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Abstract

Several pre-training objectives, such as masked
language modeling (MLM), have been pro-
posed to pre-train language models (e.g. BERT)
with the aim of learning better language repre-
sentations. However, to the best of our knowl-
edge, no previous work so far has investi-
gated how different pre-training objectives af-
fect what BERT learns about linguistics prop-
erties. We hypothesize that linguistically mo-
tivated objectives such as MLM should help
BERT to acquire better linguistic knowledge
compared to other non-linguistically motivated
objectives that are not intuitive or hard for hu-
mans to guess the association between the input
and the label to be predicted. To this end, we
pre-train BERT with two linguistically moti-
vated objectives and three non-linguistically
motivated ones. We then probe for linguistic
characteristics encoded in the representation
of the resulting models. We find strong evi-
dence that there are only small differences in
probing performance between the representa-
tions learned by the two different types of ob-
jectives. These surprising results question the
dominant narrative of linguistically informed
pre-training.

1 Introduction

The most popular way to pre-train a transformer-
based (Vaswani et al., 2017) language model (LM),
e.g. BERT (Devlin et al., 2019), is by optimizing a
masked language modeling (MLM) objective. The
MLM task was inspired by the Cloze Task (Taylor,
1953), where humans were asked to guess omitted
words in a sentence using its context, knowledge
of syntax and other skills. The premise is that such
an objective will guide a LM to encode linguistic
information.

Apart from MLM, different types of objectives
have been recently proposed. Yang et al. (2019)

!Code and models are available here: https://gith

ub.com/aajrami/acl2022-pre-training-obje
ctives—-probing
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introduced a pre-training objective based on token
order permutations. Clark et al. (2020) proposed
a Replaced Token Detection pre-training task, that
uses the output of a small MLLM to corrupt the in-
put by replacing some of the tokens. It then trains
a discriminative model to predict if a token has
been replaced or not. Aroca-Ouellette and Rudzicz
(2020) explored various sentence and token-level
auxiliary pre-training tasks (e.g. sentence ordering,
term-frequency prediction), as better alternatives to
the next sentence prediction (NSP) auxiliary task
originally used to train BERT. Lan et al. (2020)
introduced the sentence-order prediction task that
focuses on the inter-sentence coherence, by predict-
ing if two contiguous sentences have been swapped
or not. Iter et al. (2020) proposed another inter-
sentence pre-training task, that helps LMs to en-
code discourse relationships between sentences us-
ing contrastive learning. Yamaguchi et al. (2021)
showed that a non-linguistically intuitive task (i.e.
masked first character prediction) can effectively
be used for pre-training.

Meanwhile, several studies have explored how
well and to what extent LMs learn linguistic in-
formation. This is usually examined using prob-
ing tasks, i.e. simple classification tasks that test
the LM’s encodings for a single linguistic fea-
ture such as grammatical information. It has been
found through probing that BERT encodes syn-
tactic (Tenney et al., 2019; Liu et al., 2019; Mi-
aschi and Dell’Orletta, 2020; Hewitt and Manning,
2019; Jawahar et al., 2019) and semantic informa-
tion (Ettinger, 2020; Jawahar et al., 2019; Tenney
et al., 2019). However, Hall Maudslay and Cot-
terell (2021) argue that BERT’s syntactic abilities
may have been overestimated.

In this paper, we hypothesize that linguistically
motivated objectives (e.g. MLM) should help
BERT to acquire better linguistic knowledge com-
pared to using non-linguistically motivated objec-
tives, i.e. tasks that are hard for humans to guess
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the association between the input and the label to
be predicted. To this end, we seek to answer the
following research question: How does the pre-
training objective affect what LMs learn about the
English language?

Our findings challenge the MLM status quo,
showing that pre-training with non-linguistically
informative objectives (§2) results in models with
comparable linguistic capabilities, as measured by
standard probing benchmarks (§3). These surpris-
ing results (§4) suggest that careful analysis of how
LMs learn is critical to further improve language
modeling (§5).

2 Pre-training Objectives

We experiment with five different pre-training ob-
jectives. Two of them are considered linguistically
motivated while the rest are not.

2.1 Linguistically Motivated Objectives

Masked Language Modeling (MLM): We use
MLM as our first linguistically motivated pre-
training objective. First introduced by Devlin et al.
(2019), MLLM randomly chooses 15% of the tokens
from the input sentence and replaces 80% of them
with a [MASK] token, 10% with a random token,
and 10% remain unchanged.

