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Abstract

Embedding words in vector space is a fun-
damental first step in state-of-the-art natural
language processing (NLP). Typical NLP so-
lutions employ predefined vector representa-
tions to improve generalization by co-locating
similar words in vector space. For instance,
Word2Vec is a self-supervised predictive model
that captures the context of words using a neu-
ral network. Similarly, GloVe is a popular un-
supervised model incorporating corpus-wide
word co-occurrence statistics. Such word em-
bedding has significantly boosted important
NLP tasks, including sentiment analysis, doc-
ument classification, and machine translation.
However, the embeddings are dense floating-
point vectors, making them expensive to com-
pute and difficult to interpret. In this paper, we
instead propose to represent the semantics of
words with a few defining words that are related
using propositional logic. To produce such
logical embeddings, we introduce a Tsetlin
Machine-based autoencoder that learns logi-
cal clauses self-supervised. The clauses consist
of contextual words like “black”, “cup”, and
“hot” to define other words like “coffee”, thus
being human-understandable. We evaluate our
embedding approach on several intrinsic and
extrinsic benchmarks, outperforming GloVe on
six classification tasks. Furthermore, we in-
vestigate the interpretability of our embedding
using the logical representations acquired dur-
ing training. We also visualize word clusters
in vector space, demonstrating how our logical
embedding co-locate similar words.1

1 Introduction

The success of natural language processing (NLP)
relies on advances in word, sentence, and docu-
ment representation. By capturing word semantics

1The Tsetlin Machine Autoencoder and logical
word embedding implementation is available here:
https://github.com/cair/tmu.

and similarities, such representations boost the per-
formance of downstream tasks (Borgeaud et al.,
2022), including clustering, topic modelling (An-
gelov, 2020), searching, and text mining (Huang
et al., 2020).

While straightforward, the traditional bag-of-
words encoding does not consider the words’ posi-
tion, semantics, and context within a document.
Distributed word representation (Bengio et al.,
2000; Bojanowski et al., 2017) addresses this lack
by encoding words as low-dimensional vectors,
referred to as embeddings. The purpose is to
co-locate similar or contextually relevant words
in vector space. There are many algorithms for
learning word embeddings. Contemporary self-
supervised techniques like Word2Vec (Mikolov
et al., 2013), FastText (Bojanowski et al., 2017),
and GloVe (Pennington et al., 2014) have demon-
strated how to build embeddings from word co-
occurrence, utilizing massive training data. Intro-
ducing context-dependent embeddings, the more
sophisticated language models BERT (Devlin et al.,
2019) and ELMO (Peters et al., 2018) now perform
remarkably well in downstream tasks (Reimers and
Gurevych, 2019). However, they require significant
computation power (Schwartz et al., 2020).

The above approaches represent words as dense
floating-point vectors. Word2Vec, for instance, typ-
ically builds a 300-dimensional vector per word.
The size and density of these vectors make them ex-
pensive to compute and difficult to interpret. Con-
sider, for example, the word “queen.” Representing
it with 300 floats seems inefficient compared to
the Oxford Language definition for the same word:
“the female ruler of an independent state, especially
one who inherits the position by right of birth.”
From this perspective, it appears advantageous to
create embeddings directly from words rather than
from arbitrary floating-point values. Such inter-
pretable embeddings would capture the multiple
meanings of a word using a few defining words,
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simplifying both computation and interpretation.
In this paper, we propose a Tsetlin Ma-

chine (TM) (Granmo, 2018) based autoencoder
for creating interpretable embeddings. The autoen-
coder builds propositional logic expressions with
context words that identify each target word. The
term “coffee” can, for instance, be represented by
“one”, “hot”, “cup”, “table”, and “black”. In this
manner, the TM builds contextual representations
from a vast text corpus, which model the seman-
tics of each word. In contrast to neural network-
based embedding, the logical TM embedding is
sparse and energy efficient (Maheshwari et al.,
2023; Abeyrathna et al., 2023). The embedding
space consists of, e.g., 500 truth values, where each
truth value is a logical expression over words. For
contextual representation, each target word links to
less than ten percent of these expressions. Despite
the sparsity and crispness of this representation, it
is competitive with neural network-based embed-
ding.

