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Abstract. Transformer models have established themselves as the state-
of-the-art deep learning architecture in the field of natural language pro-
cessing (NLP). Yet, despite huge quantities of data and compute, un-
supervised sentence embeddings derived from raw pre-trained states are
just little better than random embeddings. In this work, we try to re-
duce this gap even further by improving sentence vectors derived from
random embeddings. In particular, we investigate the effects of different
tokenization and vector sizes for semantic textual similarity, short text
clustering, and classification tasks. The proposed methods show substan-
tial improvements for classification due to the size of embeddings and also
the effect on the tokenizer choice. Our work reinforces the random vectors
method as a good and simple baseline. It also shows that for sentence
vectors, the performance gap between pre-trained transformer features
and simple random vectors is even smaller than previously thought.
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1 Introduction

Since the dawn of the transformer model [4, 23], there is a strange contrari-
ety between the performance in downstream tasks depending on whether the
model was fine-tuned on the task or not. These huge deep learning models range
from 108M [4] trainable parameters and ingest billions of tokens during the
pre-training stage. Thus, one would expect that after the training, the loss pro-
file flattens out, the inner states of such a model would eventually become the
representation of the input text. If the text is “understood” or, in other words,
fine-grained contextualized embedding was acquired, it should result in good per-
formance in both the pre-training task and better results in later downstream
ones.

It is difficult to extract the compact representation from the transformer
model. There is no single hidden code layer like in autoencoders or the last hidden
state as in recurrent neural networks. Transformer models lack the bottleneck
property, which could actually be the source of their power. One has to consider
L layers, N tokens, and d size vectors in 3-dimensional representation space
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R(L+2)×N×d. For the early BERT [4] model with 12 + 2 layers (we also add static
token embeddings and input embeddings as layers) and 768 element vectors a
single token (sentence has many tokens!) would have a representation of size
12×768 = 10 752. Not only does one have to know which aggregation to perform,
but the basic aggregation of such sequences is also computationally expensive.
As a result, current unsupervised methods utilizing inner transformer weights
for sentence vectorization tasks lag behind the supervised methods.

In a recent work [19] we proposed a simple random vector baseline with
various post-processing techniques, which is very close in performance to unsu-
pervised sentence representations. We showed that the techniques improve both
BERT unsupervised representations and random vectors to almost the same
level.

In this work, our aim is to improve the random vectors method further by
scaling vector sizes and changing tokenization.

Our contributions are:

– We experimentally test multiple token vector sizes for random vectors method.
– We experimentally test the different tokenization effect on random vectors

method.
– We propose recommendations for using random vectors as the baseline and

share the code for reproducibility.

The remainder of the paper is organized as follows. First, we provide a con-
cise review of the related work in Section 2. Then in Section 3, we outline the
experimental setting and give a detailed background on our chosen approach, to-
kenization, and datasets. In Section 4, we present the results. Finally, we discuss
the findings of this work in Section 5.

2 Related Work

The first big leap to deep learning models as we know them today was the
Doc2Vec model based on shallow neural networks [11] in 2014. During training,
each paragraph was assigned a unique vector, which, together with the context
words, was used to predict the target word. The resulting paragraph vectors
were compact, unlike the earlier bag-of-words ones.

The next significant shift was to the recurrent neural network (RNN) en-
coders. Here, RNN would consume text word by word, updating its hidden state
each time and producing the final one, which should bear the representation of
the entire sequence. Popular models of this type are SkipThought [8] and In-
ferSen [3]. This architecture allowed for the more complex input interactions but
was limited as a result of information fading out in long sequences.

