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Wender Rine *, Rodolfo Patel and Neo Steve
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Abstract: In this paper, we introduce Syntax-Enhanced Transformer Model (SET), a groundbreaking

approach in the realm of Transformer-based language modeling that seeks to redefine the boundaries

of linguistic analysis and comprehension. SET innovatively combine (i) the well-established high-level

performance, scalability, and adaptability of traditional Transformers with (ii) a sophisticated analysis

of syntactic structures. This synergy is enabled by a novel attention mechanism tailored to parse

syntactic nuances and a deterministic process adept at transforming linearized parse trees into

meaningful linguistic representations. Our comprehensive experiments reveal that SET significantly

advance the field by surpassing existing benchmarks in sentence-level language modeling perplexity.

They exhibit exceptional proficiency in tasks that require an acute awareness of syntax, setting new

standards for language models in understanding complex linguistic structures. Furthermore, SET

demonstrate an enhanced capability to grasp nuanced linguistic patterns that have traditionally

been challenging for standard Transformer models. However, our studies also uncover a unique

aspect of SET: while they excel in sentence-level tasks, their representation of sentences as singular

vectors—owing to the syntactic composition constraints intrinsic to their design—introduces certain

limitations in document-level language modeling. This observation points to an intriguing area

for future exploration; it suggests the potential need for an alternative or complementary memory

mechanism within Transformer models, one that functions independently from, yet in harmony

with, syntactic structures. Such a mechanism could be pivotal in enhancing the model’s ability to

comprehend and process long-form texts effectively. In conclusion, SET mark a significant stride in the

journey towards more sophisticated, syntax-aware language models. They offer promising insights

into the integration of deep linguistic knowledge with cutting-edge machine learning techniques,

potentially opening doors to a new era of natural language understanding and processing.

Keywords: Language Modeling; Syntax-Enhanced Transformer

1. Introduction

The advent of Transformer-based language models has revolutionized the field of Natural

Language Processing (NLP). These language models, exemplified by the likes of BERT [1], GPT [2],

and their successors [3], have achieved unprecedented success across a wide array of NLP benchmarks.

Their ability to learn from vast dataSET has enabled them to capture subtle nuances of language,

making them highly effective in tasks ranging from text classification to question-answering [4–6].

Despite their success, a critical aspect of language understanding—syntactic structure—has

been largely overlooked in the design of these models. Classical linguistic theories, dating

back to the pioneering work of Chomsky [7], emphasize the importance of hierarchical syntactic

structures in understanding language. These structures underpin the grammatical organization of

sentences, contributing significantly to the meaning and coherence of linguistic expressions. However,

Transformer models, which primarily focus on sequential patterns in text, do not inherently capture

these hierarchical structures.

This gap in syntactic modeling raises a pivotal question: Can the integration of syntactic

structure into Transformer models enhance their linguistic comprehension and performance? This

question is particularly pertinent considering the success of smaller-scale models, like recurrent neural
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networkgrammars (RNNGs) [10], in capturing syntactic nuances. RNNGs and similar models have

demonstrated the utility of syntactic parsing in understanding complex sentence structures, especially

in tasks where understanding the underlying grammar is crucial. However, these models often

struggle to scale to the size of dataSET that Transformers are typically trained on, limiting their

practical application in large-scale NLP tasks.

In response to this challenge, we introduce Syntax-Enhanced Transformer Models (SET). SET

represent a novel class of Transformer models that integrate deep syntactic parsing into the Transformer

architecture. This integration is achieved through a dual approach: (i) enhancing the Transformer’s

attention mechanism to account for syntactic structures and (ii) incorporating a deterministic process

for transforming linearized parse trees. This approach allows SET to harness the Transformer’s ability

to process large-scale data while also capturing the intricate syntactic structures that underpin language

comprehension.

