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Abstract 1 

Since training soft prompts is a parameter-2 

efficient way to tune a Pre-trained 3 

Language Model (PLM) on a target task, 4 

recent works suggest various training 5 

methods utilizing soft prompts. However, 6 

few studies investigate the explainability of 7 

soft prompts, which is critical to enhancing 8 

the confidence of PLM in a real-world 9 

scenario. To deal with the problems of the 10 

unexplainable soft prompts, this study 11 

explores the effects of Prompt-tuning v1 12 

(Lester et al., 2021) and Prompt-tuning v2 13 

(Liu et al., 2022) on PLM. More precisely, 14 

we conducted the experiments using a 15 

multilingual GPT to generalize our 16 

observations not only on tasks but also on 17 

languages. We first confirmed whether soft 18 

prompts are gathered according to tasks or 19 

languages, and then analyzed how soft 20 

prompts utilize PLM in terms of the two 21 

main architectures of GPT: the attention 22 

mechanism and the activated neurons. As a 23 

result, we conclude that soft prompts are 24 

trained while employing the knowledge 25 

PLM obtained during pre-training to solve 26 

the target task, which is consistent with 27 

language. Our findings reveal that deep soft 28 

prompts are explainable when they can 29 

employ varying knowledge from every 30 

layer.  31 

1 Introduction 32 

In Natural Language Processing (NLP), prompt-33 

based learning has emerged as a promising 34 

paradigm to employ a Pre-trained Language Model 35 

(PLM) effectively. Particularly, Prompt-tuning v1 36 

(Lester et al., 2021) shows that training only soft 37 

prompts, which are vectors of real numbers 38 

prepended to the embedding layer of PLM, can 39 

achieve comparable performances to traditional 40 

fine-tuning. Additionally, soft prompts are fed to all 41 

layers of PLM in Prompt-tuning v2 (Liu et al., 42 

2022), where deep soft prompts encode more 43 

task-specific weights and affect the model directly.  44 

Despite the great promise of the pre-train and 45 

prompt-tune paradigm, it is problematic that the 46 

difficulty of faithfully interpreting soft prompts in 47 

natural language could potentially lead to 48 

concealed adversarial attacks (Khashabi et al., 49 

2022). Ultimately, it makes PLM unexplainable in 50 

that we cannot assure how soft prompts operate in 51 

PLM. However, few studies have tried to reveal the 52 

details of the relationship between Prompt-tuning 53 

and PLM, which are essential to the explainable 54 

soft prompts. 55 

Meanwhile, several studies have shown that soft 56 

prompts are one of the parameter-efficient training 57 

methods in a cross-lingual setting (Zhao and 58 

Schütze, 2021; Vu et al., 2022), which means that 59 

soft prompts encode the knowledge about a target 60 

task in the multilingual space. Since the 61 

generalizability of tasks and languages can 62 

improve the explainability of PLM, it is important 63 

to capture the features shared in each task and 64 

language. Accordingly, in this study, we investigate 65 

how soft prompts save and utilize the information 66 

of a multilingual PLM, mGPT (Shliazhko et al., 67 

2022), focusing on English and Korean. 68 

This study also aims to figure out the effects of 69 

Prompt-tuning v1 and Prompt-tuning v2 on the 70 

multilingual PLM, so that we provide fundamental 71 

directions to enhance the interpretability and 72 

explainability of PLM and Prompt-tuning. To 73 

analyze the effects of soft prompts, we focus on the 74 

changes after Prompt-tuning in terms of two major 75 

structures of GPT: the attention mechanism and the 76 

activated neurons.  77 
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To this end, we address the following research 78 