Fixes to recurrent neural models included bidirectional setting [16] and an
attention mechanism [1], which later evolved into a separate transformer archi-
tecture [23] with specific supervised fine-tuning schemes such as SBERT [15] to
learn sentence vectors.
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There was only a partial success in unsupervised extraction of a represen-
tative text embedding from the raw pre-trained transformer model. Sentence-
level task improvements were observed by employing whitening [6,20], applying
learned embedding space transformation [13], using spectral filters to dissect
representations at different temporal scales [21], and prompting [7,18]. However,
these approaches resulted in limited improvements, compared to models that
were directly fine-tuned for sentence-level tasks. Moreover, post-processing tech-
niques have even been criticized for overfitting to specific task types [24]. As a
result, unsupervised sentence-level representations are lagging behind supervised
ones.

The current top models for sentence-level tasks are supervised and fine-tuned
by contrastive learning [5, 12]. The authors of [15] were the first to use Natural
Language Inference (NLI) supervision to fine-tune BERT [4]. Almost all later
works used NLI datasets, such as [2, 26]. Currently, the main driving force of
these models is training on huge amounts of synthesized NLI-type data (positive
and negative pairs of data).

The main idea of our work is similar to the work of [25]. The authors of
that paper investigated random initializations in LSTM, echo state networks,
and bag of random embedding projections, which is the same method we use in
this work. They found that these random weight methods score just less than
2% points on average than standard sentence encoders of that time on evaluated
tasks.

Unlike [25], we perform a more comprehensive evaluation, incorporating STS
and short text clustering tasks. In addition, we experimented with different tok-
enizers, which come from transformer models and were not available at the time
of [25].

Our work is also similar to the previous [19] in that we use the same random
vectors model. Yet we test this method further: we experiment with different
tokenization and scaling options to make it even more efficient.

3 Methods

Here we present our model, tokenization, and the downstream tasks on which
we evalute the resulting representations.

3.1 Random vectors model

This model is very simple and can be summarized in the following steps.

1. Given the token vocabulary size ∣V ∣ and the token vector dimension d a ma-
trix with the shape R∣V ∣×d is randomly initialized from the normal (Gaussian)
distribution, centered at 0 with 0.1 standard deviation.

2. For each sequence of token indexes (tokenized text), the corresponding vec-
tors are selected from the previously created matrix, and the entire text
representation is then computed as the average vector.
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The random vectors model is very fast. This allows changing the parameters
∣V ∣ (also the corresponding tokenization) and d based on the target text type
and domain. We experimented with vector sizes of 3, 48, 192, 3 072 and 12 288
elements. The larger embeddings filled the computer memory for clustering and
classification tasks and slowed the whole experiment pipeline while showing only
negligible performance differences.

3.2 Tokenization

For the transformer model to work, its vocabulary must be of a manageable
size. The bigger the dictionary, the more corresponding vectors the model has
to contain and train. BERT [4] model used the tokenization of WordPiece [27],
T5 [14] and mT5 [29] - SentencePiece [10] to encode text as WordPiece tokens
[9,17], while Llama used SentencePiece with byte pair encoding (BPE) algorithm
[17]. All these methods create a fixed-length vocabulary from the most frequent
subwords and at the same time minimizing the number of tokens in each sample.

The multilingual model mT5 [29] tries to cover multiple languages and has
the largest vocabulary of 250 100 in this work. Its successor ByT5 [28], on the
other hand, has the smallest one, as it avoids tokenization at all and instead
feeds byte sequences directly into the model.

We also tested the classical tokenization of splitting text into words by spaces.
We implemented it by lower-cased the text and then splitting it by white spaces.
In Python it is simply achieved using str.lower().split(), therefore, we name
this tokenization as “lowersplit”.

The demonstration of tokenizer properties and example tokenization are
shown in Table 1. It shows that although some tokenizers are of comparable
size, like T5 and Llama, their produced token pieces are different because of the
different corpus and parameters used to train it.

Table 1. Tokenizers used and their properties. ∥V ∥ is vocabulary size. Example sen-
tence from STS12 task is “a woman mixes up vegetables .”

