid lines are the average of five fine-tuning runs.
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Analyses of Language Modeling with CLM

e CLM} All-Token MLM H|11

e |tis quite an unbalanced task

o CHEEQS| EZE(Original)2 thad| 1 EZ2S input22£ copydh= task

= A3
E_I_OCI;I

= For the majority of the tokens (Original) the task is simply to copy its input atthe same position.

oF 7~8% M7t 1A=l E2(Replaced)0|1 aux modeld|M 2 EZ2 orginal2 S7A|7|= task

= Al

=T o

= For the replaced tokens (7 — 8% total), however, the model needs to detect the abnormality brought by the auxiliary model and recover the

original token

thus the LM head may confuse original tokens with replaced ones
= ELECTRA, pretraining with All-Token MLM performs worse than using the RTD task (Table 3), though the latter is equivalent to only

training the copy mechanism

Implicitly training the copy mechanism as part of the hard LM task is not effective: The copy accuracy of All-Token MLM is much lower, and

= The multi-task learning of CLM is necessary for the main Transformer to stably learn the language modeling task upon the corrupted

text sequence.

e (c) 22iZ= & Ofah7t et

0.30

.25

Copy Acc.

o All-Token MLM
— LM

0.20

5 10
Training Steps {x1ed)
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Copy Acc.

0.989 i

Training Steps | x1ed)

(a) Copy Acc. (Replaced) (b) Copy Acc. (Original)
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(¢c) CLM Acc. (Replaced) (d) CLM Acc. (Original)

Figure 8: The copying accuracy and the language modeling accuracy (y-axes) of CLM and All-Token
MLM at different pretraining steps (z-axes, in 10K scale). The accuracy is averaged on tokens that
are replaced by the auxiliary Transformer (Replaced) or those from the original input text (Original).
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Prompt-Based Fine-Tuning with CLM

o ROBERTa ChiH| Z2t7} =2
e [MASK] EZ EX0| =0, 221 = prompt-base learningS &3t}
o the prompt-based fine-tuning experiments on MNLI for RoBERTa and
COCO-LM under base++ and large++ sizes

o COCO-LM's main Transformer does not even see any [MASK] tokens during
pretraining but still performs well on predicting masked tokens for prompt-
based learning.

o Note that ELECTRA and COCO-LM variants without the CLM task are not
appli- cable: Their main Transformers are not pretrained by language
modeling tasks (thus no language modeling capability is learned to generate
prompt label words).

Model MNLI-m MNLI-mm

RoBERTagsc++ 60.1 (1.5) 61.8(1.2)
COCO-LMpgges+  66.5(2.1) 68.0(2.3)
RoBERTay ypes 70.7 (1.3) 72.0(1.2)
COCO-LMypgeges++ 72.0(1.5) 73.3(1.1)

Table 4: Few-shot prompt-based fine-tuning
using RoBERTa and COCO-LM trained on
16 samples per class. Mean (and standard
deviation) accuracy results over 5 different
splits on MNLI-m/mm are shown.
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Conclusion and Future Work

e we present COCO-LM , which pretrains language models using Corrective Language Modeling and Sequence
Contrastive Learning upon corrupted text sequences

e With standard pre-training data and Transformer architectures, COCO-LM improves the accuracy onthe GLUE
and SQUAD benchmarks, while also being more efficient in utilizing pretraining computing resources and
network parameters

e One limitation of this work is that the contrastive pairs are constructed by simple cropping and MLM
replacements

e To better understand and tailor the training of the auxiliary model to the main model is another important future
research direction
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o https://github.com/microsoft/COCO-
LM/issues/2#issuecomment-1003639940

sclZ (span2 2 oHH AH|DHD, src2x oHH 1)
—

_

¢l 2E X[ (34 2l|=0{|M= pretraining #& 2
L& GPU M1E 2= 0|4 w202t 8h):

o https://github.com/microsoft/COCO-
LM/blob/6bb6e5f62d65349657dd51f2f535454a1
cb50c2e9/fairseg/fairseg/models/cocolm/model.py#
L190

unofficial implementation:
o https://github.com/lucidrains/coco-Im-
pytorch/blob/main/coco_lm_pytorch/coco_lm_pytor

ch.py

forward(self, src_tokens, span_tokens= , features_only=
return_all_hiddens= , classification_head_name=
masked_tokens=| , targets= , *kkwargs):

if seq_contrast self.args.span > @:

assert span_tokens

span_padding_mask = get_padding_mask(span_tokens)

_, extra = self.encoder(
span_tokens,
features_only= .
return_all_hiddens=return_all_hiddens,
padding_mask=span_padding_mask,
seq_contrast=seq_contrast,
*kkwargs

)

span_seq_emb = extral['seq_emb"]

gen_x, extra = .encoder(
src_tokens,
features_only=features_only,
return_all_hiddens=return_all_hiddens,
padding_mask=padding_mask,
masked_tokens=masked_tokens,
seq_contrast=seq_contrast,
S TET S

)

if span_seq_emb A
extral"span_seq_emb"] = span_seq_emb
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https://github.com/lucidrains/coco-lm-pytorch/blob/main/coco_lm_pytorch/coco_lm_pytorch.py