Our work is inspired by recent efforts to augment Transformer models with syntactic

understanding [11]. However, SET differ significantly in their approach. Unlike previous works

that have primarily focused on modifying attention heads to be syntax-sensitive, SET embed a more

profound syntactic inductive bias. This is achieved by explicitly constructing representations for

each syntactic constituent, thereby embedding a deeper level of syntactic analysis within the model’s

architecture.

Moreover, our research extends beyond sentence-level modeling to include document-level

language understanding. This expansion is critical, as it allows us to explore the impact of syntactic

structures in a broader linguistic context, encompassing longer and more complex textual formats.

In summary, our introduction of SET aims to bridge the gap between traditional Transformer

models and the need for deeper syntactic understanding in NLP. By integrating syntactic structures into

the Transformer framework, we hope to pave the way for a new generation of language models that

combine the best of both worlds: the scalability and performance of Transformers with the nuanced

understanding of language provided by syntactic analysis. This paper will detail the design of SET,

their implementation, and the results of extensive evaluations that showcase their effectiveness in

various language modeling tasks.

2. Related Work

The integration of syntactic and hierarchical elements into language models has been a subject

of considerable interest in recent years. Models like the Recurrent Neural Network Grammar

(RNNG) [10,12] have pioneered this approach by concurrently modeling linguistic trees and strings,

employing recursive networks for phrase representation—a concept that echoes the methodology of

our Syntax-Enhanced Transformers (SET). However, the scalability of RNNGs remains a challenge,

as highlighted in [15]. Other methods to incorporate structural biases without directly using

observed syntax trees include employing stack-structured memory [16], multi-scale RNNs [17], and

hierarchically organized LSTM ’forget’ gates [18].

The emergence of Transformer models and large-scale pretraining has reignited the debate on the

necessity of syntactic and hierarchical structures in language models. While it’s acknowledged that

bidirectional encoders can implicitly learn syntactic details through pretraining [23], they still struggle

with rare syntactic phenomena, which may contribute to semantic inaccuracies [24]. Various strategies

have been proposed to infuse syntactic inductive biases into Transformer architectures, with mixed

results in language understanding tasks [25–32].

Our proposed SET model synergizes two key strands of linguistic modeling: (i) the tradition of

syntactic language models that calculate the joint likelihood of strings and their corresponding trees [33–

39], and (ii) the practice of modulating attention patterns in Transformers based on syntactic structures

[42–49]. SET draw inspiration from, but differ significantly from, the model proposed by Qian et al.

[11], who combined syntax-sensitive language modeling with syntax-driven attention constraints. SET

distinguish themselves in two primary aspects: firstly, they employ a unique typed-attention mask
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that incorporates duplicated closing nonterminal symbols to facilitate recursive syntactic compositions,

a crucial element in RNN-based syntax models [10,39,50–52]. Secondly, SET extend the concept of

sentence-level syntactic modeling to encompass full-document models, a critical consideration in the

wake of recent advancements in language modeling [2,4]. This expansion is pivotal for understanding

the interplay between syntax and large-scale language modeling challenges.

3. Methodology

The Syntax-Enhanced Transformer (SET) models are at the forefront of syntactic language

modeling. They are designed to simultaneously model the probabilities of syntactic phrase-structure

trees y and the corresponding word strings x. SET use these predicted structures to guide the

computation of model states, a concept rooted in recent advancements in syntactic parsing and

language modeling [10,38,53]. The generation of (x, y) is decomposed into a series of actions that

build the pair in a systematic top-down and left-to-right manner. This process involves interleaving

nonterminal nodes with their children, as exemplified in Figure 1. The linearized representation of

(x, y) is categorized into three action types: (i) opening nonterminals (ONT), which signify the start of

a new constituent; (ii) generation of terminal symbols or leaf nodes (i.e., words or subword tokens),

denoted as T; and (iii) closure of the most recent open constituent or incomplete nonterminal symbol,

denoted as CNT.

( the blue bird sings
Í ÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÑÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÏ

string x

,

S

NP

. . .