questions: 79 

 80 

1. Can we distinguish soft prompts according 81 

to the encoded information about target 82 

tasks or target languages? 83 

 84 

2. Can we find any explainable patterns in the 85 

changes in the attention mechanism after 86 

Prompt-tuning? 87 

 88 

3. Can we observe any explainable patterns in 89 

the activated neurons of soft prompts 90 

through layers? 91 

 92 

We first present the visualizations of soft 93 

prompts to show that deep soft prompts are 94 

gathered according to target tasks in the 95 

multilingual setting. Second, we find that the 96 

attention distribution changes in some layers more 97 

than in other layers regardless of tasks and 98 

languages. Also, in Prompt-tuning v2, the changes 99 

are explainable because the most changed attention 100 

layers are composed of content-dependent heads 101 

rather than position-based heads. These results 102 

suggest that soft prompts utilize the knowledge 103 

encoded in the attention mechanism to solve the 104 

target task. Third, we observe a special 105 

phenomenon, where the activated neurons show 106 

task-common behavior rather than task-specific 107 

behavior in the second to last layer. We conclude 108 

that this may be due to the characteristics of the 109 

PLM, like isotropy. Finally, the ablation study 110 

supports these findings as where deep soft prompts 111 

fed into the actively changed layers show higher 112 

performances than the ones fed into the non-113 

actively changed layers. To the best of our 114 

knowledge, this study is the first to probe the 115 

changes in the PLM after Prompt-tuning v1 and 116 

Prompt-tuning v2. 117 

2 Related Works 118 

Soft prompts. Li and Liang (2021) propose Prefix-119 

tuning for lightweight model training. They 120 

prepend the continuous task-specific vectors to the 121 

input so that their own parameters are only trained. 122 

As the continuous vectors do not limit their space 123 

on the embedding of PLM, they are more 124 

expressive and can affect all layers in PLM. Using 125 

GPT-2 (Radford et al., 2019) and BART (Lewis et 126 

al., 2020), they show that the performances on 127 

Natural Language Generation (NLG) tasks are 128 

comparable to the performances of fine-tuning 129 

both in fully- and semi-supervised settings. 130 

Liu et al. (2021) suggests P-tuning which is 131 

more flexible to task types and LM types than 132 

Prefix-tuning. They use a discrete template that 133 

include soft prompts and train both PLM and those 134 

soft prompts. They report that performances 135 

improve both in GPT and BERT via P-tuning.  136 

Similarly, Lester et al. (2021) propose Prompt-137 

tuning v1, where they use only soft prompts by 138 

freezing the parameters of PLM. They show that 139 

the performances of Prompt-tuning v1 are 140 

comparable to the performances of fine-tuning, 141 

where the capacity of PLM has a key role. Thus, 142 

they conclude that Prompt-tuning is a parameter-143 

efficient way to employ the knowledge LM 144 

obtained during pre-training.  145 

Furthermore, Liu et al. (2022) introduce Prompt-146 

tuning v2, where they implement Prompt-tuning 147 

more deeply by injecting soft prompts into every 148 

layer of PLM. While Prompt-tuning v1 has low 149 

performances on the hard sequence labeling tasks, 150 

Prompt-tuning v2 improves the performances of 151 

various tasks, namely extracting question 152 

answering and named entity recognition. 153 

 154 

The explainable soft prompts. Again, few studies 155 

endeavor to enhance the explainability of soft 156 

prompts. Lester et al. (2021) try to interpret soft 157 

prompts by measuring the similarities between the 158 

embeddings of learned soft prompts and the 159 

vocabulary of PLM. They observe that soft 160 

prompts have ‘word-like’ representations, which 161 

are relevant to the domain of the target task. An 162 

example of which is the BoolQ dataset (Clark et al., 163 

2019) of the nature/science category, where the soft 164 

prompts are close to the words such as ‘science’, 165 

‘technology’ and ‘engineering’ in the embedding 166 

space. 167 

To interpret soft prompts in human language, 168 

Khashabi et al. (2022) investigate the Prompt 169 

Waywardness hypothesis. In this hypothesis, there 170 

exists a soft prompt that can solve the target task 171 

while becoming close to the arbitrary discrete 172 

prompt, which is not relevant to the target task. 173 

They observe that soft prompts satisfying the 174 

Prompt Waywardness hypothesis do exist. They 175 

also provide some explanations. First, soft prompts 176 

cannot be projected to exactly one embedding of 177 

discrete prompts. Second, when soft prompts are 178 

injected only into the first layer, the deeper layers 179 

have more expressivity, where the effects of 180 
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Waywardness get stronger. Finally, they discuss 181 

