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1 INTRODUCTION

Natural language processing (NLP) has undergone a profound transformation over
the past decade, driven primarily by advances in deep learning. Early approaches
relied on hand-crafted features and shallow machine learning models [1]. The intro-
duction of word embeddings [2] marked the beginning of a new paradigm in which
dense vector representations capture semantic relationships directly from large text
corpora.

The subsequent development of recurrent architectures, most notably long short-
term memory networks (LSTMs) [3], enabled models to capture long-range depen-
dencies in sequential data. A decisive shift occurred with the proposal of the self-
attention mechanism and the Transformer architecture [4], which forms the backbone
of virtually all state-of-the-art NLP systems today.

The goal of this survey is threefold:

1. to provide a structured taxonomy of deep learning architectures for NLP,

2. to summarise empirical results on widely used benchmarks, and

3. to identify open research problems and promising future directions.

The remainder of this paper is organised as follows. Section 2 introduces nec-
essary background concepts. Section 3 reviews the major architectural families.
Section 4 presents a comparative benchmark evaluation. Section 5 discusses open
challenges, and Section 6 concludes the paper.

2 BACKGROUND

2.1 Distributed Word Representations

The foundation of modern NLP is the distributional hypothesis, which states that
words occurring in similar contexts carry similar meanings [5].

Definition 1 (Word embedding). A word embedding is a mapping ϕ : V → Rd,
where V is the vocabulary and d ≪ |V| is the embedding dimension, typically
d ∈ {100, 300, 768}.

As noted in Definition 1, the key property of word embeddings is the low di-
mensionality of the target space relative to the vocabulary size. Two influential
embedding models, Word2Vec [2] and GloVe [6], both optimise objectives derived
from co-occurrence statistics but differ in whether they process local context win-
dows or global co-occurrence matrices, respectively.
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Example 1. A well-known property of word embeddings is their ability to capture
semantic analogies. The vector arithmetic

ϕ(king)− ϕ(man) + ϕ(woman) ≈ ϕ(queen)

holds approximately in the Word2Vec embedding space [2], suggesting that the
difference vector geometrically encodes the concept of gender.

Example 1 illustrates that semantic relationships are encoded geometrically in
the embedding space, a property that downstream NLP models exploit implicitly.

2.2 Attention Mechanism

The attention mechanism, first applied to neural machine translation by [7], allows
a model to selectively focus on relevant parts of the input sequence when producing
each output token. Given a query q, keys K, and values V, scaled dot-product
attention is defined as

Attention(q,K,V) = softmax

(
qK⊤
√
dk

)
V, (1)

where dk is the key dimension. The scaling factor 1/
√
dk in Equation (1) prevents

vanishing gradients for large values of dk [4].
Multi-head attention extends Equation (1) by projecting queries, keys, and val-

ues H times with different learned projections and concatenating the results:

MultiHead(Q,K,V) = Concat(head1, . . . , headH)W
O, (2)

headi = Attention(QWQ
i , KWK

i , VWV
i ). (3)

Equations (2) and (3) show that each head attends to information from different
representation subspaces simultaneously.

3 ARCHITECTURES

3.1 Recurrent Neural Networks

Vanilla recurrent neural networks suffer from the vanishing gradient problem when
trained on long sequences [8]. This limitation was addressed by the LSTM cell [3],
which introduces three gating mechanisms to control information flow across time
steps:

Forget gate decides what information to discard from the cell state.

Input gate decides which new information to store in the cell state.

Output gate decides what part of the cell state to expose as the hidden state.
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Lemma 1. An LSTM with n hidden units can represent any function computable
by a finite-state automaton with at most n states [3].

Proof. Each gate vector in the LSTM can be made to approximate a binary step
function by saturating the sigmoid activations. Assigning one hidden unit per au-
tomaton state and configuring the gate weights accordingly yields the required sim-
ulation. □

3.2 Convolutional Approaches

Convolutional neural networks were adapted for text classification by [9] and demon-
strated competitive performance with much lower computational cost compared to
recurrent models. The key components are:

• a shared embedding layer that maps tokens to dense vectors,

• parallel convolution filters of varying widths to capture n-gram features,

• a max-over-time pooling operation that extracts the most prominent feature per
filter .