The contributions of our work are summarized
below:

• We propose the TM-based Autoencoder to
learn efficient encodings in a self-supervised
manner. To the best of our knowledge, it is
the first logic-based word embedding.

• We introduce TM-based word embedding that
builds human-comprehensible contextual rep-
resentations from unlabeled data.

• We compare our embedding with state-of-the-
art approaches on several intrinsic and extrin-
sic benchmarks, outperforming GloVe on six
downstream classification tasks.

2 Related Work

The majority of self-supervised embedding ap-
proaches produce dense word representations
based on the distributional hypothesis (Harris,
1954), which states that words that occur in the
same context are likely to have similar meanings.
Word2Vec (Mikolov et al., 2013) is one of the best-
known models. It builds embeddings from word co-
occurrence using a neural network, leveraging the
hidden layer output weights. GloVe (Pennington
et al., 2014), on the other hand, embeds by factoriz-
ing a word co-occurrence matrix. Similarly, canon-
ical correlation analysis (CCA) is used in (Dhillon
et al., 2015) for embedding words to maximize con-
text correlation. In (Levy et al., 2015), it is demon-

strated how precise factorization-based SVD can
compete with neural embedding. However, all of
these methods are challenging to train because they
involve tweaking algorithms and hyperparameters
toward particular applications (Lample et al., 2016),
limiting their wider applicability.

Building upon word embedding, several stud-
ies focus on sentence embedding (Arora et al.,
2017; Logeswaran and Lee, 2018). Recent ad-
vances in sentence embedding include supervised
data inference (Reimers and Gurevych, 2019), mul-
titask learning (Cer et al., 2018), contrastive learn-
ing (Zhang et al., 2020), and pretrained large lan-
guage models (Li et al., 2020). However, the ma-
jority of sentence embedding techniques overlook
intrinsic evaluations, such as similarity tasks, and
instead largely focus on extrinsic evaluations in-
volving downstream performance. The most re-
cent building block for embedding originates from
the transformer approach (Vaswani et al., 2017).
Transformers provide context awareness by utiliz-
ing stacks of self-attention layers. BERT (Kenton
and Toutanova, 2019), for instance, employs the
transformer architecture to carry out extensive self-
supervised training, making it capable of producing
text embedding. Other embedding models use a
contrastive loss function to perform supervised fine-
tuning on positive and negative text pairs (Wang
et al., 2021). Despite the large variety of text em-
bedding models, they all share three main draw-
backs: i) they are computationally demanding to
train; ii) they are intrinsically complex because they
are trained on a large amount of data to tune a huge
amount of parameters; and iii) the embeddings pro-
duced from these models are not easily interpreted
by humans.

To improve interpretability, Faruqui et al.
introduced “Sparse Overcomplete Word Vec-
tors” (SPOWV) which create a sparse non-negative
projection of word embedding using dictionary
learning (Faruqui et al., 2015). Similarly, SParse In-
terpretable Neural Embeddings (SPINE) employs a
k-sparse denoising autoencoder to generate sparse
embeddings (Subramanian et al., 2018). However,
these methods are unable to distinguish between
multiple context-dependent word meanings. To
address this problem, another avenue of research
focuses on composing linear combinations of dense
vectors from Word2Vec and GloVe (Arora et al.,
2018). However, the assumption of linearity does
not hold for real-world data, yielding linear coeffi-
cients that are difficult to comprehend (Mu et al.,
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Figure 1: Tsetlin Machine Autoencoder. In this illus-
tration, x1 is masked by replacing it with value 1 for
inferring x̂1.

2017).

The logical embedding approach we present
here is most closely related to Naive Bayes word
sense induction and topic modeling (Charniak et al.,
2013; Lau et al., 2014). This approach learns word
meanings from local contexts by considering each
instance of the word in a document as a pseudo-
document. However, the approach is not scalable
because it requires training a single topic per target
word. Our approach, on the other hand, is scalable
and builds non-linear (non-naive) logical embed-
dings that capture word compositions. To build the
logical embeddings, we propose a novel human-
interpretable algorithm based on the TM that pro-
vides logical rules describing contexts. The TM
has recently performed competitively with other
deep learning techniques in many NLP tasks, in-
cluding novelty detection (Bhattarai et al., 2022a,c),
sentiment analysis (Abeyrathna et al., 2023; Yadav
et al., 2021), knowledge representation (Bhattarai
et al., 2023), and fake news detection (Bhattarai
et al., 2022b). Furthermore, the local and global
interpretability of TMs have been explored through
direct manipulation of the logical rules (Blakely
and Granmo, 2021). In addition, TM has been
shown to be hardware-friendly for low-power IoT
devices (Maheshwari et al., 2023).

