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Abstract

Large language models made a major break-001
through in the NLP field, demonstrating ex-002
cellent performance on many linguistic tasks.003
However, the neural networks on which these004
models are based largely form a black box. The005
extent to which LMs actually have a grasp on006
the underlying linguistics of natural language007
remains unknown. This paper uses existing008
probing techniques to show that LSTM and009
GPT2 models are capable of detecting POS-010
tags and dependency graphs features. More011
research is needed to fortify these claims.012

1 Introduction013

Linguistics and deep learning nowadays are tightly014

linked in NLP and are mutually beneficial (Linzen,015

2018). Especially the recent rise of large language016

models has the potential to achieve a new under-017

standing of language. These language models con-018

struct sentences based on probabilities assigned to019

tokens which are determined by prior probabilites.020

These probabilities are learned by the use of neu-021

ral models. Large neural models are capable of022

performing excellently on many NLP tasks. Mul-023

tiple researchers have investigated the behaviour024

of such language models (e.g. Marvin and Linzen,025

2018). However, the inner workings of language026

models largely remain a black box. This lack027

of transparancy reduces the interpretability of the028

model output. In this paper we attempt to shed029

more light on the exact functioning of these models030

to increase transparancy and interpretability.031

Two types of neural models are discussed and032

compared in this paper: recurrent models and trans-033

former models. Recurrent models pass through a034

sentence word for word whilst keeping track of035

a hidden state. The most well known recurrent036

model is the Long-Short-Term-Memory (LSTM)037

model (Hochreiter and Schmidhuber, 1997). Trans-038

former models are attention based models, using039

self-attention to represent sentences (Vaswani et al.,040

2017). Both types of models are inherently unstruc- 041

tured, while language is of nature a hierarchically 042

structured phenomenon. In this paper we will inves- 043

tigate whether transformer models have a stronger 044

notion of syntactic structure than recurrent models. 045

Considering their susceptibility to long distance de- 046

pencies, transformer models are expected to better 047

capture syntactic structure than recurrent models, 048

especially for longer, more complex sentences. In 049

order to investigate the models capability of recog- 050

nising structure, a technique is used called probing 051

(Conneau et al., 2018), structural probing in partic- 052

ular (Hewitt and Manning, 2019). 053

In addition to syntactic structure, the models are 054

tested on their ability to recognise Part-of-Speech 055

(POS) tags (Martinez, 2012). Then these two in- 056

terpretability results are assessed on their mutual 057

correlation. This provides new insights into how 058

these models represent language to come to their 059

outputs. 060

As a final test the models are assessed on their 061

performance on a control task (Hewitt and Liang, 062

2019). In doing this the model performance is 063

analysed on it’s grasp of the underlying linguistic 064

structure, as opposed to it having learned a random 065

pattern that produces good results. 066

Both GPT2 and LSTM models were found to 067

perform better on POS-tagging than the control 068

task, indicating an understanding of the linguistic 069

structure of language. According to our results, 070

LSTM models are better at retrieving POS-tags 071

and transformer models are better at capturing the 072

hierarchical structure of natural language. 073

2 Related Work 074

RNNs are ideal for sequential analysis as they incre- 075

mentally learn from input to produce their output, 076

taking previous entries into account when produc- 077

ing a new output (Lipton et al., 2015). However, as 078

the gap between interdependent entries increases, 079

regular RNNs struggle to effectively learn these 080
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dependencies (Bengio et al., 1994). Currently, the081

