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Abstract—Sparse Tsetlin Machines (STMs) open up for as-
signing a small sample of the literals to each clause, and
then permanently pruning those literals during learning through
absorbing automata states. By trimming the STM in this manner,
one can achieve a tenfold speed increase. However, when each
clause is limited to the literal sample selected during clause
creation, accuracy can drop. To reduce accuracy loss, we here
introduce a scheme for streaming unallocated literals through the
clauses. That is, the literals left out during clause construction
are gradually integrated into the appropriate clauses throughout
learning.That is, the literals left out during clause construction
are gradually integrated into the appropriate clauses throughout
learning. Each time an absorbing state eliminates a literal from
a clause, a new unallocated one is added to that clause, placed
in an insertion state. We study the effectiveness of the scheme at
various degrees of sampling, varying the absorbing and insertion
states. In particular, we investigate the effect of incorporating
unallocated literal during learning. Across several benchmark
datasets, we observe a boost in accuracy with sampling rates
5% and 20%. However, without literal streaming, the accuracy
drops markedly for sampling rates 1% to 4% , which confirms
the positive effect literal streaming has on STMs. In conclusion,
literal streaming makes the Tsetlin Machine more scalable,
yielding higher accuracy with fewer resources.

Index Terms—Tsetlin Machine, Literal Streaming, Absorbing
Tsetlin Automata, Natural Language Processing, Interpretable
Al

I. INTRODUCTION

The Tsetlin Machine (TM) is a pattern recognition approach
that employs groups of Tsetlin Automata (TA) to produce
logical rules by formulating conjunctive clauses. Concisely,
the TM combines summation-based and rule-based techniques
(logistic regression and decision trees) respectively, allowing
for the learning of nonlinear patterns similar to neural network
learning. The TM is based on TA to generate logical rules
through conjunctive clauses. It combines the rules for the final
decision through majority voting.

TMs have been used for several paradigms of machine
learning such as classification [1], convolution [2], regres-
sion [3], auto-encoding [4], and reinforcement learning [5],
[6]. Its parallel architecture further facilitates constant-time
scaling through GPU-based acceleration [7]. Recent research
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investigates various application of TMs, such as sentiment
analysis [8], novelty detection [9], [10], fake news detec-
tion [11], counterfactual robustness [12], and representation
learning [13].

While the vanilla TM performs competitively across var-
ious applications and paradigms, a recent study proposes a
Sparse Tsetlin Machine (STM) with absorbing TA states [14],
illustrated in Fig. 1. That construct TM learning absorbing
rather than ergodic. That is, the absorbing TA state locks
the transitions of the TA once it goes to this state. If a
TA excluded its literal in the absorbing state, the literal
is excluded permanently. Similarly, if the TA included the
literal, it permanently incorporates the literal into the clause.
Because the TA is the learning entity in a TM, the absorbing
functionality immediately reduces training time and energy
consumption. Additionally, STMs open up for assigning a
small sample of the literals to each clause, with a tenfold
speed increase. However, when each clause is limited to
the literal sample selected during clause creation, accuracy
can drop. To reduce accuracy loss, this paper introduces a
scheme for streaming unallocated literals through the clauses.
That is, the literals left out at clause creation are gradually
introduced to the corresponding clauses during learning. Each
time an absorbing state eliminates a literal from a clause, a
new unallocated one is added to that clause, placed in an
insertion state. We then investigate the effect TM streaming
has on classification effectiveness across various absorbing
and insertion states. Particularly, we compare the streaming
approach against pure sampling with absorbing states. We find
that incorporating unassigned literals improves classification
accuracy on benchmark datasets, with a significant boost
observed for sampling rates 1% to 4%.This suggests that
unallocated literal streaming enhances the capabilities of the
STM.

Our paper is organized as follows. In Section II, we give an
overview of the vanilla TM. Then, in Section III, we show how
STM can accommodate for literal streaming by introducing a
pool of unallocated literals per clause, with absorption-driven
streaming into an insertion state. We examine the new scheme
empirically in Section IV, before we conclude in Section V.
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Fig. 1. Clause with absorbing states [14].