that it is hard to discover the human-interpretable 182 

soft prompts, which leads to the side effects in the 183 

real-world scenario, such as the concealed 184 

adversarial attacks. 185 

Besides the interpretability of soft prompts, the 186 

changes that soft prompts cause to PLM are also 187 

crucial to enhance the explainability of soft 188 

prompts. Also, to deal with the second reason 189 

Khashabi et al. (2022) mentioned, we need to 190 

investigate Prompt-tuning v2 where all layers are 191 

controlled by soft prompts. Thus, our study focuses 192 

on the effects of Prompt-tuning v1 and Prompt-193 

tuning v2 on PLM through layers, so that we can 194 

figure out the operation of soft prompts in an 195 

explainable way. 196 

3 Methods 197 

3.1 Training soft prompts 198 

We conduct the experiments using mGPT, which 199 

has the same architecture with GPT-3 and 1.3B 200 

parameters. Since GPT is an autoregressive model, 201 

we make the model generate the label words after 202 

the separator token </s> until the end token 203 

<|endoftext|> and train soft prompts by computing 204 

the conditional probability for the label words. The 205 

label words for each task are in Table 3 in Appendix 206 

0. Via this method, we can train soft prompts in the 207 

same way for all tasks, including classification and 208 

generation tasks. Also, we freeze mGPT and update 209 

only the parameters of the prepended soft prompts. 210 

For a single-input type, we feed the input 211 

{𝑝1, … , 𝑝𝑘, < 𝑠 >, 𝑥1, … , 𝑥𝑛 , </𝑠 >, 𝑤𝑔𝑜𝑙𝑑, <212 

|𝑒𝑛𝑑𝑜𝑓𝑡𝑒𝑥𝑡| >}  to the model, where 𝑃 =213 

{𝑝1, … , 𝑝𝑘} is soft prompts with the length 𝑘, 𝑋 =214 

{𝑥1, … , 𝑥𝑛} is the input sentence with the length 𝑛, 215 

and 𝑤𝑔𝑜𝑙𝑑  is the label words. Then, following 216 

Lester et al. (2021), we train soft prompts by 217 

maximizing the probability: 218 

 219 

𝑃𝑟𝜃;𝜃𝑃
(𝑤𝑔𝑜𝑙𝑑 , < |𝑒𝑛𝑑𝑜𝑓𝑡𝑒𝑥𝑡| > |𝑝1, … , 𝑝𝑘;  220 

< 𝑠 >, 𝑥1, … , 𝑥𝑛, </𝑠 > ) (1)  221 

 222 

where 𝜃 is the parameters of the model and 𝜃𝑃 is 223 

the parameters of soft prompts.  224 

Similarly, for a pair-input type, the model 225 

maximizes the probability to generate the label 226 

words after the second separator token: 227 

  228 

𝑃𝑟𝜃;𝜃𝑃
