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Backgrounds
 Sentence BERT (SBERT): https://arxiv.org/pdf/1908.10084.pdf
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Figure 1: SBERT architecture with classification ob-  Figure 2: SBERT architecture at inference, for exam-

jective function, e.g., for fine-tuning on SNLI dataset.  ple, to compute similarity scores. This architecture is
The two BERT networks have tied weights (siamese  also used with the regression objective function.
network structure).
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SIMCSE

(a) Unsupervised SImCSE (b) Supervised SimCSE
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* Anisotropy, isotropy problem
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Results

Model STS12 STS13 STS14 STS1S STS16 STS-B SICK-R  Avg.
Unsupervised models
GloVe embeddings (avg.)® 55.14 70.66 59.73 68.25 63.66 58.02 53.76 61.32
BERT}.sc (first-last avg.) 39.70 59.38 49.67 66.03 66.19 53.87 62.06 56.70
BERT}.s.-flow 58.40 67.10 60.85 75.16 71.22 68.66 64.47 66.55
BERT} ;s -whitening 57.83 66.90 60.90 75.08 71.31 68.24 63.73 66.28
IS-BERT,.cc ¥ 56.77 69.24 61.21 75.23 70.16 69.21 64.25 66.58
* SIMCSE-BERT 45 66.68 81.43 71.38 78.43 78.47 75.49 69.92 74.54
RoBERTa, ;s (first-last avg.)  40.88 58.74 49.07 65.63 61.48 58.55 61.63 56.57
RoBERTay, s -whitening 46.99 63.24 57.23 71.36 68.99 61.36 62.91 61.73
* SINCSE-RoBERTay, s 68.68 82.62 73.56 81.49 80.82 80.48 67.87 76.50
* SINCSE-RoBERTa, ,, 4 69.87 82.97 74.25 83.01 79.52 81.23 71.47 77.47
Supervised models
InferSent-GloVe® 52.86 66.75 62.15 72.77 66.87 68.03 65.65 65.01
Universal Sentence Encoder®  64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
SBERT...* 70.97 76.53 73.19 79.09 74.30 77.03 72.91 74.89
SBERT}.s.-flow 69.78 77.27 74.35 82.01 77.46 79.12 76.21 76.60
SBERT}.s.-whitening 69.65 77.57 74.66 82.27 78.39 79.52 76.91 77.00
x SINCSE-BERT ;s 75.30 84.67 80.19 85.40 80.82 84.25 80.39 81.57
SROBERTay..* 71.54 72.49 70.80 78.74 73.69 77.77 74.46 74.21
SRoBERTay ;5. -whitening 70.46 77.07 74.46 81.64 76.43 79.49 76.65 76.60
*x SINCSE-RoBERTa,, .. 76.53 85.21 80.95 86.03 82.57 85.83 80.50 82.52
* SINCSE-RoBERTa; ., e 77.46 87.27 82.36 86.66 83.93 86.70 81.95 83.76

Table 6: Sentence embedding performance on STS tasks (Spearman’s correlation, “all” setting). We highlight the
highest numbers among models with the same pre-trained encoder. &: results from Reimers and Gurevych (2019);
©: results from Zhang et al. (2020); all other results are reproduced or reevaluated by ourselves. For BERT-flow (Li
et al., 2020) and whitening (Su et al., 2021), we only report the “NLI” setting (see Table D.3).
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Figure 3: 4,lign-Yuniform plot of models based on
BERT, ... Color of points and numbers in brackets
represent average STS performance (Spearman’s corre-
lation). Next3Sent: “next 3 sentences” from Table 3.



Results

2-3 23 o, S A
45 - A - .A
Ti00 075 -0s0 025 000 025 050 075 100 T100 075 050 025 o000 025 050 075 100 100 075 0s0 025 000 025 050 075 100
Avg. BERTy e BERT},.se-whitening Unsupervised SImCSE-BERT},. e
0-1 - 0-1 L 0-1 -
S el @ 1 . = 1 L
5 - %
y - y §
00 075 —0s0 025 o000 o025 050 075 100 00 075 —os0 025 o000 o025 050 075 100 S0 075 00 025 oo0 o2 o050 075 100
SBERT}.se SBERT),.s.-whitening Supervised SIMCSE-BERT}, . <¢

Figure 4: Density plots of cosine similarities between sentence pairs in full STS-B. Pairs are divided into 5 groups
based on ground truth ratings (higher means more similar) along the y-axis, and x-axis is the cosine similarity.
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Figure E.1: Singular value distributions of sentence em-
bedding matrix from sentences in STS-B. We normal-
1ze the singular values so that the largest one 1s 1.

10