Manipulated Word Detection (S+R): We also
experiment with a simpler linguistically motivated
objective, where the model selects and replaces
10% of input tokens with shuffled tokens from
the same input sequence. Concurrently, it selects
and replaces another 10% of input tokens with ran-
dom tokens from the vocabulary (Yamaguchi et al.,
2021).

2.2 Non-Linguistically Motivated Objectives

We assume that tasks that are hard for humans (such
as a completely random prediction task) will make
less likely the deeper layers of BERT (i.e. closer to
the output layer) to acquire meaningful information
about language. We also hypothesize that layers
closer to the input might learn word co-occurrence
information (Sinha et al., 2021).

Masked First Character Prediction (First Char):
For our first non-linguistically motivated pre-
training objective, we use the masked first char-
acter prediction introduced by Yamaguchi et al.
(2021). In this task, the model predicts only the
first character of the masked token (e.g. ‘[c]at’ and

‘[clomputer’ belong to the same class). The model
predicts the first character as one of 29 classes, in-
cluding the English alphabet and digit, punctuation
mark, and other character indicators.

Masked ASCII Codes Summation Predic-
tion (ASCII): We also propose a new non-
linguistically motivated pre-training objective,
where the model has to predict the summation of
the ASCII code values of the characters in a masked
token. To make this harder and keep the number of
classes relatively small, we define a 5-way classi-
fication task by taking the modulo 5 of the ASCII
summation: V' = [, ascii(char;)] %5. Guess-
ing the association between the input and such la-
bel, is an almost impossible task for a human.

Masked Random Token Classification (Ran-
dom): Finally, we propose a completely random
objective where we mask 15% of the input tokens
and we assign each masked token a class from 0 to
4 randomly for a 5-way classification similar to the
ASCII task. We assume that a model pre-trained
with a random objective should not be able to learn
anything meaningful about linguistic information.

3 Probing Tasks

Probing tasks (Adi et al., 2016; Conneau et al.,
2018; Hupkes et al., 2018) are used to explore in
what extent linguistic properties are captured by
LMs. A model is normally trained, using the repre-
sentations of a language model, to predict a specific
linguistic property. If it achieves high accuracy, it
implies that the LM encodes that linguistic prop-
erty. In this work, we use nine standard probing
tasks introduced by Conneau et al. (2018) to ex-
amine the representation output for each layer of
the different LMs we pre-train following Shen et al.
(2020). These tasks probe for surface, syntactic
and semantic information. The dataset for each
probing task contains 100k sentences for training,
10k sentences for validation and another 10k sen-
tences for testing.> We train a multi-layer percep-
tron (MLP) classifier for each probing task using
the recommended hyperparameters in the SentEval
toolkit (Conneau and Kiela, 2018).

Surface information task: SentLen aims for
correctly predicting the number of words in a sen-
tence.

“The datasets are all publicly available by Conneau and
Kiela (2018).
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Model MNLI QNLI QQP RTE SST MRPC CoLA STS | GLUE Avg.
BASE - 40 Epochs Pre-training (Upper Bound)
MLM + NSP  83.8 90.8 87.8 699 919 85.0 589 893 | 82.1(04)
BASE - 500k Steps Pre-training
MLM 81.4 89.0 86.5 651 90.6 86.0 528 872 | 79.8+03
S+R 79.2 88.1 86.0 67.7 885 85.9 558 872 | 798+03
First Char 78.8 872 8.4 600 89.1 83.5 445 851 | 76.7£04
ASCII 76.8 85.3 843 608 879 82.2 420 824 | 752+£03
Random 67.5 633 749 535 81.7 71.8 151 233 | 564+04
MEDIUM - 250k Steps Pre-training
MLM 78.3 856 8.2 622 90.0 82.0 443 84.0 | 764 £04
S+R 76.2 85.5 84.8 625 865 79.8 46.1 844 | 757+£0.1
First Char 77.7 85.7 854 588 88.7 82.6 374 835 | 750+03
ASCII 75.1 844 838 56.6 87.1 80.5 348 812 | 729+04
Random 72.9 814 831 547 840 737 273 769 | 69305
SMALL - 250k Steps Pre-training

MLM 75.8 84.6 844 59.7 89.0 81.7 387 836 | 747+04
S+R 75.1 842 844 558 856 76.0 366 825 | 725+£02
First Char 74.5 833 845 563 873 78.4 354 814 | 72.6+04
ASCII 72.9 82.3 83.1 557 87.0 722 328 77.1 | 704£0.2
Random 70.7 81.0 824 544 842 72.5 234 762 | 68.1+0.6

Table 1: Results on GLUE dev sets with standard deviations over five runs. Bold values denote the best performance
across each GLUE task and GLUE Avg. for each model setting.