3 Tsetlin Machine Autoencoder

We here detail the TM Autoencoder based on the
Coalesced TM (Glimsdal and Granmo, 2021), ex-
tended with input masking and freezing of masked
variables. For ease of explanation, we use three
inputs. Adding more inputs follows trivially.

3.1 Architecture
Input and Output. As seen in Figure 1, the
TM Autoencoder digests and outputs propositional
values: (x1, x2, x3) ∈ {0, 1}3 → (x̂1, x̂2, x̂3) ∈
{0, 1}3. For our purposes, the propositional vari-
ables x1, x2, and x3 each represent a word, for
example, “Brilliant”, “Actor”, and “Awful”. The
value 1 means that the word occurs in the input
text, while the value 0 means that it does not. That
is, we represent natural language text as a set of
words. Notice also that the input variables have
corresponding output variables x̂1, x̂2, and x̂3. In
short, x̂1 is to be predicted from x2 and x3, x̂2
from x1 and x3, and so on. Continuing our exam-
ple, x̂1 predicts the presence of “Brilliant” based on
knowing the occurrence of “Actor” and “Awful”.

Clause Pool. A pool of n conjunctive clauses,
denoted Cj , j ∈ {1, 2, . . . , n}, encodes the input
in order to predict the output. A conjunctive clause
Cj is simply an And-expression over a given subset
Lj ⊆ {x1, x2, x3} of the input (our autoencoder
does not use the input negations ¬x1, ¬x2, and
¬x3):

Cj(x1, x2, x3) =
∧

xk∈Lj

xk. (1)

For example, the input subset L1 = {x1, x2} gives
the clause C1(x1, x2, x3) = x1 ∧ x2 in the figure.
This clause matches the input if x1 and x2 both
are 1. In our example, the clause accordingly en-
codes the concept “Brilliant Actor”.

Weights. An integer weight matrix W connects
each of the n clauses to the three outputs x̂1, x̂2,
and x̂3:

W =



w11 · · · w1n

w21 · · · w2n

w31 · · · w3n


 ∈ Z3×n. (2)

The row index is an output, while the column index
is a clause. The weight w12, for instance, connects
output x̂1 to clause C2. In Figure 1, six weights
connect two clauses and three outputs:



+4 −5
+1 +2
−7 +6


 . (3)

Consider, for example, the weights (+4,−5) of
output x̂1 in the figure. The weight +4 states that
clause C1(x1, x2, x3) = x1 ∧ x2 favours x̂1 being
1, while clause C2(x1, x2, x3) = x2∧x3 opposes it.
For example, the concept “Awful Actor” opposes
the output “Brilliant”.
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Figure 2: Tsetlin Machine memory for single clause.

3.2 Inference

Let us consider the prediction of x̂1 first. The au-
toencoder predicts x̂1 from the clauses and weights:

x̂1 = 0 ≤
n∑

j=1

w1jCj(1, x2, x3). (4)

That is, each clause Cj is multiplied by its weight
w1j for output x̂1. The outcomes are then summed
up to decide the output. If the sum is larger than or
equal to zero, the output is x̂1 = 1. Otherwise, it is
x̂1 = 0. Clauses with positive weight thus promote
output x̂1 = 1 while clauses with negative weight
encourage x̂1 = 0. Notice that x1 is masked by
replacing it with value 1. Accordingly, the autoen-
coder infers output x̂1 from the remaining inputs
x2 and x3.

Correspondingly, x̂2 and x̂3 are calculated by
respectively masking x2 and x3:

x̂2 = 0 ≤
n∑

j=1

w2jCj(x1, 1, x3), (5)

x̂3 = 0 ≤
n∑

j=1

w3jCj(x1, x2, 1). (6)

Example. Assume that the input is always either
(1, 1, 0) or (0, 1, 1). The input (1, 1, 0) could, for
instance, represent “Brilliant Actor” and (0, 1, 1)
“Awful Actor”. Then notice how Eq. (4) correctly
determines the masked input x1 with output x̂1 in
Figure 1, both for input (1, 1, 0) and (0, 1, 1).