most used neural networks in NLP are LSTMs.082

These RNN models were introduced by Hochre-083

iter and Schmidhuber (1997) and are better able084

to capture long-distance dependencies than regu-085

lar RNNs because they keep track of a cell state.086

This state is the long-term memory of the algorithm087

that runs through the entries largely unchanged to088

ensure long-term consistency.089

A more recently introduced neural network is090

the Transformer model (Vaswani et al., 2017). This091

model also works on sequences, but instead of092

working through a sequence from start to finish093

it takes a more global approach using the atten-094

tion mechanism. All words in the sentence are095

assessed in parallel using self-attention. This dif-096

ference in architecture makes transformer models097

very efficient in computing long distance depen-098

dencies (Tan et al., 2022). Since LSTMs are much099

older, they have been the go-to choice for much100

NLP research. Transformer models are less in-101

vestigated yet. Attention mechanisms have been102

incorporated in LSTM networks to utilise benefits103

from both model types (Zhou and Wu, 2018). This104

paper aims to analyse the differences in model per-105

formance on structure recognition an POS-tagging106

of these two architectures.107

Both LSTM and transformer models are inher-108

ently unstructured. They do not explicitly capture109

structure. Natural language on the other hand, is110

organised in a hierarchical structure, not merely111

sequential (Everaert et al., 2015). Despite this112

presumed problem, Recurrent Neural Networks113

(RNNs) have been shown to increase language114

modeling performance (Kombrink et al., 2011) and115

can learn simple artificial context-free grammars116

(Gers and Schmidhuber, 2001). Moreover, they117

have been found able to reproduce the nesting and118

indentation structure in programming languages119

(Karpathy et al., 2015).120

Researchers have already investigated the121

LSTM’s capability to capture syntax structure by122

examining syntax-sensitive dependencies (Linzen123

et al., 2016). This research showed that LSTMs124

achieve well in strongly supervised and restricted125

tasks such as number agreement and grammatical-126

ity judgements. However, performance decreased127

drastically in language modeling settings without128

supervision. The researchers suggest other architec-129

tural structures might be better suited to grasp the130

grammatical structure of language. RNNs where131

capable of detecting long distance dependencies 132

with regards to number agreement, lagging not 133

far behind human performance (Gulordava et al., 134

2018). Another research wherein an LSTM was 135

asked to distinguish grammatically correct sen- 136

tences from their incorrect counterparts, showed 137

that the LSTM still performed significantly worse 138

than a human control group (Marvin and Linzen, 139

2018). Moreover, the question remains whether 140

these models actually understand the correct lin- 141

guistic aspects that underlie these phenomena, be- 142

cause further research has indicated that there are 143

distinct differences in the patterns in agreement 144

errors between RNNs and humans (Linzen and 145

Leonard, 2018). This result suggests that these 146

models do not learn the linguistic structure of natu- 147

ral language in the same way as humans. 148

As described above it is evident that neural net- 149

works provide many opportunities to increase the 150

perfomance on NLP tasks. However, this does 151

come at a cost of transparancy. Large language 152

models are so complex and require little supervi- 153

sion and parameters, such that they appear a black 154

box. Multiple arguments have been brought for- 155

ward to stress the importance of interpretable mod- 156

els as they are further applied in critical areas like 157

healthcare and the criminal justice system (Kim, 158

2015). The precise meaning of interpretability in a 159

model is not clearly defined resulting in differing 160

claims about model transparency (Lipton, 2017). 161

Attention mechanisms (Bahdanau et al., 2016) as 162

used in the transformer model have been argued to 163

provide transparency, as they provide weights to 164

tokens in a text (Li et al., 2017) - under the assump- 165

tion that these weights are a direct indicator of a 166

models behaviour. This claim, however, was un- 167

dermined in further research which concluded that 168

attention weights should not be treated as mean- 169

ingful explanations for model outputs (Jain and 170

Wallace, 2019). This paper follows the approach of 171

probing to attain insights in the neural models (Con- 172

neau et al., 2018). In particular structural probing 173

introduced by Hewitt and Manning (2019). 174

3 Methods 175

3.1 Models 176

The LSTM model used in this paper was made 177

available by Gulordava et al. (2018). The trans- 178

former model used in this paper is the distilled 179

version of GPT2 (Sanh et al., 2020), retrieved from 180
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the Huggingface transformer library.1181

3.2 Data182

For this paper the models are trained on a treebank183

corpus. This corpus is parsed and stored in a man-184

ner that facilitates tree construction. Moreover, the185

data contains POS-tags, which will be used to train186

en test the models. The treebank used is the English187

EWT database from the Universal Dependencies188

project 2. For the tree construction we make use of189

the conllu library.190

Important to notice is that transformer models191

can break up words by using Byte-Pair Encod-192

ings (BPE). The resulting chunks are then passed193

through the model and assigned with a representa-194

tion. However, as we are interested in word-level195

representations, these word parts have to be com-196

bined again. We do this following the suggestion197

of Hewitt and Manning (2019), and compute the198

word representation by taking the average of its199

sub-word representations. Also, with these sub-200

words it is important to make a distinction between201

word chunks after a space or in the middle of a202

word, as these are different tokens.203

3.3 Structural probes204

For the structural probing the set-up of Hewitt and205

Manning (2019) is used. With this approach the206

probe learns a linear transformation of a word rep-207

resentation space such that the transformed space208

embeds parse trees across all sentences. If this209

probe performs correctly, we have found part of210

the representation space of the model that is used211

to encode this structural syntax feature (re-create212

the closest parse-tree).213

3.4 POS-tags214

POS-tagging is a crucial task in NLP preprocessing215

that involves a model predicting the POS tag of a216

token based on a learned corpus (Martinez, 2012).217

To assess the models actual comprehension of nat-218

ural language POS tagging they were tested on a219

control task (Hewitt and Liang, 2019). This control220

task assigns each word in the vocabulary to a new,221

meaningless, POS-tag according to a probability222

distribution based on the POS tag occurrence in223

the corpus. The POS-tagging task is then trained224

and tested by the model once again on these newly225

assigned control tags.226

1https://github.com/huggingface/transformers
2https://universaldependencies.org/treebanks