Syntactic information tasks: TreeDepth tests
if the representations preserve information about
the hierarchical structure of a sentence, by predict-
ing the depth of its parse tree. TopConst predicts
the top constituents of the parse tree of a sentence.
BShift tests if two adjacent words have been in-
verted or not.

Semantic information tasks: Tense aims to pre-
dict if the main-clause verb is present or past. Sub-
jNum predicts if the subject of the main clause
is singular or plural. ObjNum tests if the direct
object of the main clause is singular or plural. Se-
mantic Odd Man Out (SOMO) tests if a noun or
verb has been replaced with another noun or verb.
CoordInv predicts if a sentence made of two coor-
dinate clauses has been inverted or not.

4 Experiments & Results

4.1 Experimental Setup

Models We pre-train BERT-BASE (Devlin et al.,
2019) models by replacing MLM and the next sen-
tence prediction (NSP) objectives, with one of the
linguistically or non-linguistically motivated pre-
training objectives (§2). For completeness, we also
pre-train two smaller model architectures, MEDIUM
and SMALL from (Turc et al., 2019) as in Yam-
aguchi et al. (2021). The MEDIUM model has

eight hidden layers and eight attention heads. The
SMALL model has four hidden layers and eight at-
tention heads. Both, MEDIUM and SMALL, models
have feed-forward layers of size 2048 and hidden
layers of size 512. More details on hyperprameters
can be found in Appendix A.

Pre-training Data All models are pre-trained on
the BookCorpus (Zhu et al., 2015) and English
Wikipedia from Hugging Face.> The text is tok-
enized using Byte-Pair-Encoding (Sennrich et al.,
2016), resulting to a total of 2.7 billion tokens.

Pre-training Details Due to limited computa-
tional resources, each BASE model is pre-trained
for 500k steps, while each MEDIUM and SMALL
model is pre-trained for 250k steps using 8
NVIDIA Tesla V100 (SXM2 - 32GB). We use a
batch size of 32 for BASE, and 64 for MEDIUM
and SMALL. We optimize the models using Adam
(Kingma and Ba, 2014).

Fine-tuning Details We use the General Lan-
guage Understanding Evaluation (GLUE) bench-
mark (Wang et al., 2018) to fine-tune each model
for up to 20 epochs with early stopping. For each
fine-tuning task, we use five different seeds and

‘https://github.com/huggingface/datas
ets
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Model SentLen  TreeDepth TopConst BShift Tense SubjNum  ObjNum SOMO CoordInv

(Surface)  (Syntactic) (Syntactic) (Syntactic) (Semantic) (Semantic) (Semantic) (Semantic) (Semantic)
BASE - Jawahar et al. (2019)
MLM+NSP 96.2 41.3 84.1 87.0 90.0 88.1 82.2 65.2 78.7
MLM+NSP (untrained) 92.5 29.8 55.2 50.1 63.8 67.4 63.7 50.6 50.3
BASE - 500k Steps Pre-training

MLM 96.0 £02 415+06 769+02 865+01 885+07 874+12 838+02 61.7+05 655403

S+R 929+04 452+06 836+02 91.3+07 87.8+04 837+02 845+02 596+04 69.2+0.3

First Char 93.7+24 434+12 81.1+£03 850+04 860+03 8389+0.1 864+0.1 565+04 665+0.8

ASCII 929+04 433+07 814+04 827+03 887+03 89.1+03 847405 540+03 685+0.8

Random 950+06 396+06 714+10 689+04 72.1+05 743+02 703+0.1 504+03 633403

Table 2: Mean accuracy with standard deviation over three runs for the best performing layer on the probing tasks
using BASE models. Bold values denote the best performance across each probing task.

report the average. We report matched accuracy for
MNLI task, Matthews correlation for CoLLA task,
Spearman correlation for STS-B task, accuracy for
MRPC task, F1 scores for QQP task, and accu-
racy for all other tasks. The WNLI task is omitted
following Aroca-Ouellette and Rudzicz (2020).

BERT Representations In all of the probing
tasks, we use the BERT representations of the
[CLS] token at every layer as the input to the prob-
ing classifier.

4.2 Fine-tuning Results

Table 1 shows the results of fine-tuning the mod-
els with all pre-training objectives on GLUE to
measure their performance in downstream tasks.
For the BASE model configuration, we observe
that linguistically motivated objectives (e.g. MLM,
S+R) achieve the best performance in downstream
tasks. However, models pre-trained with non-
linguistically motivated objectives (e.g. First Char,
ASCII) still achieve competitive results. As ex-
pected, the model pre-trained using the Random
objective obtains the lowest performance with 56.4
GLUE average score. However, its performance
is still reasonable in many downstream tasks, sug-
gesting that the model is able to learn some co-
occurrence information from the input (Sinha et al.,
2021; Yamaguchi et al., 2021). Similar behavior
can be observed for the other two model configura-
tions, MEDIUM and SMALL.

