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Background

• Transformer language models

a) Have achieved remarkable success

b) Do not explicitly encode linguistic 

structures, which have been deemed 

essential in traditional NLP

• Syntactic language models (SLMs)

a) Jointly modeling words and syntactic 

structures

b) Have been shown to improve syntactic 

generalization

Top: A pair of string x and tree y 
Bottom: Linearized sequence of Transformer 

Grammars (Sartran et al., 2022)



Our work

• Limitations of prior work

a) Most rely on constituency trees

b) Many of them insert extra tokens into the sequence

• Our work

Propose Graph-Infused Layers, resulting Graph-Infused Layer Transformer LM (GiLT)

a) Use dependency graphs

b) Do not change the LM’s input and output space

c) Extract graph-based features and use them to modulate self-attention



Graph-Infused Layer

• At each step, when the LM generates a new word, GiLT does three things:

a) Scores all possible dependencies from and to the new word using a biaffine 

mechanism
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Graph-Infused Layer

• At each step, when the LM generates a new word, GiLT does three things:

b) Updates the dependency graph by first predicting the number of dependencies

<Root> I like eating
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Graph-Infused Layer

• At each step, when the LM generates a new word, GiLT does three things:

c) Extracts features from the partially built graph to create a

<Root> I like eating

feature tape

Incoming 
dependency 
probability

Outgoing 
dependency 
probability



Graph-Based Feature Tapes

• Contains three types of information

a) Degree

weighted sum of in-degree c𝑖𝑛 and out-

degree c𝑜𝑢𝑡:

𝑚𝑜𝑢𝑡c𝑜𝑢𝑡 +𝑚𝑖𝑛c𝑖𝑛
𝑚𝑜𝑢𝑡 = 10,𝑚𝑖𝑛 = 1 in this figure



Graph-Based Feature Tapes

• Contains three types of information

b) Distance

shortest path length on the graph:

When traversing a dependency along its 

direction, we weight it by 𝑚𝑜𝑢𝑡; against 

the direction, we use 𝑚𝑖𝑛



Graph-Based Feature Tapes

• Contains three types of information

c) Depth

the value equals to the distance (𝑚𝑜𝑢𝑡 =

𝑚𝑖𝑛 = 1) to the Root + 1



Graph-Based Feature Tapes

• Computing attention scores:

𝐺3 ∈ ℕ(3 ∗3)

ǁ𝑒3 ∈ ℝ(3 ∗3∗ ෨𝑑)

𝑒3
𝑙 ∈ ℝ(3 ∗ 𝑑)

෤𝛼𝑘𝑗
𝑙 = ℎ𝑗

𝑙 + 𝒆𝒌𝒋
𝒍 𝑇

𝑊𝑘
𝑇𝑊𝑞ℎ𝑘

𝑙

embedding layer

linear projection 𝑓𝑙



Experiment

Trained on 
different 

dependency 
graphs

Benchmark on 
syntactic 

generalization

• Language modeling & 

Syntactic generalization



Experiment

• Finetuning on pretrained LM

Continue training on BLLIP-LG

replace its last 12 layers with 
Graph-infused layers and 

continue training on BLLIP-LG

24 layers pretrain model



Experiment

• Finetuning on pretrained LM

Finetune these 2 models separately on downstream tasks



Other Experiments

• See our paper for more experiments

• Ablation study

• Efficiency comparison
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