II. TSETLIN MACHINE ARCHITECTURE

A TM employs groups of TAs with 2N states. Each TA
has two actions, namely, include or exclude, each corresponds
to N states. The states from 1 to N denote the include
action, and N + 1 to 2N for exclude action (Fig. 2, top). The
feedback system in a TM acts as a guide for the TAs. Reward
motivates TAs to move towards to the edge states of the chain.
Conversely, penalties encourages the transitions towards center
states.

The input vector of TM is in the form of true/false sequence
(Boolean vectors), X = [z1,...,Zk], to be classified into
one of the H classes where Y € {y;}/1,. Each element
in the sequence is denoted by z;, i € {1,...K}. These
elements of sequence' are transformed into a literal set that
consist of both the original features and their negations:
L = {x,.. ,~x . To capture different as-
pects of a class, the TM uses a user-defined number of clauses
(N¢), N. = H x &S based on the complexity of the patterns
(represented by S sub-patterns per class). Half of these clauses
are designed to favor the positive polarity class, while the
other half aim to mitigate the occurrence of false positives
(negative polarity). For any class h, the clauses C* , is given
by, C? (X)) = Alg, lp € L? ,, wheren (1 <n < jV/Q) is the
clause index and p € {+,—} is the polarity. After training,
each clause C’Z’h considers a specific subset of features of
the class h, i.e., the included features in its original form
or its negation, denoted by L} ,. For example, the clause
C;h(X) = —x1 A xo considers sub pattern “not z; and x3”.

UK, Ly

For any input data, each clause outputs a 0 or 1 based
on whether all its chosen features match the input. These
individual clause outputs are then added together. The con-
cluding classification decision articulate on this sum. A special
function (unit step function) takes this sum as input. If the sum
is 0 or negative, the function outputs 0, indicating the data not
belonging to the class the clauses were trained for. However,
if the sum is positive the function outputs 1 signifying the data
likely belongs to that class. Simply, a positive sum indicates

IThe Boolean elements in the sequences and the features are used inter-
changeably in this paper.

a match to the desired class. The model does this by adding
up the “votes” from each clause.Simply, the model sums the
“votes” from each clause and a positive sum suggests a match
to the targeted class.

Each literal [, in each clause C? has its own dedicated
TA. The TA’s main task is to decide whether to include that
particular literal in the clause. The TA makes this decision
based on a feedback system that provides rewards, inaction,
or penalties in the training process of TM. TM learning
leverages two main types of feedback: Type I and Type IIL
Type I feedback encourages the TAs to choose features that
frequently appear together aiming to reduce false negatives
(cases where the model misses a valid pattern). In simpler
terms, it stimulates the recognition of common characteristics
of the target class. On the contrary, Type II feedback is oriented
towards enhancing the differentiation between the target class
and alternative categories. It penalizes TAs for including
features that might lead to false positives which is classifying
something as belonging to a particular class when it belongs
to another class. This feedback type helps the clauses become
more specific and avoid incorrectly classifying data points.
Through this integrated feedback system, the TAs within
each clause acquire the ability to discern diverse sub-patterns
present within the dataset. When effectively integrated, these
sub-patterns collectively enhance the overall accuracy of the
TM in classifying new data [1].

III. SPARSE TSETLIN MACHINE WITH STREAMING

Our STM with streaming is a variation of the STM. Like
the standard STM, it uses a sparse representation of the TA
states instead of dense arrays. That is, it utilizes lists to store
the TAs and their states. Then, instead of simply sampling
the literals available to build a clause, the literals are divided
into two subsets. One fraction is made available to building
the clause, referred to as allocated literals. The other faction
is yet to be allocated, referred to as unallocated literals. An
unallocated literal can possibly be added to the allocated subset
when a TA permanently excludes (the concept of permanently
excluding a literal is to be explained later) its allocated literal.
In this way, the literals are streamed to the allocated subset,
one by one. Accordingly, each literal, in turn, gets its chance
to take part in the clause.

The sparse representation makes the approach efficient for
handling high-dimensional data, while the streaming balances
feature exploration against computation time. Further, by keep-
ing some of the literals out of the loop, the approach may have
a regularization effect.

To achieve the above effects, we first modify the TA
itself, introducing the concept of insertion state. As soon as
one literal is absorbed, another literal changes status from
unallocated to allocated. This mechanism allows the clause
construction process to focus on a few literals at a time, rather
than all at once. As previous work already have covered the
effect of absorbing states, we will concentrate on the effect
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of literal streaming. In what follows, we will summarize the
concept of absorbing TA and TM, and then explain the literal
streaming in detail.