3.3 Learning

We next consider how to learn the variable subsets
Lj for the clauses Cj , j ∈ {1, 2, . . . , n}, as well
as how to determine the weights wij of the weight
matrix W .

Clause Memory. Each clause Cj has a graded
memory that contains the input variables, shown
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Figure 3: Type Ia (Recognize) Feedback for input
(1, 1, 0). The masked variable x1 is frozen.
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Figure 4: Type Ib (Erase) Feedback for input (0, 0, 1).
The masked variable x1 is frozen.

in Figure 2. The graded memory enables incre-
mental learning of the variable subsets from data.
Observe how each variable is in one of four mem-
ory positions (the number of memory positions is
a user-configurable parameter). Positions 1 − 2
mean Forgotten. Positions 3− 4 mean Memorized.
Memorized variables take part in the clause, while
Forgotten ones do not. The memory in Figure 2
thus gives the clause Cj(x1, x2, x3) = x1 ∧ x2.

Learning Step. The TM Autoencoder learns
incrementally using three kinds of memory
and weight updates: Type Ia, Type Ib, and
Type II. Each training example has the form
[k, (x1, x2, x3), xk], 1 ≤ k ≤ 3. The first element
is an index that identifies which input to mask and
which output to predict. The second element is an
input vector (x1, x2, x3) and the third element is
the target value for output x̂k, which is xk. We
describe the update procedure step-by-step below
for index 1 examples (output x̂1 prediction). The
update procedure for x̂2 and x̂3 follows trivially.

Clause Update Probability. First, we calculate
the weighted clause sum for x̂1 from Eqn. (4):
v1 =

∑n
j=1w1jCj(1, x2, x3). The sum is then

compared with a margin T (hyper-parameter) to
calculate a summation error ϵ. The error depends
on the x1-value:

ϵ =

{
T − clip(v1,−T, T ), x1 = 1,

T + clip(v1,−T, T ), x1 = 0.
(7)
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Figure 5: Type II (Reject) Feedback for input (0, 1, 0).
The masked variable x1 is frozen.

That is, for x1-value 1 the weighted clause sum
should become T , while for x1-value 0 the sum
should become −T . The goal of the learning is
thus to reach the margin for all inputs (x1, x2, x3),
ensuring correct output from Equation (4). To reach
this goal, each clause Cj is updated randomly with
probability ϵ

2T in each round. In other words, the
update probability drops with the error toward zero.

Update Types. The kind of update depends on
the values of x1, Cj(1, x2, x3), and w1j . We first
consider clauses with positive weight, w1j ≥ 0.
According to Eqn. 4, they are to recognize pat-
terns for x1 = 1. Note that in all of the below
updates, the masked variable x1 is frozen, leaving
it unaffected by the update.

• Type Ia (Recognize) Feedback occurs when
x1 = 1 and Cj(1, x2, x3) = 1. Then one can
say that Cj(1, x2, x3) = 1 is a true positive
because it correctly predicts the masked x1-
value. The Type Ia feedback reinforces this
successful match by updating the memory of
Cj to further mimic the input (see Figure 3).
That is, 1-valued variables move one step up-
wards in memory, with a probability of 1.0.2

Conversely, 0-valued inputs move one step
downwards, however, randomly with proba-
bility 1

s . Here, s is a hyperparameter called
specificity, meaning that a larger s makes the
clauses more specific (Zhang et al., 2022).
The clause overall is also reinforced by in-
crementing its weight wj1 by 1.

• Type Ib (Erase) Feedback occurs when x1 =
1 and Cj(1, x2, x3) = 0. Then we call
Cj(1, x2, x3) = 0 a false negative because
it fails to promote x1 = 1. In that case, all
inputs randomly move one step downward in

2Originally, the increment probability is s−1
s

, which can
be boosted to 1.0 to enhance the learning of true positive
patterns (Granmo, 2018).

memory (see Figure 4). Again, each down-
ward move happens with probability 1

s . Here,
the purpose is to eliminate the false negative
outcome by erasing variables from the clause.