(𝑤𝑔𝑜𝑙𝑑 , < |𝑒𝑛𝑑𝑜𝑓𝑡𝑒𝑥𝑡| > |𝑝1, … , 𝑝𝑘 ;  229 

< 𝑠 >, 𝑥1
1, … , 𝑥𝑛

1 , </𝑠 > , 𝑥1
2 , … , 𝑥𝑚

2 , </𝑠 >) (2)  230 

 231 

For both Prompt-tuning v1 and Prompt-tuning 232 

v2, we randomly initialize soft prompts ranging 233 

from -0.5 to 0.5. Also, we use the prompt length 234 

𝑘 = 20 . Additionally, we slightly modify the 235 

injection of deep soft prompts in Prompt-tuning v2. 236 

Unlike Liu et al., 2022, we inject key and value as 237 

the same one, so that we get only one prompt 238 

embedding per layer, which has the exact same 239 

dimension with the model. Otherwise, soft prompts 240 

are composed of two separate embeddings.  241 

Using principal component analysis (PCA), we 242 

visualize soft prompts of each target task to see 243 

how soft prompts are clustered. In the case of deep 244 

soft prompts, we analyze soft prompts for each 245 

layer. 246 

3.2 The Attention Variability and the 247 

Changes in the Attention Mechanism 248 

In GPT, the attention mechanism works in the left-249 

to-right direction, so most tokens give the 250 

maximum attention to their previous token. Vig and 251 

Belinkov (2019) consider that such a tendency of 252 

the attention distribution in GPT is based on not the 253 

content but the position. To measure how attention 254 

varies over different input sequences, they suggest 255 

attention variability, which adopts the basics of the 256 

mean absolute deviation: 257 

 258 

𝑉𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝛼  =  
∑ ∑ ∑ |𝛼𝑖,𝑗(𝑥) − 𝛼̅𝑖,𝑗|𝑖

𝑗=1
|𝑥|
𝑖=1𝑥∈𝑋

2 ∙ ∑ ∑ ∑ 𝛼𝑖,𝑗(𝑥)𝑖
𝑗=1

|𝑥|
𝑖=1𝑥∈𝑋

 (3)  259 

where 𝛼𝑖,𝑗(𝑥) is the attention score 𝑥𝑖 gives to 𝑥𝑗, 260 

and 𝛼̅𝑖,𝑗 is the mean of 𝛼𝑖,𝑗(𝑥) overall 𝑥 ∈ 𝑋.  261 

Meanwhile, the first token of each input 262 

sequence tends to receive the maximum attention 263 

score. Thus, the first token is excluded to calculate 264 

the variability. We also compute the variability with 265 

Task English Korean 

STS GLUE-STS KLUE-STS 

NLI SNLI KorNLI 

SA SST2 NSMC 

TC AGNews KLUE-Ynat 

QA SQuAD 2.0 KorQuAD 1.0 

CG CommonGen KommonGen 

Table 1:  The datasets used in this study. 
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the first 𝑁  tokens (𝑁 = 10 ), excluding the first 266 