A. Absorbing Tsetlin Automaton

Fig. 2 depicts the standard TA and absorbing TA, as well as
TA for streaming. The top part of the figure shows a standard
TA with 256 states in total similar to [14]. States 1 to 127
signify the Exclude action, while states 128 to 256 signify the
Include action. The absorbing TA is shown below the standard
TA. For the absorbing TA, we configure a user-defined depth
for the absorbing state, which was chosen as state 117 in the
figure, marked in red. Whenever the TA reaches this state, it
permanently excludes the literal from the clause, discarding the
TA. Finally, notice the new type of state that we introduce in
this paper, marked in green in the figure. This is the insertion
state, which we discuss next.

Exclude Include

@ 118 o @ --- 127 | 128

Absorbing

Insertion

Fig. 2. Standard Tsetlin Automaton vs Absorbing Tsetlin Automaton. The
absorbing boundary set at the 120" state and Insertion boundary set at the
117" state.

B. Literal Streaming

As illustrated in Fig. 3, we divide the literals for a clause
into allocated and unallocated ones. The ratio between them is
controlled by a hyper-parameter named sampling percentage.
The unallocated literals represent feature-class combinations
not yet investigated by the specific clause. Once an allocated
literal is permanently excluded (i.e., absorbed in the TA), a
randomly selected literal in the unallocated category can be
inserted to the clause. The insertion state, which is state 120
and indicated in green in Fig. 2, is used as an initial state
when an unallocated literal becomes allocated to the clause.

As further demonstrated in the figure, the left side showcase
a snapshot of the status of a clause in the current form
lo AN l3 N1y Nlg. Tts literals and TA states are also illustrated,
where the number after each literal indicates the current state
number in its corresponding TA. There are 5 kinds of literals
in this illustration, including permanently included literals
(absorbed as included), included literals (included but not
absorbed), excluded literals (excluded but not absorbed), dis-
carded literals (absorbed as excluded) and unallocated literals.

The first 4 kinds have been allocated literals. After certain
number of iterations, the clause evolves to lo Als Al AlgAlg and
the status of the clause is shown on the right side. The arrows
from left to right illustrate the changes of the literals. Clearly,
one included literal, /3, becomes permanently included, while
another literal, /4 becomes permanently excluded. As the
permanently excluded literal, /4, makes room in the clause, an
unallocated literal, /15, is allocated and inserted as an excluded
literal, shown in the green part in the right figure.

C. The Merit of STM

The advantage STMs lies firstly in their dynamism. The
absorption-driven streaming offers a versatile approach to
pattern learning, enabling robust adaptation to diverse datasets
without the need for predefined feature lists. The dynamic
learning process facilitates the STM’s continual update of its
comprehension of the data, thereby enhancing its classification
accuracy progressively. In essence, the adaptive learning mech-
anism empowers STM to iteratively refine their understanding
of complex data patterns, leading to progressively improved
classification accuracy over time. This flexibility makes STM’s
a promising solution for addressing complex data scenarios
and advancing the field of machine learning.

The concept of absorption also refines the literal stream-
ing process. By introducing absorbing states within the TA,
the system can permanently exclude literals that consistently
demonstrate irrelevance to the classification task. When an
unallocated literal ventures into the Exclude side it reaches the
designated absorbing state and becomes permanently removed
from the pool. This mechanism prevents perpetually unsuc-
cessful feature-class combinations from cluttering the clause
creation process, ultimately enhancing the overall efficiency
and focus of the STM. In essence, literal streaming with
absorption offers a more dynamic, data-driven, and concise
clause creation within STMs. Incorporating unallocated literals
and permanently removing irrelevant ones through absorption
may lead to a more sparse and concise representation com-
pared with the traditional predefined clause setting.

IV. EMPIRICAL RESULTS

In this section, we provide the experimental setup, variations
and results for the literal sampling across absorption and inser-
tion states. We further present and discuss our our empirical
findings. We consider three aspects. We first demonstrate the
impact of changing the literal sampling rate from 1% to
50% on accuracy across different absorption and insertion
state variations. Additionally, we examine how accuracy is
influenced by the presence or absence of literal streaming.