• Type II (Reject) Feedback occurs when
x1 = 0 and Cj(1, x2, x3) = 1. Then, one
can say that Cj(1, x2) = 1 is a false positive
because it promotes x1 = 1 when in fact we
have x1 = 0. Then all Forgotten 0-valued in-
puts move one step upwards in memory. The
purpose is to eventually eliminate the current
false positive outcome by injecting 0-valued
variables into the clause. The clause is further
diminished by decrementing its weight w1j by
1. Note that the latter decrement can switch
the weight from positive to negative. In effect,
the clause then changes role, now training to
recognize x1 = 0 instead.

Clauses Cj with negative weights, w1j < 0, are
updated the same way. However, they are to recog-
nize patterns for x1 = 0. To achieve this, x1 = 0 is
treated as x1 = 1 and x1 = 1 is treated as x1 = 0
when updating the memories. Furthermore, the
weight updates are reversed. Increments become
decrements, and vice versa.

Algorithm 1 TM word embedding
Require: Vocabulary V; Documents D ∈ G,D ⊆ V; Accu-

mulation u; Clauses n; Margin T ; Specificity s; Rounds
r

1: TMCreate(n, T, s) ▷ Create TM with n clauses.
2: for r rounds do
3: for wordk ∈ V do ▷ Create one example per word.
4: qk ← Select({0, 1}) ▷ Random target value.
5: if qk = 1 then
6: Gk ← {D|wordk ∈ D,D ∈ G} ▷

Documents with wordk.
7: else
8: Gk ← {D|wordk /∈ D,D ∈ G} ▷

Documents without wordk.
9: Sk ← SelectN(Gk, u) ▷ Random subset of size

u.
10: Uk ←

⋃
D∈Sk

D ▷ Union of selected documents.
11: xk ← (x1, x2, . . . , xm), xi ={

1, word i ∈ Uk

0, word i /∈ Uk

12: TMUpdate(k,xk, qk) ▷ Update
TM Autoencoder for output index k, input xk, and target
value x̂k = qk.

13: C,W ← TMGetState() ▷ Clauses Cj ∈ C with
weights W .

14: E ← clip(W , 0, T ) ▷ Elementwise clip of negative
values produces weighted logical word embeddings.

15: B ← (W > 0) ▷ Elementwise comparison with zero
produces purely logical word embeddings.

16: return C,E,B
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Dataset
W2V FastText TM GloVe

Spearman Kendall Cosine Spearman Kendall Cosine Spearman Kendall Cosine Spearman Kendall Cosine
WordSim-353 0.53 0.37 0.87 0.46 0.32 0.79 0.45 0.31 0.90 0.41 0.28 0.90
SimLex-999 0.26 0.18 0.79 0.23 0.16 0.79 0.14 0.10 0.76 0.25 0.17 0.80
MEN 0.71 0.50 0.91 0.71 0.51 0.94 0.64 0.45 0.94 0.73 0.53 0.95
MTurk-287 0.66 0.47 0.77 0.63 0.44 0.93 0.63 0.44 0.92 0.66 0.47 0.86
MTurk-771 0.57 0.39 0.86 0.52 0.36 0.93 0.48 0.32 0.91 0.58 0.40 0.94
RG-65 0.72 0.58 0.89 0.67 0.49 0.88 0.75 0.63 0.92 0.78 0.62 0.93
Average 0.58 0.42 0.85 0.54 0.38 0.88 0.52 0.38 0.89 0.57 0.42 0.90

Table 1: Performance comparison of TM embedding with baseline algorithms on the similarity task.

4 Logical Embedding Procedure

We now use the TM Autoencoder to
build logical embeddings. Let V =
{word1,word2, . . . ,wordm} be the target
vocabulary consisting of m unique words.

