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Abstract: The evolution of sentence representation learning, especially with parse tree encoders,
has shown remarkable progress. Traditional approaches predominantly rely on recursive encoding
of tree structures, which impedes parallel processing capabilities. Additionally, these methods
often overlook the significance of dependency tree arc labels. To overcome these limitations, we
introduce the Syntax-Enhanced Transformer (SET), incorporating a novel dual-attention mechanism
that integrates relation-focused attention alongside traditional self-attention. This design effectively
encodes both dependency and spatial positional relationships within sentence dependency trees.
Our approach innovatively incorporates syntactic information into the Transformer framework
without compromising its inherent parallelizability. The SET demonstrates superior or comparable
performance to contemporary methods across various sentence representation tasks, significantly
enhancing computational efficiency.
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1. Introduction

The use of distributed sentence representations has become integral in numerous natural
language processing (NLP) tasks. Various operators, including recurrent neural networks (RNN) [1,2],
convolutional neural networks (CNN) [3-5], recursive convolutional neural networks (RCNN) [8,9],
and Transformers [10,11], have been employed for mapping lexical representations into cohesive
sentence representations. While effective, these models often neglect the rich syntactic information
inherent in sentence structures [12-20]. Contrary to earlier sequence-structure encoding methods,
tree-based models encode sentences by recursively processing tree structures through diverse
compositional functions. Parse trees, illustrating syntactic sentence structures, are repositories of
grammatical nuances. Recursive models have been developed to encode sentences and their parse
trees, leveraging a variety of compositional functions in a bottom-up fashion. Despite their innovative
approach, RNN-based models suffer from limited parallelization capabilities, exacerbated by the
heterogeneous nature of tree structure inputs, hindering batch processing and parallel training.

In response, the Transformer model has gained widespread popularity, attributed to its
exceptional parallelism and performance. However, existing Transformer adaptations, such as
Tree-Transformer [25], still adhere to a recursive mechanism, limiting parallel training. Furthermore,
dependency trees encapsulate both topological structures and dependency relation types. These labels
are pivotal, yet seldom effectively distinguished in existing models. This gap prompts an inquiry: Can
we harness syntax tree information [31] extensively without compromising the Transformer’s parallel
processing feature?

Addressing this, we present the Syntax-Enhanced Transformer (SET), with a relation-attention
mechanism, providing an affirmative response to the aforementioned challenge. The SET’s
dual-attention mechanism seamlessly blends dependency information with the self-attention
mechanism. It decomposes trees into word relations, assigning learnable vectors to dependency
relations and relative tree positions. These vectors are pooled into scores and amalgamated with
self-attention scores during parallel word pair processing. Additionally, a gating mechanism correlates
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these relation-attention scores with sentence semantics, dynamically adjusting their contribution to the
self-attention scores based on lexical context.

Our model’s effectiveness is validated on four benchmark sentence representation datasets, where
it surpasses or equals existing methodologies, notably on SICK-E and SICK-R, and competes closely
on SST-2 and MRPC. The SET not only elevates performance but also achieves a 6-8 fold increase
in training and testing speed compared to recursive models. Our comprehensive studies, including
ablations and case analyses, further substantiate the efficiency and validity of our proposed mechanism.

Our primary contributions are as follows:

¢ Introducing the Syntax-Enhanced Transformer and its dual-attention mechanism, which preserves
the Transformer’s parallelization advantages while optimizing dependency tree utilization.

¢ Demonstrating our model’s proficiency on four sentence representation tasks: SICK-E, SICK-R,
SST-2, and MRPC, achieving state-of-the-art results on two and competitive performance on the
others. The effectiveness of our approach is further supported by detailed ablation and case
studies.

2. Proposed Model: Syntax-Enhanced Transformer (SET)

The Syntax-Enhanced Transformer (SET) structure is grounded in a robust three-layer Transformer
encoder. We consider an input sequence X = [x1, X, ..., X, € R*4 To align with the syntactic tree
structure, a unique [root| token, symbolizing the ROOT node of the parse tree, is prepended to the
sentence, resulting in the modified input X = [root, x1, X2, ..., X |. The output from the model is the
transformed sequence Y' = [Yyo0t, Y0, Y1, - Yn) € R(Hl)x‘i, with the ROOT node’s output serving as
the holistic sentence representation.