4.3 Probing Results

Table 2 presents the results of the best performing
layer on the nine probing tasks using the representa-
tions from the BERT-BASE models as inputs to the
MLP classifier. Similar to the fine-tuning results,
we first observe that the predictive performance of

models trained on representations learned using lin-
guistically motivated objectives (e.g. MLM, S+R)
achieve the best performance in six out of the nine
probing tasks. However, models trained on the rep-
resentations learned using non-linguistically moti-
vated objectives (e.g. First Char, ASCII) achieve
very competitive results.. For example, in the Top-
Const probing task, the model pre-trained using
MLM pre-training objective achieves the best per-
formance of 83.6%, while the the model pre-trained
using ASCII pre-training objective achieves 81.4%.

Similar patterns can be observed from the prob-
ing results of the other two model configurations,
MEDIUM and SMALL (see Tables 3 and 4 respec-
tively). For instance, in the SentLen probing task in
table 3, the difference between the best performing
MEDIUM model (S+R) and the worst performing
MEDIUM model (ASCII) is only 3.6%. In the Ob-
jNum probing task in table 4, the SMALL model
pre-trained using a non-linguistically motivated pre-
training objective (ASCII) achieves 84.4%, while
the SMALL models pre-trained using linguistically
motivated pre-training objectives, MLM and S+R,
achieve 83.5% and 83.3% respectively.

The full results of the probing tasks including all
layers can be found in appendix B.

5 Discussion

Theoretically, LMs with non-linguistically moti-
vated objectives would be expected to perform dras-
tically worse than LMs pre-trained using MLM
in both downstream tasks and linguistic capabil-
ities. However, our results show that both types
of LMs have surprisingly close performance (af-
ter fine-tuning on downstream tasks) and linguistic
capabilities (after probing them) using the same
training data, architecture and training scheme. We
speculate that the pre-training data, and the size of
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Model SentLen TreeDepth TopConst BShift Tense SubjNum  ObjNum SOMO CoordInv

(Surface)  (Syntactic) (Syntactic) (Syntactic) (Semantic) (Semantic) (Semantic) (Semantic) (Semantic)

MEDIUM - 250k Steps Pre-training

MLM 9234+02 41.14+01 769+05 80.8+0.1 859+0.1 86.7+0.1 837405 56.1+06 63.5+0.7
S+R 940+05 42.6+02 83.0+05 84.6+03 857+02 879+04 819+05 558+03 66.5+1.2
First Char 933 +0.3 404+05 768+03 803+04 858+05 863+£13 831+0.1 538+£06 61.8+03
ASCIL 904+£05 405+06 79.6+£02 800+08 878+05 853+03 839+0.1 527+04 64.7+0.1
Random 929+0.2 424408 715+09 742+£00 86.1+0.1 843+£03 85.7+03 513£07 615+04

Table 3: Mean accuracy with standard deviation over three runs for the best performing layer on the probing tasks
using MEDIUM models. Bold values denote the best performance across each probing task.

Model SentLen TreeDepth TopConst BShift Tense SubjNum  ObjNum SOMO CoordInv

(Surface)  (Syntactic) (Syntactic) (Syntactic) (Semantic) (Semantic) (Semantic) (Semantic) (Semantic)

SMALL - 250k Steps Pre-training

MLM 93.7+04 41.6+02 73.1+£02 783+0.1 864407 8354+02 835+01 559+06 64.0+0.3
S+R 947+08 433+10 768+06 821+0.1 865+02 856+03 833+05 549+04 639+0.1
First Char 90.7 £ 04 4234+04 775+0.1 762+£02 86.0+0.1 847£05 829+0.7 524+£03 64.0+0.6
ASCIL 899+03 413+04 746+04 746+£01 857+04 840+£03 844+02 523£04 625+0.1
Random 94.1+1.0 426+05 758+04 71.0£04 855+05 838+£03 81.6+03 507£04 61.7+05

Table 4: Mean accuracy with standard deviation over three runs for the best performing layer on the probing tasks
using SMALL models. Bold values denote the best performance across each probing task.

the models have more impact on the effectiveness
of LMs than the pre-training objectives. Further-
more, the comparable performance of different ob-
jectives in probing suggests that LMs mainly learn
word co-occurrence information from pre-training
(Sinha et al., 2021; Yamaguchi et al., 2021) and
that the objectives may have a little effect to what
actually learn about linguistic properties.