VP

.
Í ÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÑÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÏ

syntax tree y

)

(S (NP the blue bird NP) (VP sings VP) S)
Í ÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÑ ÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒ Ï

actions a

Figure 1. An illustration showing the string x and its corresponding phrase-structure tree y, represented

as a sequence of actions to construct (x, y) in a top-down, left-to-right manner [10,38].

Consider a = (a0, a1, . . . , aT−1) as the sequence of actions (length T) generating (x, y), with each

action belonging to the vocabulary V . The SET defines a probability distribution over a through a

left-to-right factorization: p(x, y) = p(a) = ∏i p(ai ∣ a<i).

3.1. Recursive syntactic composition via attention

In SET models, attention is the key mechanism for integrating information from earlier positions

when generating ai based on a<i. The flow of this information, governed by the attention mask, is critical.

SET are engineered to leverage recursive syntactic compositions, proven to enhance generalization in

LSTM-based RNNG models, and implemented via the Transformer attention mechanism.

The action sequence in SET unfolds from left-to-right, with each symbol ai effectively updating a

stack of indices. When ai is a closing nonterminal (signifying the end of a constituent), its index i gets

represented by a single-vector composed representation, attained by attending to the child positions of

the ending constituent. Future positions (> i) may attend to this composed position but are restricted

from directly attending to the individual constituent positions. This imposed syntactic bottleneck

forces the model to learn informative representations of composed phrases, mirroring the design

principle in RNNGs and other tree-structured architectures. The stack manipulation involves popping

the indices of child nodes and pushing the index of the composed constituent, a process we term

COMPOSE attention.

Additionally, we employ STACK attention at each position i, where i is added to the stack and

attention is limited to stack positions. Both STACK and COMPOSE attention utilize identical parameters
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and heads, differentiated only by the rules defining attendable positions. Crucially, for closing

nonterminals (e.g., to compute a composed representation and then add it to the stack), both COMPOSE

and STACK attentions are required. To manage this while maintaining one attention operation per

token, we duplicate all closing nonterminals in the original sequence a, resulting in a sequence a
′

of length T
′
, such as (S (NP the blue bird NP) NP) (VP sings VP) VP) S) S). The first closing

nonterminal in each pair is labeled CNT1 for COMPOSE, and the second as CNT2 for STACK. No final

prediction is made for COMPOSE positions to keep the number of prediction events constant.

The procedure for STACK/COMPOSE is detailed in Algorithm 1. The attendable positions are

represented as a binary attention mask A ∈ R
T
′
×T

′

, where Aij = 1 iff position j is attendable from i. The

computation of A is causal, meaning no information from positions j > i is used in its computation.

Relative positional encoding.

In Transformer-XL, positional information is based on the difference between attending position i

and attended position j, i.e., i − j. SET generalize this concept to incorporate tree topology in relative

positions. Any matrix R ∈ Z
T
′
×T

′

can represent relative positions, with Rij indicating the relative

position between i and j. For SET, Rij = δ(i)− δ(j), where δ(i) denotes the depth of the i-th token in

the tree. Note, the relative distance Rij is only computed if Aij = 1 (i.e., if j is attendable from i). For

example, in the action sequence, the relative distance between sings and bird is never calculated, but

it is computed between sings and its sibling NP covering the blue bird.

Algorithm 1 STACK/COMPOSE attention in SET Models

Input: a
′
sequence of tokens

Output: A ∈ R
T
′
×T

′

attention mask
1: S ← [] ▷ Initialize empty stack
2: A ← 0 ▷ Zero-fill attention matrix
3: for i ← 0 to T

′
do

4: if type(a
′[i]) = CNT1 then ▷ COMPOSE phase

5: j ← i
6: while type(a

′[j]) ≠ ONT do
7: Aij ← 1
8: j ← S.pop()
9: end while

10: Aij ← 1
11: S.push(i)
12: else ▷ STACK phase
13: if type(a

′[i]) ≠ CNT2 then
14: S.push(i)
15: end if
16: for j ∈ S do
17: Aij ← 1
18: end for
19: end if
20: end for
21: return A ▷ Complete attention mask

