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The Elements of ALBERT

Factorized embedding parameterization
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The Elements of ALBERT

Factorized embedding parameterization
ES H2IZ 37| otX| 20t 5! RH2 HE 7|R= A!
« Embedding size (E) - context-independent 2f representation

« Hidden layer size (H) - context-dependent ¢t representation
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The Elements of ALBERT

Factorized embedding parameterization
« BERTO|AM= E=H O|2& vocabulary size(V)0| CidiA| Embedding parameters= O(VxH)Y.
« ALBERTS| A< decompostion=2 Sl F712| matrixZ factorization E<<H 0|2 =2

Embedding parameters= O(VxE + ExH)7| ¥ E0{F

* V =Vocabulary size
* H = Hidden-state dimension

* E = Word embedding dimension
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class Embeddings(nn.Module):
"The embedding”module from word, position and token_type embeddings."
f __init__ (self, cfg):
super().__init_ ()

The Ele

self.tok_embedl M.Embedding(cfg.vocab_size, cfg.embedding)
self.tok_embed2 .Linear(cfg.embedding, cfg.hidden)

self.pos_embed .Embedding(cfg.max_len, cfg.hidden)
self.seg_embed = nn.Embedding(cfg.n_segments, cfg.hidden)

Factorized embeddin sett.narn = Layerhorncto)

+ BERTOIA= E=H 0| e meters= O(VxH)2.

seq_len = x.size(1)
pos = torch.arange(seq_len, dtype=torch.long, device=x.device)

. ALBERTQ' 704%3_ deC = pos.unsqueeze(0).expand_as(x) 5 ; <H OlEE

self.tok_embed1(x)

Embedding parame self.tok_embed2(e)

e + self.pos_embed(pos) + self.seg_embed(seg)
el

return self.norm(e)

* V =Vocabulary size
* H = Hidden-state dimension

* E = Word embedding dimension
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The Elements of ALBERT

Cross-Layer Parameter Sharing
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The Elements of ALBERT
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Figure 1: The L2 distances and cosine similarity (in terms of degree) of the input and output embed-
ding of each layer for BERT-large and ALBERT-large.
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Sentence Order Prediction
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The Elements of ALBERT

Model Setup

« ALBERT_large= BERTECL} 184} X2 parameter & 7%

EI

Model Parameters Layers Hidden Embedding Parameter-shanng
base [08M 2 768 768 False
BERT large 334M 24 1024 1024 False
base I2ZM 12 Thi 128 True
large | &M 24 1024 128 True
ALBERT xlarge GOM 24 2048 128 True
xxlarge 235M 12 4096 128 True

Table 1: The configurations of the main BERT and ALBERT models analyzed in this paper.






Experimental Results

Experimental Setup

* Training data

* BookCorpus
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» English Wikipedia
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Experimental Results

F1 EM
BERTS} ALBERTS| M5 H|u!

Model Parameters SQuADIIl  SQuAD2.0 MNLI SST-2 RACE | Avg | Speedup

base 108M 90.4/83.2 80.4/77.6 84.5 92.8 68.2 | 82.3 4.7x
BERT [ large 334M 92.2/85.5 85.0/82.2 86.6 93.0 739 [ 85.2 1.0_|

base 12M 89.3/82.3 80.0/77.1 81.6 90.3 64.0 | 80.1 5.6x

ALBERT large 18M 90.6/83.9 82.3/79.4 83.5 91.7 68.5 | 824 1.7x

xlarge 60M 92.5/86.1 86.1/83.1 86.4 92.4 74.8 | 85.5 0.6x

xxlarge 235M 94.1/88.3 88.1/85.1 88.0 05.2 82.3 | 88.7 0.3x

Table 2: Dev set results for models pretrained over BOOKCORPUS and Wikipedia for 125k steps.
Here and everywhere else, the Avg column 1s computed by averaging the scores of the downstream
tasks to its left (the two numbers of F1 and EM for each SQuAD are first averaged).
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Experimental Results

Vocabulary embedding size0]| Ci$t 45 |

« Not shared (BERT-style)0|A= embedding size?} 2
« all-shared (ALBERT-style)d|A= embedding size2t 4&0| H

Model E  Parameters | SQuADI.I SQuAD2.0 MNLI SST-2 RACE | Avg
ALBERT 64 8TM 89.9/82.9 80.1/77.8 82.9 91.5 66.7 81.3
base 128 8OM 89.9/82.8 80.3/77.3 83.7 91.5 67.9 81.7
not-shared 296 93M 90.2/83.2 80.3/77.4 84.1 91.9 67.3 81.8
768 108M 90.4/83.2 80.4/77.6 84.5 92.8 68.2 82.3
ALBERT 64 10M 88.7/81.4 77.5/74.8 80.8 89.4 63.5 79.0
basc | 128 12M 89.3/82.3 80.0/77.1 81.6 90.3 64.0 80.1 |
allshared 220 16M 88.8/81.5 79.1/76.3 81.5 90.3 63.4 79.6
768 31IM 88.6/81.5 79.2/76.6 82.0 90.6 63.3 79.8

Table 3: The effect of vocabulary embedding size on the performance of ALBERT-base.