Pre-processing. The first step is to pre-process
the document corpus. To this end, each document
is represented by a subset of words D ⊆ V . For
example, the document “The actor was brilliant”
becomes the set D = {“actor”, “brilliant”, “the”,
“was”}. The set G, in turn, contains all the doc-
uments, D ∈ G. Finally, in propositional vector
form, the word set D becomes:

x = (x1, x2, . . . , xt), xi =

{
1, word i ∈ D,

0, word i /∈ D.
(8)

Embedding. Algorithm 1 specifies the procedure
for embedding the m vocabulary words from V by
using n clauses, Cj , 1 ≤ j ≤ n, forming a clause
set C. Each round of training produces a training
example [k, (x1, x2, . . . , xm), qk] per wordk in V .
First, a target value qk for the word is set randomly
to either 0 or 1. This random selection balances
the dataset. If qk becomes 1, we randomly select
u documents that contain wordk and assign them
to the set Sk (positive examples). Otherwise, we
randomly select u documents that do not contain
the word (negative examples). Next, the randomly
selected documents are merged by ORing them to-
gether, yielding the unified document Uk. The pur-
pose of ORing multiple documents is to increase
the frequency of rare context words. Then, picking
up characteristic ones becomes easier. After that,
the propositional vector form (x1, x2, . . . , xm) of
Uk is obtained. Finally, the TM Autoencoder is up-
dated with [k, (x1, x2, . . . , xm), qk] following the
training procedure in Section 3.

Vector Space Representation. The weighted
logical embedding of wordk ∈ V can now be ob-
tained from row k of a matrix E (returned from

Dataset W2V FastText TM GloVe
AP 0.50 0.35 0.41 0.41
BLESS 0.64 0.66 0.62 0.66
ESSLI-2008 0.63 0.60 0.57 0.56
Average 0.59 0.54 0.53 0.54

Table 2: Performance comparison of TM embedding
with baseline embeddings on the categorization task.

Algorithm 1), while the purely logical embedding
is found in row k of the matrix B. Let ek denote
the k’th row of E, and let el denote the l’th row.
We can then compare the similarity of two words
wordk and word l using cosine similarity (CS) be-
tween their E-embedding:

CS(wordk,word l) =
ek · el

||ek|| ||el||
. (9)

5 Empirical Evaluation

We here evaluate our logical embedding scheme,
comparing it with neural network approaches.

Datasets and Setup We first evaluate our logical
embedding intrinsically, followed by an extrinsic
evaluation using classification tasks.

Intrinsic Evaluation. We use word similarity
and categorization benchmarks for intrinsic eval-
uation. That is, we examine to what degree our
approach retains semantic word relations. To this
end, we measure how semantic relations manifest
in vector space using six datasets: SimLex-999,
WordSim-353, MEN, MTurk-287, MTurk-771, and
RG-65. Each dataset consists of human-scored
word pairs, which are compared with the corre-
sponding vector space similarities. The categoriza-
tion tasks evaluate how well we can group words
into distinct word categories only based on their em-
bedding. We here use three datasets: AP, BLESS,
and ESSLLI-2008. To obtain the categorization
accuracy, we use KMeans clustering from sklearn
on the word embeddings and examine the clus-
ter quality by calculating the purity score from
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(https://github.com/purity). As baselines, we chose
Word2Vec, GloVe, and FastText because of their
wide use.

Extrinsic Evaluation. In our extrinsic evalua-
tion, we investigate how well our logical embed-
ding supports downstream NLP classification tasks.
Using the word embeddings as feature vectors, the
performance of supervised classification models
gives insight into the embedding quality. We em-
ploy six standard text classification datasets from
SentEval (Conneau and Kiela, 2018): R8, R52,
TREC, SUBJ, SST-2, and SST-5. For supervised
learning, we use the standard attention-based BiL-
STM model with the Adam optimizer and cross-
entropy loss function. In this manner, we directly
contrast GloVe embedding against the logical TM
approach.

Embedding Datasets. For extrinsic evaluation
with BiLSTM, we use standard 300-dimensional
GloVe embeddings, pre-trained on the Wikipedia
2014 + Gigaword 5 datasets (6B tokens).3 The pur-
pose is to compare the TM embedding performance
against widely used and successful GloVe embed-
dings on downstream tasks. To directly compare
the intrinsic properties of Word2Vec, GloVe, Fast-
Text, and TM embedding, we also train them from
scratch using the One Billion Word dataset (Chelba
et al., 2014). For training the TM, we use r = 2000
training rounds, producing 2000 examples per
word by accumulating u = 25 contexts per exam-
ple. We use the following hyperparameters: a pool
of n = 600 clauses, margin T = 1200, and speci-
ficity s = 5.0.4 Word2Vec Skip-Gram is trained
with 10 passes over the data, using separated em-
beddings for the input and output contexts. The
window size is 5 and we use five negative sam-
ples per example. Similarly, GloVe is trained for
30 epochs with a window size of 10 and a learn-
ing rate of 0.05. While Word2Vec and FastText
have been trained using the standard gensim li-
brary (https://github.com/gensim/), GloVe has been
trained using https://github.com/maciejkula/glove-
python.