Tokenizer ∥V ∥ Tokenization example

BERT [4] 30 522 [a] [woman] [mixes] [up] [vegetables] [.]
T5 [14] 32 100 [_] [a] [_woman] [_mixes] [_up] [_vegetables] [_] [.]
mT5 [29] 250 100 [_] [a] [_woman] [_mix] [es] [_up] [_] [vegetable] [s] [_] [.]
ByT5 [28] 384 a woman mixes up vegetables .
Llama [22] 32 000 [_a] [_woman] [_mix] [es] [_up] [_veget] [ables] [_.]
lowersplit ∞ [a] [woman] [mixes] [up] [vegetables] [.]

3.3 Evaluation tasks

We tested our sentence vectorization method on eight Semantic Textual Similar-
ity (STS), six short text clustering, and twelve classification tasks. The average
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Table 2. Average number of tokens in each sample for different tasks due to the
different tokenization.

Dataset
Tokenizer

BERT T5 mT5 ByT5 Llama lowersplit

STS tasks
STS12 14 18 19 65 16 12
STS13 11 14 15 54 13 10
STS14 11 15 16 54 14 10
STS15 12 16 17 58 14 11
STS16 14 18 19 65 15 13
STR 16 19 19 69 18 12

Clustering tasks
agnews 26 39 38 164 36 23
biomedical 20 23 22 90 23 13
googleTS 33 48 45 198 44 28
searchsnippets 24 30 31 144 30 18
stackoverflow 12 13 13 50 12 8
tweet 11 15 14 58 14 9

Classification tasks
CR 22 27 29 96 23 20
MPQA 3 4 5 19 4 3
MR 26 32 34 115 29 22
MRPC 25 30 33 119 30 22
SCICITE 40 50 49 197 45 31
SICK-E/R 10 12 13 46 11 10
SST2 12 14 15 54 13 10
SST5 23 29 31 103 26 19
STS-B 13 17 18 59 15 11
SUBJ 28 36 38 129 32 25
TREC 11 13 14 49 12 10

number of tokens for each tokenizer and task is depicted in Table 2. In general,
all tasks are composed of 3 to 31 words per sample on average. We followed the
evaluation setup from [19], please refer to that paper for more details about the
tasks.

4 Results

Increasing random vector size improves all tasks considered. For STS and clus-
tering it saturates at about the size of 768, but does not overfit with bigger sizes.
For classifaction tasks, improvements were observed up to the last experimented
size of 12 288. Only the classification results of 75.9± 0.2 are comparable to the
sentence vectors sourced from unsupervised BERT weights with a classification
accuracy of 79.9 with the difference of just 4%.
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Table 3. Effect of tokenization and random vector size for 10 random seed initializa-
tions. Both correlation and accuracy scores range form 0 to 100 (from the worst to the
best). The best result for each vector size is bolded, while underlined result is the best
across all sizes.

Tokenization
Vector size

3 48 192 768 3 072 12 288

Avg. Spearman correlation of STS tasks.
BERT 23.9±1.7 46.4±1.3 49.6±0.7 50.7±0.5 50.8±0.3 50.9±0.1
ByT5 23.9±2.7 44.9±0.8 46.9±0.5 47.1±0.3 47.3±0.1 47.3±0.1
Llama 26.5±2.0 50.9±0.6 54.7±0.7 55.5±0.4 55.7±0.2 55.8±0.1
lowersplit 22.3±2.8 45.5±1.2 47.0±0.7 48.3±0.4 48.4±0.2 48.5±0.1
mT5 21.9±2.6 42.1±2.3 43.2±1.2 43.9±0.4 43.8±0.3 43.9±0.1
T5 23.0±2.8 43.3±2.0 45.4±0.8 46.3±0.5 46.3±0.2 46.4±0.1

Transformer model results from [19]
Only pre-trained BERT 61.3
NLI supervised SimCSE 81.5