token.1  267 

Since we do not update the parameters of mGPT, 268 

we believe that the changes in the attention 269 

mechanism after Prompt-tuning show the effects of 270 

Prompt-tuning on mGPT. Thus, we investigate the 271 

difference of the attention distribution between the 272 

pre-trained mGPT and the prompt-tuned mGPT. 273 

We use Kullback-Leibler divergence which is 274 

commonly used to measure the difference between 275 

two probability distributions: 276 

  277 

𝐾𝐿𝑑𝑖𝑣(𝑃(𝑋), 𝑀(𝑌))  =  ∑ 𝑥 𝑙𝑜𝑔
𝑥

𝑦
𝑥∈ 𝑋,𝑦∈ 𝑌

 (4)  278 

where P() is a prompt-tuned model and M() is a 279 

pre-trained PLM. 280 

To get the KL divergence per head, we post-281 

process the attention distributions. We first sum the 282 

attention scores for each token, and then remove 283 

the attention score of the special tokens <s> and 284 

</s> in each input. In the case of P(), we exclude 285 

the attention scores of the tokens of soft prompts 286 

before post-processing. Finally, we replace 𝑥 and 𝑦 287 

with 1e-20 when they are 0 after passing the 288 

softmax to avoid the infinity when computing KL 289 

divergence. 290 

Lastly, we get the correlation between the 291 

attention variability and the attention changes 292 

through layers to see whether we can interpret the 293 

patterns of the changes in terms of the knowledge 294 

mGPT learned during pre-training. 295 

3.3 The Activated Neurons 296 

Geva et al. (2021) suggest that the FFN layers in 297 

pre-trained Transformer mirror the key-value 298 

memories, since the neural memory and the FFN 299 

layer have a similar structure (Equation 5 & 300 

Equation 6). The difference between them is the 301 

function applied; FFN has a non-linear activation 302 

function, and the neural memory has the softmax 303 

function. 304 

  305 

𝐹𝐹𝑁(𝑥) = 𝑓(𝑥 ∙ 𝐾𝑇) ∙ 𝑉 (5)  306 

𝑀𝑁 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥 ∙ 𝑘𝑇) ∙ 𝑉 (6)  307 

 308 

 
1 For commonsense generation task, we use first 2 tokens 

without the first token because all input sequences include 

only 3 words. 

They observe that keys in the FFN layers, which 309 

are the activated neurons, have positive 310 

correlations with the human-interpretable input 311 

patterns such as shallow and semantic patterns. 312 

Motivated by the activated neurons, Su et al. 313 

(2022) propose ON score, where we can measure 314 

the response of the prompt-tuned model. Following 315 

them, this study computes ON score using the 316 

decoding token </s> per layer to investigate how 317 

task-specific the prompts are. Given an input 318 

sequence {𝑃, </𝑠 >} , we get the output of the 319 

activation state 𝐴𝑆(𝑃) of soft prompts 𝑃. 320 

 321 

𝑂𝑁(𝑃𝑡1 , 𝑃𝑡2 )  =  
𝐴𝑆(𝑃𝑡1)  ∙  𝐴𝑆(𝑃𝑡2)

||𝐴𝑆(𝑃𝑡1)|| ||𝐴𝑆(𝑃𝑡2)||
 (7)  322 

 323 

Recently, Wang et al. (2022) introduce skill 324 

neurons that can be detected via Prompt-tuning. 325 

They report that similar neurons are activated in 326 

similar tasks in the upper layers, which means that 327 

the neurons encode the task-specific skills. This 328 

study also explores the response of the model 329 

through layers to discuss which skills each layer 330 

has. 331 

4 Experiments 332 

4.1 Tasks and Performance Results 333 

We conduct experiments on 6 tasks including 334 

classification, extraction, and generation. 335 

STS. Semantic Textual Similarity is a task to 336 

measure the similarity score between two 337 

sentences from 1 to 5. The higher the score is, the 338 

higher the similarity is. In this study, we binarize 339 

 

Figure 1: The PCA result of soft prompts learned 

for the target task in Prompt-tuning v1. 
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the score into similar and dissimilar class. If the 340 