5.1 Results and Discussion

As presented in Section 5, we employ two kinds
of evaluation: intrinsic and extrinsic. Table 1 con-

3The pre-trained GloVe embeddings can be found here:
https://nlp.stanford.edu/projects/glove/

4The TM Autoencoder and logical word embedding imple-
mentation can be found here: https://github.com/cair/tmu.

Dataset
GloVe TM TMhybrid

Acc. F1 Acc. F1 Acc. F1
R8 96.31 0.88 96.10 0.88 97.80 0.94
TREC 95.20 0.95 96.40 0.96 96.80 0.96
R52 90.34 0.58 91.23 0.62 94.23 0.68
SUBJ 86.20 0.86 85.80 0.85 86.70 0.87
SST-2 76.38 0.75 75.61 0.74 79.30 0.78
SST-5 47.47 0.46 47.80 0.43 49.75 0.44

Table 3: Performance comparison of our embedding
with standard GloVe embedding on the classification
task.

tains the intrinsic evaluation results from six word
similarity tasks. We here compute the Spearman
correlation, the Kendall coefficient, and the cosine
similarity between the human-set similarity scores
and the predicted similarity scores per dataset. Con-
sidering Spearman and Kendall scores, Word2Vec
and GloVe are marginally better than the compa-
rable FastText and TM embedding. However, as
reported in (Rastogi et al., 2015), small differences
in correlation-based measures are not necessarily
significant for smaller datasets. To more robustly
assess performance, we therefore also use cosine
similarity to compare predicted word similarities
with the human-set similarities. In terms of co-
sine score, our model outperforms Word2Vec and
FastText on the majority of the datasets, while per-
forming competitively with GloVe. This means
that the angles between the human-set similarities
and the GloVe/TM-predicted similarities are quite
similar. Finally, Table 2 shows the outcome for
the word categorization tasks. As seen, the perfor-
mance of the selected embedding techniques are
comparable, with Word2Vec being slightly ahead.

Previous research indicates that intrinsic word
similarity performance is minimally or even neg-
atively correlated with downstream NLP perfor-
mance (Wang et al., 2021). Therefore, we also in-
clude an extrinsic evaluation with six downstream
classification tasks. To avoid overfitting and ro-
bustly assess downstream properties, we keep our
experimental setup as above. Table 3 reports the
outcome of the evaluation, where the embeddings
have been fed to an attention-based BiLSTM model.
The first configuration (GloVe) uses the pre-trained
GloVe embeddings from the Wikipedia 2014 + Gi-
gaword 5 datasets. The second configuration con-
sists of our purely logical TM embedding from
One Billion Word (embedding B from Algorithm
1). Being five times smaller, the One Billion Word
dataset only provides about 80 percent of the vo-
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Figure 6: Interpretability of clauses capturing distinct meanings of target words in the TM embedding.

Figure 7: TM embedding visualization plotted using
t-SNE.

cabulary required for the classification tasks. We
embed the remaining 20 percent of the words ran-
domly. Hence, the TM approach can potentially
have a disadvantage in the evaluation. In the third
configuration (TMhybrid), we replace the 20 per-
cent random embeddings with the corresponding
GloVe embeddings (approximately 80% TM + 20%
GloVe). We note that the downstream accuracy of
BiLSTM is similar for both TM and GloVe. Specifi-
cally, the TM embedding exceeds GloVe by a small
margin on TREC, R52, and SST-5. The hybrid em-
bedding, on the other hand, clearly outperforms the
other two. In particular, for R52, SST-2, and SST-5,
the hybrid embedding is able to surpass GloVe by
a substantial margin of roughly 2− 4%. Given that
the datasets are not completely balanced, we also

compute F1 macro scores. We again observe that
the TM embedding either outperforms or is com-
petitive with GloVe. For R8 and R52, the hybrid
embedding surpasses GloVe by a large margin, re-
spectively, by around 6% and 10%. Based on these
results, we conjecture that logical TM embedding
can successfully replace neural network embedding.
Even with 20% of the vocabulary missing, trained
on five times smaller data, the logical embedding
performs competitively with GloVe. Interestingly,
the hybrid approach performed even better. One
possible explanation for this higher performance
could be the extra information added by the larger
vocabulary. Additionally, there may be synergy
between the neural and logical representations that
manifest in the hybrid approach.