Avg. accuracy of clustering tasks.
BERT 13.6±0.4 31.7±0.5 35.7±0.3 36.1±0.2 36.3±0.4 36.4±0.2
ByT5 14.1±0.3 19.8±0.4 21.2±0.3 21.6±0.3 21.8±0.1 21.8±0.1
Llama 13.7±0.2 31.1±0.4 35.0±0.5 36.3±0.3 36.1±0.2 36.0±0.3
lowersplit 13.2±0.3 28.5±0.3 32.6±0.3 32.8±0.2 33.0±0.4 33.1±0.3
mT5 13.5±0.3 26.5±0.8 28.7±0.5 29.2±0.2 29.4±0.2 29.4±0.2
T5 14.0±0.2 29.1±0.6 31.9±0.5 32.5±0.3 32.7±0.2 32.6±0.2

Transformer model results from [19]
Only pre-trained BERT 57.0
NLI supervised SimCSE 59.8

Avg. accuracy of classification tasks.
BERT 47.5±0.6 56.7±0.5 63.7±0.2 69.5±0.3 74.0±0.1 75.7±0.1
ByT5 47.7±0.5 53.9±0.2 57.3±0.2 59.9±0.2 60.9±0.1 61.5±0.1
Llama 48.2±0.6 56.6±0.4 63.5±0.2 69.8±0.2 74.1±0.2 75.9±0.2
lowersplit 47.6±0.3 57.0±0.2 63.7±0.4 69.6±0.3 73.6±0.2 75.4±0.2
mT5 47.4±0.2 56.1±0.4 62.8±0.4 69.3±0.2 73.9±0.2 75.8±0.2
T5 47.4±0.4 56.0±0.4 62.9±0.4 69.0±0.2 73.6±0.2 75.5±0.2

Transformer model results from [19]
Only pre-trained BERT 79.9
NLI supervised SimCSE 86.5

An interesting result is that Llama tokenization is better than others for se-
mantic textual similarity tasks. From 48 to 12 288 random vector size, its average
Spearman correlation is at least 4.9% higher. Meanwhile, for classification and
short text clustering we do not observe any differences.
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5 Discussions

In the previous work [19] we reported that random embedding model is compa-
rable to the unsupervised-feature-based BERT approach. We showed that the
gap for STS tasks scores is greatly reduced by using various post-processing and
token aggregation techniques. In this work, we show that the same is true for
classification tasks with the help of larger random vector sizes. This reduced the
classification accuracy gap of 10% to just 4%.

We are unable to improve short text clustering tasks. Both vector size scaling
and different tokenizers brought only marginal improvements. In [19] there was
also little success in using special techniques to boost these vectors for short
text clustering, unlike STS. We think that the clustering task may be sensitive
to the weaknesses of random vectors: disregard of word order, undiscriminating
homonyms, polysemy, and synonyms.

One of the promising aspects of the random vectors model is that, unlike
transformers, they are not bound to a particular tokenization. It is possible to
learn token splitting rules on the fly, customized to the target task at hand. In
this work, we found that this is indeed the case for the STS task, which prefers
Llama tokenizer. We think that the reason behind this is the more grammar-
aware tokenization of Llama, capturing stems more often (see Table 1) and thus
contributing to a better sentence matching.

In our initial experiments, we tried to train a tokenizer for each task sepa-
rately, using only texts from that particular task. The best vocabulary sizes of
such tokenizers were just about several hundreds of tokens (and depended on
the task), but we were unable to improve the tokenizers from the table 1. As is
the case with Llama and STS tasks in our experiments, we think that besides
the domain, tokenizers also need the out-of-the-domain texts that can better
lead tokenization to be aware of the grammar. This could be one of the possible
future directions of this work.

To use as a baseline for classification tasks, we recommend random vector
sizes of at least 3 072 elements. For semantic textual similarity tasks, we rec-
ommend sticking with 768 size vectors, but using Llama tokenizer. For both
clustering and STS we also advise applying post-processing and representation-
shaping techniques, as described in [19]. We hope that this work will help to
utilize random vectors in constrained and compute-scarce environments and for
tasks that are not sensitive to bag-of-words setting deficiencies.

We make our code available at https://github.com/LukasStankevicius/
Random-embeddings-baseline-for-text-level-NLP-tasks.
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