In the conventional Transformer setup, the input comprises the sum of word embeddings and
positional vectors. These components respectively capture the training corpus’ word distribution
and the positional relevance within a sentence. The SET introduces an innovative layer, the level
embeddings, delineating the hierarchical levels of words within the parse tree (measured as the
distance from the root node). These level embeddings, akin to positional vectors, are set as learnable
vectors for distinct tree levels, enriching the input to our model with nuanced syntactic depth.

2.1. High-order Dependency Relation Enhancement

In the Transformer’s self-attention mechanism, attention scores are the scaled-dot products of
the words” hidden states, reflecting lexical semantic relationships. Similarly, the relational dynamics
within a dependency parse tree can be interpreted as correlations among words. To encapsulate this,
we integrate dependency relations into the self-attention scores. This integration is poised to capture
the sentence’s syntactic structure.

Previous approaches have underutilized relation types in dependency trees. Addressing this, we
assign a unique learnable vector to each relation type. These vectors are processed through different
linear layers within each attention head, contributing to the calculation of augmented attention
scores. These enhanced scores are then added to the conventional attention scores as a bias. The
relation-attention score for a pair of words (word; attending to word;) in a given attention head is
computed as:

Sij = rijVei, @

wherer;; € R% denotes the relation vector from word; to word j,and V; € Rdr*1 represents the learnable
vector in the current attention head.

2.2. Semantic Learning via Syntax

The relation-attention and self-attention scores are initially independent, potentially limiting the
model’s adaptability. To ensure semantic relevance, we introduce a semantic gated mechanism. This
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mechanism dynamically adjusts relation scores based on word semantics, preventing inappropriate
influence on self-attention. We compute gated scores using relation embeddings and the key word’s
hidden states, applying a tanh activation to scale the results within the range ¢ € [—1, 1]. The attention
score is reformulated as follows:

Sij = (1—gij) © S5+ 8ij @ Spj5, @)
Sij = Sigmoid((hiwgle + rijWg,r)Vg)}/ (3)

where Sl‘fj represents the self-attention score between words. We, € RArxdr Wee € RAexdr and

V, € R%>*1 are independent trainable matrices and vectors in each attention head. /; signifies the
hidden states of word;, which in the first layer is the sum of word embeddings, position embeddings,
and level embeddings: hY = e, + py + I, and in subsequent layers, it is the output from the preceding
layer.

2.3. Structural Modeling

To avoid sparsity in the relation matrix, which arises from considering only adjacent nodes in the
tree structure, we enrich the matrix with additional dependencies. Specifically, we identify non-adjacent
word pairs within a certain threshold distance and treat them as extended dependency relations.
We utilize a relative position encoding of the shortest paths to represent relations between these
non-adjacent nodes. The construction of the relation matrix R (with relation vector r;; corresponding
to the i-th row and j-th column of R) is illustrated in Figure 2.

In half of the attention heads, we apply a subtree mask, allowing query words to attend
only to their descendants in the dependency tree. This focused attention emphasizes grammatical
dependencies and simulates a bottom-up accumulation process, enhancing the model’s syntactic
analysis capabilities.

3. Experiments

This section presents a comprehensive evaluation of our SET model, including dataset
descriptions, experimental setup, results analysis, and an in-depth ablation study.

Table 1. Comparative Evaluation Results on Four Datasets.

Models SICK-R SICK-E SST-2 MRPC
(MSE) (Acc.)(%) (Acc.)(%) (Acc.)(%)

LSTM [12] .2831 76.80 84.90 71.70
BiLSTM [12] 2736 82.11 87.50 72.70
RNTN [16] - 59.42 85.40 66.91
DT-RNN [16] .3848 63.38 86.60 67.51
Tree-LSTMpr [12] 2734 82.00 85.70 72.07
Tree-LSTM 1 [12] 2532 83.11 88.00 70.07
BiTree-LSTM [32] 2736 - 90.30 -
TagHyperTreeLSTM [20] - 83.90 91.20 -
USE [33] - 81.15 85.38 74.96
StructTransformer [4] - 82.30 87.80 -
Tree-Transformerpr [25] 2774 82.95 83.12 70.34
Tree-Transformerct [25] 3012 82.72 86.66 71.73

SET (Ours) .2634 87.50 90.06 75.31
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3.1. Setups

The SET model is rigorously tested on diverse sentence representation tasks: text classification
(Stanford Sentiment Treebank - SST-2), text semantic matching (SICK dataset), and paraphrase detection
(MRPC). We have utilized existing datasets with established benchmarks to ensure a comprehensive
and fair evaluation.