A. Datasets

Throughout this study, we run the experiments on 7 pub-
licly available datasets. We have utilized the same datasets
used across the previous study [14] and the IMDB dataset
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Fig. 3. Insertion of Unallocated Literals to the Excluded literals lists.
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Fig. 4. TIllustrates the set of Experiments utilised across the 8 datasets mentioned in the dataset.Experimenting within the effect of literal streaming with 3 sets
A. sampling rate across the 8 datasets. B. Insertion state with incrementally changing the absorption state. C.Absorption state with incrementally changing
insertion state of literals and unplugging it too. D.Absorption state with incrementally changing insertion state of literals and unplugging it across R8
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in addition. The predefined training and testing splits were
utilized across all datasets.

« IMDB [15] is an open-domain, Movie review dataset
available in the Keras Library.

« TREC-6 [16] is a fact-based question classification
dataset.

« MPQA [17] is a dataset for detecting opinion polarity.

e« CR [18] is a dataset that contain customer reviews with
labels of either positive or negative.

« SUBJ [19] is a dataset that contain reviews classified as
subjective or objective.

o« R8 and R52 [20] is a subset of the Reuters-21578 with
consist of 8 and 52 classes, respectively.

B. Implementation Details

The TM model is initialized with the following parameters:
the number of clauses (/V.), voting margin (), specificity (s),
maximum included literals, literal sampling, and an absorbing
state. The TM performance is initially fixed across the datasets
utilizing N, T', and s with initial numbers 1000, 10000 and 1
respectively. We then vary the literal sampling values ranging
from 0.01 to 0.5, while keeping the absorption and insertion
state fixed on 117 and 120 respectively, to show the sampling
rate effect across datasets. All of our experiments are run over
25 epochs.

We investigate four aspects of STM with streaming. Briefly
illustrating the 4 sets of experiments with the findings in Fig
4.

o We evaluate literal streaming across several sampling
percentages.

o We experiment with a stable sampling rate, varying the
absorption state. For instance, we usesampling rate 1%
and 5% across several absorbing states, with a stable
insertion state at 120.

e« We keep the absorption state stable at 117 and the
sampling rate at 1%, 5%, and 20%, investigating the
effect of varying the insertion state. We also turn off the
insertion state, shown as insertion state —1 in our results.

o For the R8 dataset, we finally investigate the effect of
increasing the number of clauses IV and the voting margin
T ten times, across sampling rates 1%, 5% and 20% and
across absorbing states from 100 to 125. We here keep
the insertion state table at 117

C. Results and Discussions

We first investigate how accuracy is affected by sampling
percentage (in decimal form) across the datasets, illustrated in
Table I. Each dataset (IMDB, R8, R52, SUBJ, CR, MPQA, and
TREC) is evaluated according to multiple metrics, including
accuracy and training time, at different sampling rates ranging
from 0.01 to 0.5. For most of the datasets, increasing the
sampling rate to 0.1 and 0.2 was required to get the maximize

accuracy. A sampling rate of 0.5 occasionally gave a decrease
in accuracy across, which can be attributed to over-fitting when
too many literals are available for clause construction. For
instance, the IMDB dataset achieves an accuracy of 91.02 at
a sampling rate of 0.1, but drops to 90.84% at a sampling rate
of 0.5. Also notice how the smaller sampling rates ranging
from 0.01 to 0.04 gave a significant accuracy loss.

We next investigate the effect of absorption state in Tables II
and III, focusing in a sampling rate of 1% and 5%. The
table shows the performance of the TM with absorption states
ranging from 100 to 125, with the latter being very close to the
Include action boundary at state 128. For the majority of the
datasets, there is a notable accuracy decrease as the absorption
state increases. For instance, with the IMDB dataset, the
accuracy is 90.06% at an absorption state of 120, but only
82.18% at an absorption state of 125. The R52 dataset shows
a similar trend, with an accuracy of 86.88% at 120 and 84.03%
at 125.However, the CR dataset appears less impacted by
the absorption state, with an accuracy of 72.34% at 120 and
69.68% at 125.