Recent studies have explored the limitations of
using probing tasks to draw conclusions over a
model’s linguistic knowledge with some also sug-
gesting improvements or alternative probing meth-
ods (Hewitt and Liang, 2019; Voita and Titov, 2020;
Elazar et al., 2021; Maudslay and Cotterell, 2021).
However, our results show no substantial differ-
ences in the performance across tasks that probe for
syntactic or semantic information between models
that have been pre-trained using linguistically mo-
tivated objectives or non-linguistically motivated
ones.

6 Conclusions

In this work, we compared the linguistic capabili-
ties of LMs. Surprisingly, our results show that pre-
training with linguistically motivated objectives ob-
tain comparable performance to non-linguistically
motivated objectives. This suggests that the data
and the size of the model could be more influential
than the objectives themselves in language model-

ing. In future work, we plan to extend our experi-
ments into other languages and probing tasks.
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Appendices
A Hyperparameter Details

We implement the models using PyTorch (Paszke
et al., 2019) and the Transformers library (Wolf
et al., 2020). We use maximum 10 epochs for
BASE and MEDIUM, and 15 epochs for SMALL. We
also use a learning rate of 1e-4 for MLM. 5e-5 for
BASE First Char, S+R, and ASCII. 5e-6 for BASE
Random. le-4 for SMALL and MEDIUM First Char,
ASCII and Random. We also use weight decay of

0.01, attention dropout of 0.1, 10000 warmup steps.

We also use 1e-8 Adam ¢, 0.9 Adam 31 and 0.999
Adam [Ss.

B Results of each Probing Task

Tables 5 to 13 show the full results of each of the
nine probing tasks for all model architectures and
layers.
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SentLen

Layer BASE - 500k Steps Pre-training
MLM S+R First Char ASCII Random

1 954+£02 9294+04 907+£08 915+£03 926=+0.5
2 96.0+02 9294+02 924+£04 91.7+£0.7 93.6+0.3
3 953+£02 91.6+£06 929+05 924417 944+04
4 93.8+12 922408 934+£13 929+£10 941106
5 939+04 921+06 937£24 924+£05 938106
6 93.6£05 9244+05 935+£1.7 921+0.7 943+04
7 926+05 921+£08 931£09 907+£14 944106
8 912£05 91.7+£05 920+£16 899+1.0 942+1.0
9 89.0+03 91.8£04 909+£07 885+16 950=+0.6

10 828+0.7 91.1£09 90.0+£09 86717 946=+0.1
11 794+07 91.0+04 886=£0.1 878+£05 944102
12 73.9+03 90.1+£03 859£01 864+£02 93.6+04

Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 918+ 05 884£11 871£08 86.6+0.8 90.0+0.9
2 9234+02 9404+05 933+03 904+05 923+02
3 921+£02 940£07 920£06 892405 929402
4 91.74+£02 934407 9144+02 895+05 922405
5 90.6£03 927£07 91.0£02 89704 912407
6 893+03 93.0£0.6 90.1+£08 89.0+0.5 88.7+£0.7
7 85.6£02 920£09 893+£05 86109 884407
8 705+0.1 878+14 849405 839+05 832+0.1
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 9294+03 903+13 898+1.1 899+03 941+£1.0
2 93.7+04 93.8+04 90.7+04 887402 933+1.1
3 91.7£02 947£08 89.7+£02 86.8+05 901413
4 7724+£03 93.0+05 8444+05 855+04 84703

Table 5: Results of the Sentence Length (SentLen) probing task for each layer of the pre-trained models.
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TreeDepth

Layer BASE - 500k Steps Pre-training

MLM S+R First Char ASCII Random
1 400£06 366+06 357+02 36105 335+0.7
2 412+ 1.1 386+09 37.7£05 366+£03 359405
3 415+06 400+0.8 3894+0.6 37.1+04 362+04
4 403+0.7 41.74+£06 394+£06 37.7£09 369104
5 403+ 1.1 442405 3934+03 384+12 36.7+05
6 409+0.7 450+03 406+04 40.7+£05 36505
7 408 +0.8 449408 4214+0.6 424+0.6 37.0+£0.6
8 40.0+0.7 450407 434+12 433+0.7 39.0+03
9 388+ 1.1 443+£07 432+£13 433+£07 392403
10 3744+03 452+£06 434+1.1 429405 393+05
11 387+£06 445+£04 429412 4274+05 396+0.6
12 3834+03 421+£07 415+07 4234+04 379+13
Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 37.9+£02 378£05 364+£03 374+01 361%05
2 390+05 390£12 365+04 38.0+04 364+0.6
3 394+£02 404£05 363£02 37706 383+0.6
4 405+05 403+06 367+£03 383+£03 41.6+06
5 411£0.1 418+10 369+0.6 39105 424+0.8
6 4054+02 4264+02 375407 405+0.6 405+1.1
7 303+£02 425£04 404£05 391£08 391405
8 386+09 385£0.6 402+02 405+01 356=£0.1
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 37.8£03 392+£02 3914+£03 3754+02 380402
2 40.1£05 419406 406107 374+02 41.6+£04
3 3994+09 41.6+£04 412+03 413+04 426=£0.S5
4 416+£02 433+10 423+04 409+0.6 392+03