Experimental Results

« BE=all-shared

« Attention parameters 2{%t= 20O =2

ot A9

—

Model Parameters | SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg

ALBERT all-shared _ 3IM 88.6/81.5 79.2/76.6 82.0 90.6 63.3 79.8
base shared-attentio 83M 89.9/82.7 80.0/77.2 84.0 91.4 67.7 81.6
F=768 shared-FFN 57TM 89.2/82.1 78.2/75.4 81.5 90.8 62.6 79.5
not-shared 108M 90.4/83.2 80.4/77.6 84.5 92.8 68.2 82.3

ALBERT all-shared . 12M 89.3/82.3 80.0/77.1 82.0 90.3 64.0 80.1
base shared-attention 64M 89.9/82.8 80.7/77.9 83.4 91.9 67.6 81.7
F=128 shared-FFN 38M 88.9/81.6 78.6/75.6 82.3 91.7 64.4 80.2
not-shared 89M 89.9/82.8 80.3/77.3 83.2 91.5 67.9 81.6

Table 4: The effect of cross-layer parameter-sharing strategies, ALBERT-base configuration.
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Experimental Results

+ NSP BHH|ZtO 2L SOP THA| M52 £0|X| RIX|EH SOP B NSP IHA| 52 &0|= 21 ol

« HAEMOZ SOP= 25 downstream taskO|A M=

Intrinsic Tasks Downstream Tasks
SPtasks | MLM NSP SOP | SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg
None 54.9 524 533 88.6/81.5 78.1/75.3 81.5 89.9 61.7 79.0
NSP 54.5 90.5 52.0 88.4/81.5 77.2/74.6 81.6 91.1 62.3 79.2
SOP 54.0 78.9 86.5 89.3/82.3 80.0/77.1 82.0 90.3 64.0 80.1

Table 5: The effect of sentence-prediction loss, NSP vs. SOP, on intrinsic and downstream tasks.



Experimental Results

What if we train for the same amount of time?
« ALBERT-xxlarge 7} BERT-large Of CHH|Z{S [} 3.17 t 52 H|O|E] ME|ZHS E0 O M2 a5 A|ZH0] 2R
> SUSH ok A|ZtEHE k&S 0| BERT-large 2F ALBERT-xxlarge 22o| M52 H|uw

« BERT-largeZ 400K Stepat&$t Z{ELCH ALBERT-xxlargeZ 125K step & &t&8t 10| E2 M58 EY

Model Parameters SQuADI1.1 SQuAD2.0 MNLI SST-2 RACE | Avg | Speedup
base 108M 904/83.2  804/77.6 845 928 682 [ 823 | 4.7x
BERT  [large 334M 92.2/85.5  85.0/822  B6.6  93.0 739 [85.2 1.0 - - .
ALBERT ‘4ree 18M 90.6/83.9  823/794 835 9L.7 685 | 84| 17x BERT-large 400k 34h 03.5/87.4 86.9/84.3 87.8 94.6 77.3 87.2
xlarge 60M 92.5/86.1  86.1/83.1 864 924 748 | 855| 0.6x | ALBERT-xxlarge 125k 32h 94.0/88.1 88.3/85.3 87.8 95.4 82.5 88.7 |
[xxTarge | Z35M 9417883 838.I/85.T 88.0 9>.2 823 | 88.7 | U3x |

Table 2: Dev set results for models pretrained over BOOKCORPUS and Wikipedia for 125k steps. Table 6: The effect of controlling for training time, BERT-large vs ALBERT-xxlarge configurations.

Here and everywhere else, the Avg column is computed by averaging the scores of the downstream
tasks to its left (the two numbers of F1 and EM for each SQuAD are first averaged).



Experimental Results

Additional training data and dropout effects

« pre-train THA|0| M F7HEQ1 datasetE S5 AI7|= A, dropoutE M7= A2 S T

« XLNet2 RoBERTa0| A AFE3ME =7} dataset=
> 71Xl dataset=2 AF25t= 210| downstream taskHA = M52 SFAAZICHE ZiS 20l

« LC}2F SQUADO|AM = & 50| 5t2f > 0|l= SQUAD= Wikipedia-based taskO|7| IiZ

 Dropout MHA|0| 23|21 downstream ZtN|2| HE50| SFAHE

E5f =752l pre-train2 T

SQuADI.I SQuAD2.0 | MNLI SST-2 RACE | Avg s = epen J

No additional data |_89.3/82.3  80.0/77.1 | 816 903  64.0 | 80.1 5690 3
With additional data | 88.8/81.7  79.1/76.3 | 824 928  66.0 | 80.8 g% g7

E - E'}'I.[l
E‘(’?}’ —— W/ additional data ;m.s M
SQUAD l - l SQ“ADZ.O MNL]. SS"[‘_E RACE A\"'g a 6650 .. W additional data .
With dropout |_94.7/892  896/869 900 963 857 | 904 e m T B
Without dropout | 94.8/89.5  89.9/87.2 904 965  86.1 | 90.7 (&) Adding data (b) Removing dropout

Figure 2: The effects of adding data and removing dropout during training.