With a similar pattern of performance, when upgrading the
sampling to 5% the accuracy increases between an absorption
state that ranges as previously mentioned. A lower absorption
state in the TM leads to better performance on most datasets,
which we take into consideration in the rest of the experimen-
tal trials. As well as, it was noted a decrease in training time
with an increasing absorbing state.

In this manner, we further investigate the effect of sampling
and the results of accuracy across different insertion state
with two different absorption state of 117 and 120 which is
a middle ground from previous experiments across different
insertion states ranging from 117 to 127. Additionally, the —1
insertion state for the investigation into halting the streaming
of unallocated literal.

The second set of experiments was conducted across dif-
ferent insertion states to investigate the impact of sampling
with 1%, 5% and 20%, respectively across insertion state
ranging from 117 to 127 and an insertion to —1 (turning literal
streaming off) These results are compiled in Tables IV, V
and VI with an absorption rate of 117. The highest accuracy
occurred between insertion states 119 and 123 with a couple
of exceptions that occurred at 125. In larger datasets, such
as the IMDB, R52 and RS, the highest accuracy across the
insertion state was from 119 to 123, while smaller datasets
obtained the largest accuracy mostly with insertion states 119
and 120 with 120.

Importantly, observe the loss of accuracy when turning
literal streaming off (insertion state —1), which is the key
result of this paper. For all the datasets, the accuracies drop
from 1% to 4%. For instance, in the CR dataset there was a
visible decrease in accuracy when turning off literal streaming
in terms of accuracies and also a decrease in the training time.
This result also pinpoints that the size of the dataset has a
slight effect on the accuracy. Throughout the three tables, there
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TABLE I

PERFORMANCE OF TM WITH DIFFERENT SAMPLING WITH ABSORPTION STATE 117 AND INSERTION STATE 120. THE PERFORMANCE RESULT IS
PRESENTED IN PERCENTAGE AND TRAINING TIME IN SECONDS FROM THE LAST EPOCH.

Datasets Sampling
0.01 0.02 0.03 0.04 0.05 0.1 0.2 0.3 04 0.5
IMDB 90.73(69.2)  90.23(40.3)  90.24(38.3)  90.41(27.8)  90.75(26.0) 91.02(23.3)  90.99(25.5)  90.90(18) 90.86(17.4)  90.84(17.2)
R8 92.46(2.2) 94.14(2.4) 93.80(2.4) 93.97(2.4) 94.47(11.12)  94.30(2.5) 94.47(2.5) 94.81(10.56) 94.47(2.6) 94.47(2.6)
R52 87.69(4.2) 89.1(4.5) 89.99(4.5) 90.69(4.9) 91.08(4.5) 92.64(5.8) 92.33(5.5) 93.46(5.3) 93.46(5.4) 93.57(5.2)
SUBJ 85.15(2.8) 88.10(3.9) 88.95(4.6) 88.60(6.1) 89.0(5.5) 89.50(6.8) 89.0(7.6) 89.15(8.2) 88.70(7.2) 88.95(8.6)
CR 72.07(3.4) 72.07(7.3) 68.88(7.3) 69.41(7.9) 71.28(8.0) 73.40(8.6) 75.27(7.5) 73.94(8.1) 69.41(8.4) 68.88(8.4)
MPQA  69.37(1.7) 69.75(2.2) 69.43(3.6) 69.18(3.0) 69.79(3.5) 70.78(5.5) 83.69(5.5) 84.73(5.2) 85.34(5.6) 84.92(5.8)
TREC 82.80(6.6) 79.60(9.2) 84.0(10.5) 84.60(6.4) 86.20(9.4) 87.40(5.5) 89.20(7.2) 88.80(5.3) 87.60(7.9) 88.40(9.2)
TABLE II

PERFORMANCE OF TM OF 120 AS AN INSERTION STATE WITH 1% PERCENT SAMPLING

Absorption State

Datasets
100 105 110 115 120 125
IMDB 90.12(106.9)  90.04(105.4)  90.06(111.4)  90.39(114.9)  89.64(126.9)  82.18(14.3)
R8 93.47(2.6) 92.80(2.8) 92.96(2.7) 93.97(2.6) 93.30(2.4) 92.80(2.0)
R52 85.32(6.6) 85.32(6.8) 86.88(6.6) 86.45(6.3) 89.33(6.3) 84.03(6.3)
SUBJ 88.55(13.4) 86.35(14.1) 83.10(13.3) 84.70(13.3) 86.20(13.0)  87.50(12.9)
CR 72.61(3.3) 70.74(3.3) 71.54(2.2) 72.34(3.3) 74.20(3.3) 69.68(3.3)
MPQA 69.37(3.1) 69.37(4.0) 71.23(7.6) 73.04(11.9)  71.49(11.7)  69.37(12.2)
TREC 76.40(5.6) 80.20(6.1) 76.20(5.0) 79.80(5.9) 76.0(5.8) 75.20(4.9)
TABLE III