5.2 Interpretability and Visualization

In this section, we investigate the nature of the
TM embeddings in more detail, focusing on inter-
pretability. Our embedding consists of the positive
clause weights E, or, alternatively, the proposi-
tional version B, explained by the set of clauses
C. As demonstrated in Figure 6, each clause in C
captures a facet of a context. The dotted lines in the
figure showcase the connection between the target
words and their clauses from matrix B (and, ac-
cordingly, E). Each target word gets its own color
to more easily discern the connections. In the fig-
ure, we provide an excerpt of 18 connections from
B, involving 9 target words and the 11 most trig-
gered clauses for these words. Consider, for exam-
ple, the target words surgery and heart. These two
target words share two clauses: [went ∧ hospital ]
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and [old ∧ disease ∧ patient]. The two clauses
capture two joint contexts, both related to health.
The clauses thus represent commonality between
the target words, providing information on one par-
ticular meaning of the words.

The two target words are also semantically dif-
ferent. The differences are captured by the clauses
they do not share. The target word heart, for exam-
ple, also relates to the meaning [woman ∧ love],
which surgery does not. Surgery, on the other hand,
connects with [injury ∧ game ∧ racing]. In
this manner, the unique meanings and relations be-
tween words are represented through the sharing
of logical expressions. Accordingly, it is feasible
to capture a wide range of possible contextual rep-
resentations with concise logical expressions. As
such, the logical embedding provides a sparse rep-
resentation of words and their relations. Indeed, at
most 10% of the clauses connect to each word in
our experiments. As shown in the intrinsic evalua-
tions from the previous subsection, these contextual
representations are effective for measuring word
similarity and categorizing words. Similarly, we
observed that the logical embedding is boosting
downstream NLP classification tasks.

To cast further light on the TM embedding ap-
proach, we visualize the embedding of 400 words
from the SimLex-999 dataset in Figure 7, plot-
ted using t-SNE. The figure indicates that we are
able to cluster contextually similar words in vec-
tor space. To scrutinize the clusters, we zoom in
on two of them. Consider the upper-right cluster
first. Notice how the words in the cluster relate
to hospital, such as heart and diseases. As seen,
the word embeddings are closely located in vector
space. Similarly, we can observe that terminology
connected to weather and geography are grouped
together in the bottom cluster. From these two
examples, it seems clear that the TM embedding
incorporates semantic relationships among words.

6 Conclusion and Future Work

In this work, we first discussed the challenge and
necessity of finding computationally simpler and
more interpretable word embedding approaches.
We then motivated an efficient self-supervised ap-
proach, namely, a TM-based autoencoder, for pro-
ducing sparse and interpretable logical word em-
beddings. We evaluated our approach on a wide
range of intrinsic and extrinsic tasks, demonstrating
that it is competitive with dense neural network-

based embedding schemes such as Word2Vec,
GloVe, and FastText. Further, we investigated the
interpretability of our embedding through visual-
ization and a case study. Our conclusion from the
study is that logical embedding is able to repre-
sent words with logical expressions. This structure
makes the representation sparse, enabling a clear-
cut decomposition of each word into sets of seman-
tic concepts. Future work includes scaling up our
implementation using GPUs to support the build-
ing of large-scale vocabularies from more massive
datasets.

7 Limitations

The primary purpose of the experiments conducted
in the context of the downstream classification task
is to thoroughly analyze and comprehend the prac-
tical implementation of our embedding approach.
Consequently, the evaluation did not involve a com-
parison of performance against other contemporary
transformer-based large language models, such as
BERT, which are considered the state of the art.
Further, we intend to investigate how sentence-
level and document-level embedding can be created
using clauses, for instance, applicable for down-
stream sentence similarity tasks.
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