Experimental Results

Current State-Of-The-Art on NLU Tasks

C > = OolAs o Lo C

« ALBERT 20| 7|& NLP 2tH|0|M 2= SOTA 2t S5HAL H =2 458 24

Models MNLI  ONLI QQP RTE SST MRPC CoLA STS WNLI Avg Models SQuADI.1 dev SQuAD2.0dev SQuAD2.0test RACE test (Middle/High)

Single-task single models on dev Single model (from leaderboard as of Sept. 23, 20{9)

BERT-large 86.6 923 913 704 932 28.0 60.6 90.0 _ _ BERT-large 90.9/84.1 81.8/79.0 80.1/86.3 72.0 (76.6/70.1)

XLNet-large 89 8 03.9 918 838 956 292 63.6 918 _ _ XLNet 94.5/89.0 88.8/86.1 89.1/86.3 81.8 (85.5/80.2)

RoBERTa-large 90.2 947 922 866 964 90.9 630 924 _ _ RoBERTa 94.6/88.9 89.4/86.5 89.8/86.8 83.2 (86.5/81.3)

ALBERT (IM) 904 952 920 881 968 902 687 927 - - 1 Mot + SG-Net Verifiorss - - o -

ALBERT (1.5M)  90.8 95.3 922 892 969 90.9 71.4  93.0 - - ALBER’I‘L(IM) 04.8/89.2 80 .0/87.2 B 86.0 (88.2/85.1)

Ensembles on test (from leaderboand as of Sept. 16, 2019) ALBERT (1.5M) 94.8/89.3 90.2/87.4 90.9/88.1 86.5 (89.0/85.5)

ALICE 88.2 957 90.7 835 952 92.6 69.2 911 80.8 87.0 Ensembles (from leaderboard as of Sept. 23, 2019)

MT-DNN 87.9 96.0 899 863 965 92.7 684 911 89.0 87.6 BERT-large 02.2/86.2 - - -

XLNet 90.2 986 903 863 968 93.0 678 916 904 88.4 XLNet + SG-Net Verifier - - 90.7/88.2 -

RoBERTa 90.8 989 902 882 967 92.3 67.8 922 890 88.5 UPM - - 90.7/88.2

Adv-RoBERTa 91.1 98.8 903 887 968 93.1 68.0 924  89.0 88.8 XLNet + DAAF + Verifier - - 90.9/88.6 -

ALBERT 91.3 99.2 905 892 971 934 69.1 925 918 894 DCMN+ - - - 84.1 (88.5/82.3)
ALBERT 95.5/90.1 91.4/88.9 92.2/89.7 89.4 (91.2/88.6)

Table 9: State-of-the-art results on the GLUE benchmark. For single-task single-model results, we
report ALBERT at 1M steps (comparable to RoOBERTa) and at 1.5M steps. The ALBERT ensemble
uses models trained with 1M, 1.5M, and other numbers of steps.

Table 10: State-of-the-art results on the SQuAD and RACE benchmarks.



Discussion

 factorized embedding parameterization, cross-layer parameter sharing= 2%

« GLUE, SQUAD, RACE TaskOi|A] BERTEL}

OFtA

O ML= (@]
— -IOEE |



	슬라이드 1
	슬라이드 2
	슬라이드 3: Introduction
	슬라이드 4: Introduction
	슬라이드 5: Introduction
	슬라이드 6: Introduction
	슬라이드 7: Related work
	슬라이드 8: Related work
	슬라이드 9
	슬라이드 10: The Elements of ALBERT
	슬라이드 11: The Elements of ALBERT
	슬라이드 12: The Elements of ALBERT
	슬라이드 13: The Elements of ALBERT
	슬라이드 14: The Elements of ALBERT
	슬라이드 15: The Elements of ALBERT
	슬라이드 16: The Elements of ALBERT
	슬라이드 17: The Elements of ALBERT
	슬라이드 18: The Elements of ALBERT
	슬라이드 19
	슬라이드 20: Experimental Results
	슬라이드 21: Experimental Results
	슬라이드 22: Experimental Results
	슬라이드 23: Experimental Results
	슬라이드 24: Experimental Results
	슬라이드 25: Experimental Results
	슬라이드 26: Experimental Results
	슬라이드 27: Experimental Results
	슬라이드 28: Discussion