3.2. Segmentation and Recurrence in SET

The SET inherits the recurrent neural network characteristics of Transformer-XL, enabling the

processing of long sequences as consecutive segments containing a fixed number of tokens L. This

ability to maintain and update a memory of temporal dimension M from one segment to the next

is a critical aspect of SET’s design
1
. For each segment τ within the range 0 ≤ τ ≤ ⌈ T

′

L
⌉, a

′
τ =

(aτL, aτL+1, . . . , aτ(L+1)−1) represents the τ + 1-th segment. These token embeddings are derived from

an embedding matrix E ∈ R
∣V∣×d

, forming a sequence of L vectors in R
d
: h

(0)
τ = (h

(0)
τL , . . . , h

(0)
τ(L+1)−1).

SET’s architecture comprises K stacked recurrent layers. For each layer k (with 1 ≤ k ≤ K), the

following computation occurs:

h
(k)
τ , m

(k)
τ+1 = Layer

(k)(h
(k−1)
τ , m

(k)
τ , Aτ , Rτ)

1
This property, a key advantage of Transformer-XL, forms the basis for our selection of it as the foundational architecture for
SET.
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Here, for each segment τ:

• h
(k)
τ ∈ R

L×d
represents the sequence of hidden states, inputted into the next layer,

• m
(k)
τ ∈ R

M×d
is the memory state,

• Aτ ∈ R
L×(M+L)

denotes the attention mask linking the current segment with its memory,

• Rτ ∈ Z
L×(M+L)

is the matrix of relative positions.

Each layer receives identical attention masks and relative position matrices. The structure of each layer

k includes a multi-head self-attention (SelfAttn) sub-layer and a position-wise feed-forward network

(FFN) sub-layer, featuring residual connections and layer normalization (details omitted for brevity).

Additionally, each layer updates the memory for subsequent segments:

h
(k− 1

2
)

τ = SelfAttnk(h
(k−1)
τ , m

(k)
τ , Aτ , Rτ)

h
(k)
τ = FFNk(h

(k− 1
2
)

τ )
m

(k)
τ+1 = MemoryUpdate(h

(k−1)
τ , m

(k)
τ )

The output from the final layer, h
(K)
τ , is used to calculate the unnormalized log probabilities of the next

token by multiplying with the transpose of the embedding matrix E
T

.

Self-Attention in SET.

Adhering to the notation of Dai et al. [54], let Wq, Wk,E, Wk,R, Wv, and u and v represent the

trainable parameters of the SET model. The operation ‘[⋅, ⋅]’ signifies the concatenation along the time

dimension. For each attention head, the computations are as follows:

q = hWq k = [m, h]Wk,E v = [m, h]Wv.

The attention score between positions i (attending) and j (attended) is computed as:

sij = (qi + u)T
kj + (qi + v)T

rij,

where rij ∈ R
d

represents the embedding of the relative position Rij (a row from Wk,R). As with

Transformer-XL, the second term is efficiently computed since the relative positions fall within a

limited range [Rmin, Rmax].
The attention mask A (described in §3.1) is applied to the scores element-wise, setting masked

entries to −∞. The normalized attention weights are derived by applying a softmax function to these

scores; the final attention output is the product of these weights and the values. SET utilize multiple

heads, with the outputs from each head concatenated and then linearly transformed.

Memory Update in SET.

Unlike conventional Transformer-XLs where memory is updated by shifting the current input

into it, SET leverage the fact that positions within a subtree that have undergone COMPOSE are

never attended to in future segments. Consequently, only positions that might be attended are either

added to or retained in the memory. This process necessitates meticulous tracking of each memory

position’s correspondence with the original input sequence, both for updating purposes and for

accurate computation of the attention mask and relative positions.
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3.3. Properties of SET

Recursive Composition with SET.