PERFORMANCE OF TM OF 120 AS AN INSERTION STATE WITH 5% PERCENT SAMPLING

Absorption State

Datasets
100 105 110 115 120 125

IMDB 91.06(44.0)  91.11(43.5) 90.86(41.8)  90.29(39.2)  90.69(41.2)  81.25(10.1)
R8 93.47(4.0) 93.97(2.7) 94.30(3.0) 94.47(2.4) 93.97(2.4) 92.46(1.2)
R52 91.28(7.6) 91.28(7.9) 90.81(7.7) 91.82(7.4) 91.20(6.3) 86.95(4.5)
SUBJ 88.80(30.4) 89.20(33.1) 89.05(29.1)  89.0(31.1)  88.85(22.1) 88.55(19.9)
CR 71.01(1.5) 70.74(1.4) 71.24(1.4) 73.67(1.5) 72.61(1.0) 69.95(0.8)
MPQA  68.90(37.3) 69.46(33.2) 68.99(33.5) 69.60(32.2) 69.23(31.8) 69.13(34.1)
TREC 85.40(2.4) 86.40(2.4) 84.20(2.4) 84.0(2.3) 83.0(2.2) 79.20(2.1)

is an accuracy decrease comparing the 117 insertion state to
the —1 state.

We then experiment with an increase of the N and 7' to
10000 clauses and, 100000 respectively, which led to a slight
increase of 1% to 2% percent of higher accuracy throughout
the several insertion states mentioned in the table. The most
visible would be the difference between the 117 insertion state
and the —1 insertion state, with a 2% increase. Meanwhile
throughout the 3 set of experiments, the training time tends to
fluctuate within the insertion states.

However, upon comparing the first and last insertion states,

a reduction in training time was observed. For further proof
we demonstrate a comparison between previous studies.In
[14] and [21]they reported the average of the epochs across
experiments. While in this study we report the average and
(maximum) values across VII with comparison of previous
results throughout a subset of the datasets and reported the
maximum values across the experiments throughout the paper.

V. CONCLUSION

This study investigated the impact of sampling unallocated
literal streaming on the performance of STM. Our findings

Authorized licensed use limited to: UNIVERSITY OF AGDER. Downloaded on May 15,2025 at 08:51:18 UTC from IEEE Xplore. Restrictions apply.