Table 6: Results of the Tree Depth (TreeDepth) probing task for each layer of the pre-trained models.
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TopConst

Layer BASE - 500k Steps Pre-training
MLM S+R First Char ASCII Random

1 620+03 702+£07 609+04 667£1.1 652402
2 72.6+04 7374+£02 693+£02 67.7£02 684106
3 740£05 79.6+08 707+£05 692+02 693+0.1
4 73.0+05 8144+04 710£01 708+£03 699104
5 73.7+05 836+02 713£03 706+£05 69.8+1.1
6 746 £06 83.1+07 71.7£05 754+09 692+£0.6
7 75.1£07 824+02 762+05 784+£05 700+1.1
8 769+£02 81.6+04 782+£03 785+04 714+£1.0
9 768+ 04 81706 80.1£03 804+£02 70.7+06

10 746+ 06 806+07 81.1£03 81.4+£04 712+1.1
11 742+0.1 79609 80704 813+£06 69.8+0.6
12 725+02 765+£05 799£02 81.0£02 674+04

Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 649+£03 631£17 67606 682+06 553403
2 7214+£06 698+06 687+05 705+12 619+1.0
3 721+£06 723+08 683+0.7 69.1+1.0 660+L14
4 726+06 806+03 69.14+06 742+0.6 69.8+04
5 748+05 819+06 698+0.7 781x0.7 71.5+£09
6 7524+04 819405 732401 793+0.6 69.7+0.8
7 769+05 83.0+£05 757+07 785+0.5 70.7+£0.6
8 726+03 7984+03 768+03 79.6+02 629+02
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 664+02 692+£04 746+£03 663+02 667114
2 725+04 732402 758+03 66005 742103
3 7194+03 738+02 764+06 726+09 758+04
4 731+£02 768+06 77.54+0.1 746+04 72.7+0.1

Table 7: Results of the Top Constituent (TopConst) probing task for each layer of the pre-trained models.
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BShift

Layer BASE - 500k Steps Pre-training
MLM S+R First Char ASCII Random

1 500+ 0.0 50.0+00 500+00 50.04+0.0 50.0+0.0
2 50.0+0.1 50.0£00 500+£00 50.04+0.0 50.0+£0.0
3 56.6 +03 50.0+00 500+00 50.04+0.0 50.0+£0.0
4 579+02 741£03 500+£00 53.44+04 500+£0.0
5 598+0.1 80.7+£02 500+00 508414 50.0+0.0
6 60.0+0.7 833+04 500+£00 69.6+14 50.0+£0.0
7 649+08 856+£02 635+06 73.7+28 602+1.7
8 720+£13 88.14+01 744£08 785x15 669402
9 814+07 895+£02 824407 81708 67.0+03

10 85.6+02 902+£03 848+03 81714 684=+02
11 86.5+0.1 912+£0.6 850+£04 827+03 689+04
12 823+03 913+£0.7 833+02 824+02 684=£0.1
Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 500+£00 500£00 500+£00 50.0+£00 50.0=£0.0
2 498+03 500+£00 500£0.0 500+£0.0 50.0+0.0
3 496 +04 500+£00 500£00 579+£05 656+0.7
4 562+07 649£03 500+£00 58107 705+04
5 649+03 764+£04 509+£16 589+08 742+0.0
6 69.6 07 79.6£0.1 735+£13 679+13 725£15
7 80.8 0.1 821£03 799+£04 75127 73.7+0.1
8 779+05 846+03 803+£04 800+£08 703106
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 500+0.1 500£0.0 504+£02 5324+08 50.7+04
2 498+02 619+03 57701 602+£12 60.0+0.6
3 60.8+0.7 744£00 653+£02 7214+06 68.7+0.7
4 783+0.1 821+01 762£02 746+£01 71.0+04

Table 8: Results of the Bigram Shift (BShift) probing task for each layer of the pre-trained models.
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Tense