3.5 Evaluation 227

For the POS tagging task the models performance 228

is measured by the accuracy (Eq 1) and Matthews 229

Correlation Coefficient (Eq 2) (Matthews, 1975). 230

Accuracy returns the fraction of correct outputs 231

over all outputs. Considering that the POS tag 232

distribution of our dataset is not uniform, a more 233

robust metric that is insensitive to class imbalances 234

like the Matthews correlation coefficient (MCC) 235

can be used. This metric ranges from -1 for a poor 236

model to 1 for a good prediction model. 237

Accuracy =
tp

tp+ fp
(1) 238

239

MCC =
tn ∗ tp+ fn ∗ fp√

(tp+ tn)(tp+ fn)(fp+ tn)(fp+ fn)
(2) 240

The models are evaluated with these metrics on 241

their normal POS-tagging and the control task. Se- 242

lectivity is then a measure for the difference in 243

performance on these two tasks in terms of accu- 244

racy (Eq 3) or MCC. It essentialy quantifies how 245

much of the performance on the POS tagging task 246

comes from an actual understanding of the linguis- 247

tic structure or merely from pattern recognition. 248

Selectivity = Acc−Acccontrol (3) 249

One of the metrics used for the structural probe is, 250

the UUAS metric which looks at correctly placed 251

egdes in the graph. However, it is sensitive to small 252

mistakes made at the root of the predicting parse 253

tree, therefore making it harder to predict longer 254

sentences. For distance in the parse tree, we com- 255

pute the Spearman correlation (DSpr) between true 256

and predicted parse tree distance for each word in 257

the each sentence. 258

To get more insight into the models suscepti- 259

bility to long-distance dependencies, the structure 260

score performance is set against sentence length 261

for all sentences in the corpus. This information 262

is plotted to show the trends of transformer and 263

LSTM models along different sentence lengths. 264

4 Experiments and Results 265

4.1 POS probe 266

For both model on both metrics the control task 267

performed worse as can be seen by the selectivity 268

in Table 1. The LSTM model outperformed GPT2 269

in the regular POS-tagging. Selectivity on the other 270

hand is higher for GPT2 than for the LSTM, sug- 271

gesting that GPT rely more on word identities than 272

those on LSTM. 273
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Normal Selectivity
Model Acc. MCC Acc. MCC
GPT2 0.772 0.748 0.396 0.463
LSTM 0.889 0.878 0.317 0.359

Table 1: Accuracy and Matthews correlation coefficient
(MCC) for GPT2 and LSTM for normal POS-tagging
and selectivity (minus control task).

4.2 Structural probe274

Distance
Model UUAS DSpr.
GPT2 0.529 0.636
LSTM 0.460 0.589

Table 2: Results of structural probes on the testset. For
the distance probes, we show the Undirected Unlabeled
Attachment Score (UUAS) and the average Spearman
correlation of true to predicted distances, DSpr.

GPT2 scores better than LSTM on both structure275

metric as can be seen in Table 2.276

4.3 Varying sentence length277

The average UUAS value is plotted against sen-278

tence length in Figure 1. From these plots we279

observe a big skew with the model performance280

decreasing as the number of words in a sentence281

increases. This decrease appears to be steeper for282

LSTM than for GPT2, in accordance with the over-283

all lower structure score for LSTM (see Table 2).284

5 Discussion & Conclusion285

The GPT2 transformer model shows a higher se-286

lectivity for the POS-tagging task with the control287

task than the LSTM model. Following the litera-288

ture by Hewitt and Liang (2019) this means that the289

transformer model is relatively good in understand-290

ing the syntactic structure of the given text. How-291

ever, as the overall accuracy of the LSTM model is292

higher it is unclear which model is better in abso-293

lute understanding of the probing task. Moreover,294

the overall POS-tagging accuracy is significantly295

lower than might be expected according to other296

research, indicating that the training of our model297

may not have worked perfectly. It might also be298

considered to remove very short sentences as they299

are arguably not real sentences. This might also300

lead to different results in the structure evaluation.301

Figure 1: Average UUAS value per sentence length for
LSTM (top) and GPT2 (bottom).

The structure UUAS value against sentence 302

length showed a strong decrease in performance for 303

increasing sentence lengths. This is in line with the 304

distribution of sentence length within the dataset, 305

which follows the same trend. Since the model is 306

trained on this imbalance we expect it to perform 307

worse on data that it has seen less of. Longer sen- 308

tences might also perform worse because there are 309

simply more possibilities for tree organization and 310

thus there is more room for error. The UUAS value 311

is unforgiving, one wrong choice in the root results 312

in a very low score, other metrics like distance met- 313

ric (from matrix) are more forgiving and as such 314

may provide more insight for longer sentences. 315

All findings of this paper come from two mod- 316

els; one RNN (LSTM) and one transformer model 317

(GPT2). To further support or reject the claims 318

made in this research more models might be tested 319

with multiple seed runs each. Different model sizes 320

could also be taken into consideration to assess the 321

generality of our findings. Future research may 322

look into long-distance sentences dependencies 323

within LLM, as this is a key aspect of understand- 324

ing large texts and this paper has focused solely on 325

structure within sentences. 326
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A Appendix 449

(a) LSTM

(b) Transformer

Figure 2: Gold (left) and predicted (right) distance matrices. Predicted matrices are rounded.

450
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B Appendix451

Structural probing LSTM (top) vs GPT (bottom)452
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(a) True

(a) Predicted

Figure 3: POS tag predicted by the probe using LSTM embeddings

Figure 4: LSTM POS probe confusion matrix
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