The SET model achieves recursive composition through a bespoke attention mask, adeptly

mirroring the hierarchical phrase structures inherent in natural language. While the mask at a given

position i + 1 is contingent upon the mask at i, during training, the complete attention mask matrix

can be precalculated. This allows for the independent computation of multiple syntactic compositions

in parallel across the entire segment. For instance, the representations of NP and VP constituents in

the exemplar sequence are processed concurrently, despite the disparate sequence positions of their

respective closing nonterminals. Sequential layers in the SET model build upon the compositions of

preceding layers. For example, at position 12, the second layer constructs a composed representation

of the sentence constituent S) utilizing the first layer’s representations of NP) and VP). This model

necessitates at least d layers for tokens at depth d to influence the uppermost composed representation,

a characteristic shared with standard Transformers applied to tree structures [55].

Context-Modulated Composition in SET.

The SET model employs a COMPOSE attention mask for each closing nonterminal of type

CNT1, while other actions utilize a STACK attention mask. This stack mask renders accessible the

representations of all completed constituents, words, and open nonterminals in the stack. In the

scenario presented, the word sings is able to attend to the closed constituent NP), along with ancestral

nonterminals (S and (VP. Significantly, at sings, knowledge of preceding words is only obtainable

through the composed NP) representation, thereby reinforcing the syntactic composition’s compressive

nature.

Higher layers in SET exhibit a nuanced interplay between STACK and COMPOSE attentions. The

STACK attention, utilized for the representation of sings, can access the composed representation of the

preceding NP) subject. This integration of "outside information" deviates from the stringent bottom-up

compositionality found in RNNGs and akin models. The SET model’s indirect incorporation of external

context into composed representations instills a bias against embedding such outside information

within these representations. This bias stems from two premises: (i) the composition of a constituent

at position i is influenced by predictions or prediction errors of a subsequent symbol aj (where j > i),

and (ii) if aj’s prediction heavily relies on information external to the constituent at i, a more direct

attention path than through the composed representation at ai will always exist. The availability of

two pathways, one direct (via attention) and one indirect (through composition followed by attention),

advocates for a preference towards bottom-up information in composed representations.

It is important to note that the dynamics of how external context influences composition remain

a complex and unresolved question. Research by Bowman et al. [56] suggests that allowing external

information to modulate compositional processes results in more effective composed representations.

They argue that external context can play a vital role in disambiguating during the composition process.

SET’s design accommodates these findings by allowing some degree of external context to shape the

composition, while still prioritizing bottom-up information flow.

4. Experiments

In our experimental setup, we benchmark the Syntax-Enhanced Transformer (SET) against two

Transformer-XL (TXL) variants: (i) TXL trained solely on terminal sequences (TXL (terminals)), and (ii)

TXL trained on linearized tree sequences as per the approach of Choe and Charniak [38], hereinafter

referred to as TXL (trees). It’s noteworthy that the former model is a word-level language model

estimating the probability of surface strings p(x), whereas the latter is a syntactic language model

estimating p(x, y). Additionally, we compare SET with two preceding syntactic language models:
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(i) the generative parsing as language modeling approach by Qian et al. [11], and (ii) the batched

Recurrent Neural Network Grammar (RNNG) model of Noji and Oseki [15].

DataSET.

Our experiments are conducted on the Penn Treebank (PTB) dataset [57] containing approximately

1M words, and the BLLIP-LG dataset [58] as partitioned by Hu et al. [59], comprising roughly 40M

words. We utilize the sentence-level PTB dataset processed by Dyer et al. [10], where unknown words

and singletons in the training set are mapped according to a unique set of unknown word symbols

following Petrov and Klein [60]. For BLLIP-LG, we employ the parse trees provided by Hu et al. [59]

and apply tokenization using SentencePiece [61] with a 32K word-piece vocabulary.

Experimental Details.