Layer BASE - 500k Steps Pre-training

MLM S+R First Char ASCII Random
1 795+08 83.6+0.1 813+0.1 799+0.8 67.9+£0.6
2 840+07 843+£10 82.0+£02 803+06 689+0.8
3 833+£03 857£07 82.7£05 820+0.8 69.1+0.6
4 83.7£0.7 863+£07 839+£07 829+04 69.0+03
5 85.0+£05 863£07 843+£09 83.0£04 688+05
6 86.2+02 878+£04 843+09 853401 689+04
7 87.0£0.1 871£08 847+£06 86.0+£05 69.1+05
8 864+08 872+£04 86.0+03 86.1+05 709=+0.1
9 858+ 18 863£00 859402 87.24+02 714106
10 865+15 859+£06 85.7+£08 885+02 721405
11 88.5+0.7 837£08 86.0£07 887+03 721405
12 839+00 81.7£17 859+£05 886+04 71.0+04
Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 85.1£05 822+£06 832+£04 814+02 79.6+09
2 84.1+05 84.0£03 825+03 824+05 80.0=£0.8
3 848+04 854£03 827£01 82.0£05 826+0.38
4 85.6+06 855£0.6 827+04 834405 846+0.7
5 859+04 850£04 83704 84.1£08 86.1+0.1
6 85.7+08 857£02 847+07 854405 839+£15
7 859+£0.1 846£05 858+£05 853+05 849+04
8 8394+05 828+£04 85.6+05 87.8+05 846=£0.S5
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 863+04 849+£02 847+£07 827+06 844403
2 86.2+06 856=£05 847+£08 829+02 852405
3 864+07 860£02 847+£06 845+08 855405
4 852+06 865+£02 86.0£01 85704 849403

Table 9: Results of the Tense (Tense) probing task for each layer of the pre-trained models.
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SubjNum

Layer BASE - 500k Steps Pre-training

MLM S+R First Char ASCII Random
1 751+£05 7554+£03 7574+£08 77.0x£0.1 69.5+£0.2
2 81.6+03 802£03 783+£03 780+06 71.7+04
3 823+£03 850£01 791+£04 78705 724403
4 81.84+03 862+£05 791+£06 795+01 721£0.5
5 83.0+£03 887£02 803£09 805+£02 728+0.1
6 85.0+£02 882+£03 822+£05 84.1+£04 727405
7 849+06 875£05 843+£01 855+04 734+0.6
8 86.0+03 87.0£09 855+£02 86.9+09 739407
9 872+10 871£03 879+04 889+06 73.7+04
10 8§74+12 865£05 889+01 89.14+03 743102
11 86.2+02 861+£04 881+£04 888+03 741+0.1
12 8234+02 843+£04 863+04 882+04 7424+03
Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 793+07 77306 77003 772+1.1 750=x1.1
2 80.7+02 800£0.1 782+06 804+05 799=£0.5
3 81.0£04 830£07 780£05 796+02 804+05
4 825+05 869+£03 793+£06 81.0+09 834404
5 839+03 879£04 79704 825+£05 843403
6 845+02 875£03 834+£03 844+03 831+1.0
7 86.7+£0.1 873£01 863+13 85.14+05 839102
8 8254+02 853+£05 85.7+02 853+03 81.0£0.1
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 780+£08 8094+03 8124+0.1 765+04 79.3+03
2 822+02 825£03 821+£04 7654+05 8244+0.6
3 835+02 818+£11 82.6£02 826+03 83.8+03
4 833+04 856£03 847+£05 840£03 81.9+0.1

Table 10: Results of the Subject Number (SubjNum) probing task for each layer of the pre-trained models.
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ObjNum

Layer BASE - 500k Steps Pre-training
MLM S+R First Char ASCII Random

1 756 +03 73.6+03 765+04 775+03 649+0.6
2 81.1+0.1 77.0£0.1 779+£09 77.7+13 675+04
3 805+1.0 79.7+05 785+05 7974+0.7 68.0+03
4 803+08 81.9+05 787+£30 786404 68.1=£0.1
5 804+10 844+11 792429 788+1.1 684+04
6 820+0.1 845+02 81.1+13 822412 684+£06
7 82.1+04 844+£01 840407 833+08 692102
8 82.1+1.0 84.0£09 844+08 843+12 694+£02
9 829+03 84.1+£05 864+01 845+14 69.7+0.1