score is more than 3, it is labeled as similar, and if 341 

the score is less than 3, it is labeled as dissimilar. 342 

NLI. Natural Language Inference is a task to 343 

decide the semantic relationship of two sentences, 344 

a premise and a hypothesis, among three 345 

categories: entailment, contradiction, neutral. 346 

When given a premise first, the model should 347 

determine if a hypothesis is true or false or 348 

undetermined. 349 

SA. Sentiment Analysis is a task to determine the 350 

sentiment expressed in a sentence. Usually, the 351 

sentence is classified into two labels: positive and 352 

negative. In this study, we use the movie review 353 

dataset, which is one of the popular domains. 354 

TC. Topic Classification task includes sentences or 355 

paragraphs from different themes. We use news 356 

topic classification task, where the topic such as 357 

IT/science and Social is annotated for each 358 

headline. Also, the topics vary for each language. 359 

QA. For Question and Answering for reading 360 

comprehension, the model should extract the 361 

answer to a question from the given context. The 362 

answer can be a word or spans consisting of more 363 

than two words. 364 

CG. Commonsense Generation is a task proposed 365 

to assess the model’s ability to generative 366 

commonsense reasoning. Using a set of three 367 

common concepts including an object (noun) and 368 

action (verb), the model generates a full 369 

grammatical sentence, which coheres with an 370 

everyday scenario. 371 

The datasets in each language are presented in 372 

Table 1. Also, we report the performance results in 373 

Table 7 in Appendix C. Every task gets improved 374 

in Prompt-tuning v2. Particularly, the scores of 375 

KLUE-STS and KorNLI rise by around 35 and 17, 376 

respectively. 377 

4.2 Deep soft prompts encode task-relevant 378 

information clustering by language. 379 

We present the visualizations of soft prompts using 380 

PCA to investigate how they encode the knowledge 381 

according to task and language. While we cannot 382 

find any meaningful clusters in Prompt-tuning v1 383 

(Figure 1), soft prompts are grouped in Prompt-384 

tuning v2 through layers (Figure 2).  385 

After passing the first layer (layer 0), soft 386 

prompts tend to be gathered according to the target 387 

task. Although soft prompts are dispersed again in 388 

layer 5, they keep forming the clusters according to 389 

the target task. The task clusters in different 390 

languages are grouped, especially those with high 391 

cohesion in the middle layers (7~17). Additionally, 392 

starting from layer 14, we observe the separation of 393 

 

Figure 2: The PCA result of soft prompts learned for the target task in Prompt-tuning v2. 

 

Figure 3: The average of the attention variability 

on all tasks. We present the results for each task in 

Figure 12 in Appendix C. 
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some clusters (NLI, STS, TC) that are not well 394 

separated in the previous layers. 395 

 These results suggest that deep soft prompts 396 

learn task-relevant knowledge in the multilingual 397 

space since soft prompts of the same task in 398 

English and Korean are gathered. Also, the 399 

different patterns through layers imply that the 400 

knowledge employed to solve the target task varies 401 

over layers. Deep soft prompts controlling across 402 

layers might lead to low expressivity in the deeper 403 

layers, which means that it can contribute to the 404 

interpretability of soft prompts. We leave this 405 

implication as an open question for future works. 406 

4.3 Deep soft prompts employ the context-407 

dependent attention heads. 408 

We find that the lower layers have lower variability 409 

(Figure 3), which is consistent with the 410 

observations in the prior work (Vig and Belinkov, 411 

2019). Also, the attention heads in layers 7~9 have 412 

high attention variability regardless of tasks and 413 

languages. These results show that the attention 414 

heads of mGPT have encoded context information 415 

in a robust way during pre-training. 416 

Figure 4 displays the KL divergence results in 417 

Prompt-tuning v1 and Prompt-tuning v2 on STS 418 

and TC tasks. In Prompt-tuning v1, we observe that 419 

the attention distribution of the upper layers 420 

changes a lot, followed by the initial layers. In 421 

Prompt-tuning v2, the layers between 6 and 13 422 

change significantly as well, which consist of the 423 

content-dependent heads. Additionally, the results 424 

are consistent with the same task rather than with 425 

the same language. 426 

To analyze the changes by layer, we plot the 427 

average KL divergence for each layer. Figure 5 428 

shows that the middle layers from 7 to 17 change 429 

remarkably in Prompt-tuning v2 with the peaks at 430 

the odd layers {7, 9, 11, 13, 15, 17}. On the other 431 

hand, in Prompt-tuning v1, the changes in the 432 

middle layers are relatively minor. Also, the peaks 433 

appear at different layers for each language; the 434 

even layers {6, 8, 10} for both languages, the even 435 

layers {12, 16} for Korean, and the odd layers {13, 436 

15} for English. This is because they do not have a 437 

direct impact on the deeper layers in PLM (Liu et 438 

al, 2022) since soft prompts are injected only in the 439 

embedding layer in Prompt-tuning v1.  440 

Next, we present the results of the Pearson 441 

correlation (p-value < 0.05) between the attention 442 

variability and the results of KL divergence in each 443 

task (Figure 6). Grouping the layers into 4 groups 444 

according to the depth, we sum up the observations 445 

in the attention mechanism. 446 

 

Figure 4: The KL divergence results on STS and 

TC. We present the results of all tasks in Figure 

13 and Figure 14 in Appendix C. 

 

Figure 5: The average of KL divergence per 

layer. 