We account for training variability by independently initializing and training 100 models for

each type (SET, TXL (terminals), and TXL (trees)). On PTB, we deploy 16-layer models with 12M

parameters, and for BLLIP-LG, we scale up to 16-layer models with 252M parameters. The best model

checkpoint for each training run is selected based on the lowest validation loss, calculated using a

single gold-standard tree per sentence.

4.1. Language Modeling Perplexity

Experimental Setup

To calculate the probability of a string x for models focused on strings, we use a left-to-right

decomposition. For models operating on the joint distribution of strings and syntax trees, we define

p(x) as the marginal distribution, summing over the set of possible trees Yx. Given the infinite

nature of Yx, we approximate this probability using a smaller set of proposal trees Y
′
x. We use a

separately-trained discriminative RNNG as a proposal model q(y ∣ x), and select a set of N = 300 trees

sampled without replacement to approximate the most likely trees for x.

The word perplexity of the validation and test splits of the dataSET under the models is computed

as PPL(D) = (∏
x∈D

p(x))−
1

Nw , where Nw is the total number of words in dataset D. This measure is

exact for models operating on words and an upper bound for models working on the joint distribution

of strings and syntax trees.

Discussion

Table 1. Perplexity results on test SET for 100 iterations of SET, TXL (trees), and TXL models. Large LM

results are omitted due to potential test data contamination.

Perplexity (↓) SG (↑) F1 (↑)
PTB BLLIP sent. BLLIP doc. BLLIP sent. PTB

SET 61.8 ± 0.2 30.3 ± 0.5 26.3 ± 0.1 82.5 ± 1.6 93.7 ± 0.1
TXL (trees) 61.2 ± 0.3 29.8 ± 0.4 22.1 ± 0.1 80.2 ± 1.6 93.6 ± 0.1
TXL (terminals) 62.6 ± 0.2 31.2 ± 0.4 23.1 ± 0.1 69.5 ± 2.1 n/a

RNNG [10] 105.2 n/a n/a n/a 93.3
PLM-Mask [11] n/a 49.1 n/a 74.8 n/a
Batched RNNG [15] n/a 62.9 n/a 81.4 n/a

GPT-2 [2] n/a n/a n/a 78.4 n/a
Gopher [62] n/a n/a n/a 79.5 n/a
Chinchilla [63] n/a n/a n/a 79.7 n/a

Table 1 presents the mean and sample standard deviation of perplexity for the models.

Interestingly, both TXL (trees) and SET models demonstrate lower perplexity than the TXL (terminals)
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model on both PTB and BLLIP sentence-level dataSET, indicating the effectiveness of joint modeling of

syntax and strings in Transformers. However, when comparing SET to TXL (trees), there is a slight

increase in perplexity on both dataSET and a more pronounced increase at the document level on

BLLIP-LG. This suggests that while explicit syntactic modeling aids language understanding, its

implementation may require further optimization for better performance in complex, document-level

language modeling scenarios.

4.2. Syntactic Generalization

Experimental Setup

Building on the framework established by Hu et al. [59], we explore the syntactic generalization

capabilities of language models. This framework assesses models’ proficiency in human-like syntactic

generalization, a pivotal aspect of linguistic competence. The evaluation is based on how well models

adhere to certain probabilistic constraints in crafted examples that reflect human language processing

patterns. We deploy models trained on individual sentences from BLLIP-LG for this evaluation, using

parse trees from Hu et al. [59] generated via an RNNG proposal model. The results are reported as the

average syntactic generalization (SG) score, encompassing 31 distinct syntactic test suites.

Discussion

Table 1 presents the mean and standard deviation of the average SG scores. Our analysis reveals

that models trained on linearized tree structures, specifically SET and TXL (trees), exhibit superior

SG scores compared to those trained solely on word sequences (TXL (terminals)). This pattern is

also evident when compared to larger-scale models, such as GPT-2, Gopher [62], and Chinchilla [63],

suggesting that mere scale and data volume are not substitutes for structural understanding.