Baseline Comparison: Our model is benchmarked against a suite of state-of-the-art models
encompassing various architectures, including LSTM, Bi-LSTM, several tree-based models, and
Transformer variants. This comparison aims to highlight the advancements the SET model brings to
sentence representation tasks.

Experimental Details: The experiments were conducted using the Stanford dependency parser
for sentence parsing. Word embeddings were initialized with GloVe vectors and updated during
training. The SET model, with its unique self-attention and relation-attention mechanisms, was
optimized using AdaGrad with specific hyperparameters. The evaluation encompassed various
metrics, including accuracy and Pearson correlation, depending on the task.

3.2. Results

The SET model demonstrates superior performance on the SICK-E and SICK-R datasets,
outstripping leading models by a significant margin. In the SST-2 task, the SET achieves comparable
results to the top-performing models and shows clear advantages over other Transformer-based
models. In the MRPC task, the SET ranks second, demonstrating its robustness across different
sentence representation tasks.

The efficiency of the SET model is highlighted in Table 2, showcasing its significantly reduced
training and testing times compared to the Tree-LSTM model. This efficiency is attributed to the SET’s
advanced parallelization capabilities.

Table 2. Training and Testing Efficiency Comparison between SET and Tree-LSTM.

Model Testing Training
Tree-LSTM 8s 282s
SET (Ours) <1s 57s

3.3. Ablation Study

An ablation study was conducted to dissect the contributions of different components of the SET
model. The study compared the complete SET model with variants lacking specific features, such
as level embedding and gating mechanism. This comparison reveals the individual and combined
impacts of these components on the model’s performance, thereby validating the effectiveness and
rationality of the SET’s unique design.

Table 3. Ablation Study Results for the Syntax-Enhanced Transformer.

SICK-R SICK-E SST-2 MRPC
Models
(MSE) (Acc.)(%) (Acc.)(%) (Acc.)(%)
Transformer 0.2833 83.34 87.19 72.41
SET;, 0.2545 84.76 88.21 73.01
SETy¢ 0.2526 84.93 88.53 73.11

SET sy 0.2428 85.13 88.77 73.58
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4. Conclusion

In this work, we introduce the Syntax-Enhanced Transformer (SET), a novel approach that
innovatively incorporates dependency tree data into the self-attention mechanism of the Transformer.
The SET model is characterized by its relation-attention mechanism, which is adeptly designed to
integrate and leverage syntactic structures within sentences. Further distinguishing this model is the
incorporation of a unique gating mechanism. This mechanism is skillfully crafted to create a synergy
between syntactic relationships and semantic context, ensuring that the syntactic structure enriches the
semantic understanding in a meaningful way. One of the most compelling features of the SET model
is its ability to maintain the inherent parallel processing capabilities of the traditional Transformer
architecture. This aspect is particularly significant as it allows the model to handle large datasets and
complex computations efficiently. Moreover, the SET model demonstrates remarkable enhancements
in its handling of syntactic information, a feature that sets it apart from its predecessors. Our
extensive evaluations across a range of sentence representation tasks highlight the SET model’s superior
performance. Notably, when compared against a variety of baseline models, the SET consistently shows
improvements not only in efficiency but also in overall performance. This improvement is a testament
to the effectiveness of integrating syntactic structure into the self-attention mechanism and the benefits
of the added gating mechanism. The SET thus stands out as a significant advancement in the field of
natural language processing. It opens new avenues for exploring and integrating syntactic structures in
deep learning models, paving the way for more nuanced and context-aware language understanding
systems. The findings from our research underscore the potential of combining syntactic and semantic
information in language models, promising exciting developments for future research in this domain.
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