10 83.8+02 829=£05 864+£02 84706 699=+02
11 833+03 838+£03 86.0+03 845+02 703=£0.1
12 785+03 81.1+£17 835£02 84705 702403
Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 80.1£03 762+04 762+£06 760+£03 752£0.1
2 80.1+0.1 784+£02 778+£07 785+06 764=£0.5
3 80.6 0.0 809=£01 77200 77708 787£03
4 80.7+02 81.0£04 781+£01 778+10 846=+02
5 825+03 812£06 787+£05 81.5+02 857=£03
6 829+0.1 819£05 81.1+£03 829+04 842+0.6
7 83.7+05 808*£03 831+£01 826+02 83.8+0.0
8 802+04 803=£05 81.8+03 839+01 822+£03
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 782+09 814+02 778£04 77.7+£04 782403
2 820+02 824£03 797+£02 785+04 79.0+04
3 835+01 825+£04 804+02 844+02 81.6£03
4 809+02 833+£05 829+07 838+02 794=£0.1

Table 11: Results of the Object Number (ObjNum) probing task for each layer of the pre-trained models.
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SOMO

Layer BASE - 500k Steps Pre-training
MLM S+R First Char ASCII Random

1 500+02 50.0+02 500+02 500402 500+02
2 525+0.7 51.6+£03 505+1.1 500402 500+£02
3 5444+13 500+02 51.8+£09 500402 500+02
4 552+05 537408 525+£05 507412 500+£02
5 558+00 554+£01 521408 500402 500402
6 576 £0.7 56.1+£03 528+02 500402 500+£02
7 582+1.0 56.8+05 528+1.1 5004+02 500+02
8 581+06 569+13 537+£07 500402 500+£02
9 59.1+04 579+£15 541410 5324+09 500402

10 60.6 05 585£09 563+£07 534+02 504=£03
11 61.7+05 589+£06 565+04 539+10 502+03
12 57.8+04 596£04 554+£10 540+£03 502=£05
Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 51,6 £05 502+£03 500+£02 50.7+08 500+0.2
2 523+07 51.1£01 500+£02 522+04 500=+02
3 532+01 526£04 500+£02 521+£03 500£02
4 53.1+£08 529+£0.7 500+£02 513+03 508=£0.3
5 535+£06 538+£06 500+£02 512+04 51.0+04
6 546+11 539+£07 51515 513+£02 500=£0.1
7 56.1+£06 552£06 532+02 520+£02 513+£0.7
8 541+01 558£03 538+06 527+04 506=£03
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 5254+£02 522+£02 518+02 513+03 504+03
2 554+02 543£04 515+£02 51.1+£02 507+04
3 5594+06 548+£0.8 515+£02 5224+00 506=+02
4 539+07 549£04 524+£03 523+04 502=£05

Table 12: Results of the Semantic Odd Man Out (SOMO) probing task for each layer of the pre-trained models.
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CoordInv

Layer BASE - 500k Steps Pre-training
MLM S+R First Char ASCII Random

1 573+ 1.1 565+10 551+16 50.04+0.0 50.0+0.0
2 61.0+05 597405 580+£06 50.0+£0.0 51.7+£30
3 61.8+08 635+08 589+03 5724+06 57.8+03
4 61.2+05 648+14 594+06 59.6+0.5 523+40
5 620+06 67.6+£04 602407 59.14+03 552445
6 628+ 04 692403 596+07 598+1.6 582+04
7 61.6+06 68.0+£03 61.3+£09 61.54+2.0 59.8+02
8 62.1+04 674+£04 634+£07 629421 614+£02
9 62.1+1.0 669+02 639+£09 660+1.0 626+1.0

10 644+05 678+£02 656+£06 67611 63.0+£02
11 655+03 67.7£05 665+08 684+05 633+03
12 63713 654£04 644+£09 685+08 61.3+£0.7
Layer MEDIUM - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 5944+02 57.7£03 569+£08 567+07 559£1.6
2 63.5+07 607£08 567+£04 604+05 579+02
3 62.1+£00 63604 565+£0.1 593+07 586=+02
4 625+02 656£1.0 560+£07 60.0+07 615+04
5 63.1£03 662+12 576+12 602+£04 614405
6 625+03 657£15 583+£04 602+10 60.1£0.7
7 61.7+£06 665+12 604+£09 60.1+15 603+£0.7
8 584+05 638+£18 61.8+£03 647+01 58704
Layer SMALL - 250k Steps Pre-training

MLM S+R First Char ASCII Random
1 614+01 601£06 628+0.1 59.7+04 589+0.5
2 640+03 622£04 640+£06 59.1+£02 61.0=£0.8
3 6224+03 627£03 63.0+£04 614+02 61.7£0S5
4 594+05 639£01 622+£03 625+01 599+02

Table 13: Results of the Coordination Inversion (CoordInv) probing task for each layer of the pre-trained models.
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