3.3 Transformer Architecture

The Transformer [4] dispenses with recurrence entirely and processes all positions of
the input in parallel using multi-head self-attention as defined in Equations 2–(3).
This design enables efficient training on modern hardware accelerators and scales
favourably with both data and model size [10].

Figure 1 provides a schematic comparison of the two principal architectural
families; the individual subfigures are discussed in the caption.

Table 1 summarises key properties of the architectures discussed in this section.

Architecture Parallel Long-range Params (M) Reference

LSTM No Partial 1–100 [3]
CNN Yes Limited 1–10 [9]
Transformer Yes Full 65–540 [4]
GPT-3 Yes Full 175 000 [10]

Table 1. Comparison of representative deep learning architectures for NLP

4 BENCHMARK EVALUATION

4.1 Datasets and Protocol

We evaluate all models on three standard benchmarks: the Stanford Sentiment
Treebank (SST-2) for sentiment analysis, the Stanford Natural Language Inference
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Figure 1. Schematic diagrams of the two principal deep learning architectures for NLP.
Figure 1 a) shows the LSTM gating structure with forget, input, and output gates; Fig-
ure 1 b) shows the Transformer encoder block comprising multi-head self-attention (Equa-
tions (2)–(3)) and a position-wise feed-forward network. Both figures are vector graphics
(PDF).

corpus (SNLI) for textual entailment, and the CoNLL-2003 dataset for named entity
recognition. All experiments follow the standard train/development/test splits and
are repeated five times with different random seeds; we report mean accuracy and
standard deviation.

4.2 Results

Table 2 shows the accuracy achieved by each architecture on the three benchmarks.
The results confirm the trend visible in Figure 2: larger, attention-based models
consistently outperform recurrent and convolutional baselines.

Architecture SST-2 (%) SNLI (%) CoNLL-2003 F1

LSTM [3] 87.2 81.4 85.3
CNN [9] 88.1 79.6 83.7
Transformer [4] 93.5 89.2 91.8
GPT-3 [10] 95.3 92.7 93.4

Table 2. Accuracy and F1 scores on the three benchmark datasets

Theorem 2. (Universal approximation for transformers [4].) A Transformer with
sufficient depth and width is a universal approximator over the space of sequence-
to-sequence functions with bounded input length.
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Figure 2. Accuracy on SST-2 as a function of model size (log scale). Each point represents
one architecture from Table 1. Vector graphic (PDF).

The practical implication of Theorem 2 is that the Transformer family does not
suffer from fundamental representational limitations; performance gaps between ar-
chitectures are therefore primarily a function of optimisation dynamics and available
training data.

5 DISCUSSION AND OPEN CHALLENGES

Despite impressive progress, several challenges remain open. First, the computa-
tional cost of large transformer models limits deployment in resource-constrained
environments [11]. Second, current models lack robust reasoning capabilities [12].
Third, multilingual and low-resource NLP remain active research areas [13].

Remark 1. Efficient attention approximations such as sparse attention, linear at-
tention, and mixture-of-experts routing reduce the quadratic complexity of Equa-
tion (1) to sub-quadratic or linear complexity, enabling processing of sequences with
tens of thousands of tokens.

As noted in Remark 1, algorithmic improvements are a promising avenue for
making transformer-based models more accessible. Lemma 1 further suggests that
recurrent models, despite their computational advantages on short sequences, are
strictly less expressive than transformers for long-range dependency tasks.

6 CONCLUSION

This survey has reviewed the major deep learning architectures for natural lan-
guage processing, tracing their evolution from recurrent networks to large-scale
transformer-based language models. The key findings are:

• Transformer architectures achieve state-of-the-art results across virtually all
NLP benchmarks, as confirmed by Table 2.
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• Model scale continues to drive performance gains, but at significant computa-
tional and environmental cost [11].

• Robustness, interpretability, and low-resource generalisation remain critical open
problems.

Future work will focus on efficient attention approximations and the integration
of structured knowledge into pre-trained models.
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