 

Figure 6: The correlation between the attention 

variability and the KL divergence. 
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 First, the lower layers (layers 0~5), where the 447 

position-based heads are concentrated, show a 448 

small change both in Prompt-tuning v1 and 449 

Prompt-tuning v2. Second, the middle-lower layers 450 

(layers 6~11) have different patterns in Prompt-451 

tuning v1 and Prompt-tuning v2. Considering that 452 

the content-dependent heads are gathered in layers 453 

7~9 (Figure 3), the positive correlations in Prompt-454 

tuning v2 suggest that deep soft prompts are trained 455 

while employing the context information encoded 456 

in mGPT. Third, the middle-upper layers (layers 457 

12~17) do not show significant changes, yet, we 458 

observe that the changes in the pair-input type tasks 459 

in these layers are comparable to the changes in the 460 

middle-lower layers (See Figure 15 in Appendix 461 

C). Lastly, the upper layers (layers 18~23) have the 462 

same pattern in both Prompt-tuning v1 and Prompt-463 

tuning v2, where the last layer shows a significant 464 

change. Simultaneously, they have negative 465 

correlations, which implies that the additional 466 

elements are involved in activating the attention 467 

head to predict the label in these layers. 468 

4.4 The activated neurons of soft prompts 469 

are task-specific in the deeper layers, 470 

where other features of PLM make the 471 

neurons common as well. 472 

The results of the average ON score between all 473 

combinations of tasks in each language are 474 

reported in Figure 7, where the lower the score is, 475 

the more task-specific the layer is. We find that the 476 

scores in the first layer are high and the scores 477 

reduce rapidly in the second layer, which means 478 

that the first layer has encoded the common 479 

information regardless of task and language. 480 

Meanwhile, the results in layers from 2 to 5 have 481 

some fluctuations in Prompt-tuning v1, while there  482 

are few fluㄴ ctuations in Prompt-tuning v2. The 483 

middle layers (layers 6~17) also have fluctuations, 484 

but with more narrow gaps between layers. 485 

Notably, the scores become the lowest in layer 21 486 

in Prompt-tuning v1 and in layer 20 in Prompt-487 

tuning v2.  488 

While these results suggest that the deeper layers 489 

have task-specific neurons, the second to last layer 490 

shows peaks with high scores near the scores in the 491 

first layer, which has not been observed in previous 492 

works. Since most tasks have highly similar 493 

neurons in the second to last layer, we hypothesize 494 

that other features of PLM affect the neurons when 495 

solving the target tasks. 496 

To test our intuitions, we present the cosine 497 

similarity in the label space. Figure 8 illustrates that 498 

the cosine similarities of the decoding token </s> 499 

with the gold label words get higher than ones with 500 

the non-gold label words in the deeper layers. 501 

Indeed, the second to last layer has the trough, 502 

where the gaps between two similarities narrow 503 

down. We believe that the anisotropic embedding 504 

space of mGPT could lead the task-common 505 

neurons in the second to last layer because the 506 

desired label words are actually similar in the 507 

space. Thus, we conclude that these observations 508 

are one of the possible explanations as to why soft 509 

prompts are hard to interpret. 510 

 

Figure 7: The average of ON score. 

 

Figure 8:  The cosine similarity of the decoding 

token between the label words and between the 

non-label words. If the label word is ‘positive’, the 

non-label word is ‘negative’. Also, if there are 

multiple non-label words, we randomly select one 

non-label word. To calculate the similarity, we use 

tasks without extraction and generation. 
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5 Ablation study 511 