This finding is attributable to a threefold mechanism: Firstly, the inclusion of nonterminals in SET

and TXL (trees) during training acts as a form of syntactic guidance, aiding in the selection of suitable

parses. Secondly, the SG score computation, which relies on model surprisals on words, involves an

approximate marginalization step for SET and TXL (trees). This step weights valid parses more heavily.

Lastly, a model’s inclination towards syntactically coherent parses simplifies its performance on the

test suite tasks, hence the improved scores. The larger models’ results indicate that increasing model

size does not necessarily compensate for the lack of structured syntactic training.

A key observation is that SET, when compared to TXL (trees), shows marked advantages in tasks

closely linked to structural modeling, such as parse reranking and the broad SG test suite. SET achieves

higher bracketing F1 scores and average SG scores, with statistically significant differences. This

enhancement in SET’s performance is likely due to its constrained attention mechanism, which limits

attention to syntactically relevant segments of the input. Such a design promotes the development

of informative representations of subtrees, aligning the model more closely with the intricacies of

syntactic structures.

5. Conclusions

The Syntax-Enhanced Transformer (SET) represents a novel paradigm in syntactic language

modeling, adeptly integrating recursive syntactic composition within phrase representations via

an advanced attention mechanism. Our comprehensive experiments demonstrate that SET surpass

previous models in terms of performance on several syntax-sensitive language modeling benchmarks.

Specifically, in sentence-level language modeling, SET exhibit superior performance over a robust

Transformer-XL model that processes only word sequences. However, it is observed that at the

document level, SET, constrained to single composed representations for preceding sentences, show

reduced effectiveness. This finding underscores the complexity of document-level language modeling

and the challenge of adequately representing long sequences with syntactic structures. Moreover,

our analysis reveals that incorporating structural information into Transformer models consistently
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enhances performance across all evaluated metrics compared to models trained exclusively on word

sequences. This reinforces the pivotal role of syntactic understanding in language modeling. While

SET maintain the sampling efficiency characteristic of autoregressive language models, they present

challenges in probability estimation. Direct probability calculations are less straightforward with SET,

necessitating either increased computational effort or further research to develop efficient probability

estimation methodologies. Our study highlights the ongoing imperative to devise more scalable and

effective methods to instill structural properties of language into language models. This endeavor

is crucial for achieving deeper linguistic understanding and more human-like language processing

capabilities in AI systems. The implementation of SET is available upon request, inviting further

exploration and development in this promising area of NLP research.

5.1. Future Work

Looking ahead, several avenues for future research emerge from our work on the Syntax-Enhanced

Transformer (SET). First and foremost, exploring the extension of SET to document-level language

modeling presents a significant opportunity. While SET demonstrate efficacy at the sentence level,

their performance at handling longer texts, such as entire documents, needs further investigation.

Developing methods to effectively represent longer sequences without losing the syntactic detail and

coherence is a promising direction.

Another key area for future exploration involves enhancing the efficiency of probability estimation

in SET. Given the complexity of calculating probabilities in models that incorporate structural

information, novel techniques or algorithms that streamline this process would be highly beneficial.

This could involve the development of new sampling strategies or the integration of approximation

methods to balance accuracy and computational efficiency.

Additionally, the integration of unsupervised or semi-supervised learning approaches to further

improve the syntactic understanding of SET is an intriguing possibility. Leveraging large, unannotated

corpora to refine and expand the model’s syntactic capabilities could lead to improvements in language

understanding and generation tasks.

Finally, examining the applicability of SET in diverse NLP tasks, such as machine translation,

summarization, and question-answering, is an important area of research. Understanding how

the syntactic nuances captured by SET can enhance performance on these tasks will be crucial in

determining the broader impact and utility of the model.

In conclusion, the potential applications and improvements of the Syntax-Enhanced Transformer

are vast, and we look forward to the advancements that future research will bring in this domain.
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