TABLE IV

PERFORMANCE OF TM OF 117 AS AN ABSORPTION STATE WITH 20% PERCENT SAMPLING

Insertion State

Datasets
117 119 121 123 125 127 -1
IMDB 90.93(23.1) 91.0(22.2) 91.11(25.1)  91.12(28.1) 91.09(32.6) 91.07(37.6)  90.0(23.6)
R8 94.64(2.2) 94.14(2.6) 94.14(2.6) 93.63(2.6) 94.81(2.7) 94.64(2.3) 93.47(2.2)
R52 92.95(8.4) 93.85(8.7) 92.72(8.4) 92.83(7.7) 92.99(7.9) 92.60(7.5) 92.20(8.0)
R8(10000 clauses) 94.47(18.1) 94.30(17.3) 93.97(16.4) 94.47(18.5) 94.97(18.5) 93.97(15.9) 94.4716.9)
SUBJ 89.25(15.0) 89.85(14.5) 88.85(12.2) 88.95(11.2) 89.25(12.8) 89.0(13.2)  88.80(15.4)
CR 70.74(1.4)  71.01(1.5)  73.94(1.6) 73.67(1.6)  73.67(1.4)  73.94(12)  69.41(1.2)
MPQA 73.80(35.7)  83.55(49.6) 85.25(44.9) 85.11(51.1) 84.78(48.6)  80.87(44.6)  69.46(46.2)
TREC 87.0(13.1)  89.0(12.4)  87.80(13.7) 86.60(12.8) 85.80(14.0) 88.20(13.0)  87.0(13.6)
TABLE V
PERFORMANCE OF TM OF 117 AS AN ABSORPTION STATE WITH 1% PERCENT OF SAMPLING
Datasets Insertion State
117 119 121 123 125 127 -1
IMDB 89.84(14.5)  90.62(13.2)  90.58(13.9)  88.08(12.9) 89.29(10.3)  88.56(11.7)  88.52(13.6)
R8 93.13(2.3) 93.80(2.4) 92.96(2.4) 93.97(2.4) 92.46(2.3) 90.45(2.6) 92.1(2.2)
R52 88.63(4.7) 88.07(4.0) 87.73(5.0) 87.7(5.1) 87.93(6.0) 85.51(5.1) 80.41(4.0)
R8(10000 clauses) 94.14(20.8) 93.47(20.4) 93.80(23.1)  92.29(23.6)  93.13(22.4)  91.62(25.5)  92.29(16.8)
SUBJ 88.65(3.0) 86.25(3.1) 89.0(3.1) 88.30(2.9) 87.65(2.9) 86.70(2.9) 76.55(2.6)
CR 72.07(1.8) 71.07(1.8) 74.47(1.9) 69.86(1.8) 71.28(1.9) 70.40(1.8) 65.43(1.7)
MPQA 75.35(8.1) 73.85(8.4) 73.09(8.2) 72.43(8.1) 71.21(8.6) 72.34(8.2) 71.68(6.0)
TREC 72.36(8.1) 71.80(8.4) 74.40(8.4) 76.60(1.4) 70.60(1.3) 71.0(1.28) 61.20(1.13)
TABLE VI

PERFORMANCE OF TM OF 117 AS AN ABSORPTION STATE WITH 5% PERCENT SAMPLING ACROSS SEVERAL INSERTION STATES

Insertion State

Datasets
117 119 121 123 125 127 -1

IMDB 90.81(25.1)  90.84(25.4)  90.95(34.3)  90.75(6.9) 90.92(8.1) 90.55(8.9)  90.75(45.2)
R8 94.64(2.4) 94.47(2.9) 94.47(2.9) 94.47(2.9) 92.80(4.2) 93.97(2.1) 94.30(2.2)
R52 90.85(4.8) 91.24(4.9) 91.0(5.1) 91.514.8) 90.54(4.8) 88.94(6.0) 89.95(5.0)
R8(10000 clauses) 94.64(23.1) 94.81(22.7) 93.97(21.0) 94.47(20.9) 93.97(27.1)  94.47(20.0)  93.87(20.0)
SUBJ 88.75(5.6) 88.65(5.8) 88.65(5.7) 89.20(5.8) 88.55(5.8) 88.55(5.8) 84.65(4.4)
CR 73.14(1.0) 69.95(1.2) 73.67(1.3) 72.61(1.5) 70.74(1.4) 7234 (1.5)  69.95(0.9)
MPQA 75.78(22.8)  74.46(28.1)  75.87(28.6)  76.0(28.4)  75.31(284)  76.027.7)  73.80(15.3)
TREC 82.40(10.5) 82.40(11.4) 82.20(11.9) 83.00(32.7) 81.20(34.8)  80.0(33.5)  77.20(23.1)

suggest that the sampling significantly affects the accuracy of
the STM, illustrated across the results on different datasets
with more prominent effects observed in smaller datasets
compared to larger datasets such as the IMDB.

This implies that sampling is an efficient process within
the learning process. Nevertheless, additional investigation is
necessary to evaluate scalability, as briefly explored with the
R8 dataset in this study.A comprehensive examination across

larger datasets in future research endeavors. By comprehend-
ing the influence of literal streaming, we can optimize TM
training strategies and improve their overall effectiveness in
pattern recognition tasks.
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TABLE VII

A COMPARISON OF PREVIOUS STUDIES VS CURRENT STUDY. RESULTS

ACROSS
Datasets [14] Current [21]
MPQA  73.85  75.9(76.0) X
IMDB X 90.73(91.12)  89.9
CR 7595  7242(7527) X
Subj 81.78 83.07(89.28) X
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