For the ablation study, we try to investigate whether 512 

deep soft prompts can better utilize the specific 513 

layers, where effects are notable.  514 

To this end, we feed soft prompts to the layers, 515 

where changes and roles are clear in order to 516 

confirm the effects of Prompt-tuning v2 on the 517 

model. In Section 4.3, we find that the changes in 518 

the attention distribution show a zigzag trend line. 519 

The peaks are detected in layers {1, 7, 9, 11, 13, 15, 520 

17, 21} and the troughs are detected in layers {2, 8, 521 

10, 12, 14, 16, 18, 20, 22}, both in English and 522 

Korean. We hypothesize that soft prompts are more 523 

helpful for the layers at the peaks than the layers at 524 

the troughs. 525 

Furthermore, looking at the results of the 526 

activated neurons in Section 4.4, the last layer (23) 527 

is a task-specific layer, and the second-last layer 528 

shows a special phenomenon, where the neurons of 529 

all tasks are similar to each other. Also, the neurons 530 

in layer 20 have the lowest ON score, which means 531 

that the neurons are activated depending on tasks. 532 

Motivated by these observations, we group the 533 

layers into two categories: peak and trough. The 534 

peak group includes layers {0, 1, 7, 9, 11, 13, 15, 535 

17, 20, 21, 22, 23}, and the trough group includes 536 

layers {0, 2, 8, 10, 12, 14, 16, 18, 20, 21, 22, 23}. 537 

We set the first layer {0} and the last four layers 538 

{20, 21, 22, 23} in common, in consideration that 539 

the former is the input layer, and the latter ones are 540 

task-specific layers. Each group includes half of the 541 

number of layers of mGPT, which means that they 542 

have half parameters of soft prompts in Prompt-543 

tuning v2. 544 

This method is similar to Liu et al. (2022). They 545 

conduct the ablation study of Prompt-tuning v2 by 546 

adding soft prompts to certain layers grouping into 547 

two groups, the first four layers and the last four 548 

layers. On the contrary, this study tries to classify 549 

the layers in an explainable way. We believe that 550 

the alternating dense and sparse attention 551 

mechanism of mGPT prevent the performances 552 

from the significant drop when excluding some 553 

layers. 554 

Table 2 shows the performances of each group 555 

on all tasks. Compared to the results of vanilla 556 

Prompt-tuning v2, most scores drop but raise in 557 

comparison to the results of Prompt-tuning v1. 558 

Notably, the scores of both groups on SST2 raise 559 

compared to Prompt-tuning v2.  560 

Except for KLUE-STS, the peak groups show 561 

higher performances than the trough groups. Thus, 562 

we conclude that soft prompts in the peak groups 563 

employ the knowledge of mGPT better. 564 

6 Conclusion 565 

In this study, we investigate how soft prompts and 566 

deep soft prompts encode task-relevant knowledge 567 

and employ the knowledge from the PLM. Using 568 

mGPT, we conduct the experiments on various 569 

tasks, including classification and generation in 570 

each language. First, we find that deep soft prompts 571 

obtain task-specific knowledge in the deeper 572 

layers, while soft prompts in Prompt-tuning v1 do 573 

not. Also, deep soft prompts have shared task 574 

information within languages. Second, we observe 575 

that the changes in the attention mechanism after 576 

Prompt-tuning v2 can be explained in terms of the 577 

attention variability. The higher the attention 578 

variability is where the more significant the 579 

changes are. Simultaneously, the last four layers 580 

show negative correlations between the attention 581 

variability and the changes in the attention 582 

distribution after Prompt-tuning v1 and Prompt-583 

tuning v2. Thus, we conclude that these layers play 584 

another key role to solve the target task. Third, the 585 

response of the model shows that the deeper layers 586 

have more task-specific neurons. Unlike previous 587 

studies, we report a special phenomenon in the 588 

second to last layer, where most of all tasks have 589 

unexpected common neurons.  590 

Finally, we confirm the observations of the 591 

attention mechanism and the activated neurons in 592 

the ablation study. We hope that this study provides 593 

a guide to the explainable soft prompts and the 594 

explainable PLM. 595 

 English Korean 

Task Peak Trough Peak Trough 

STS 84.17 83.74 60.32 63.26 

NLI 85.35 84.85 61.97 58.18 

SA 90.02 89.79 86.73 86.25 

TC 86.66 86.46 83.75 82.66 

QA 
64.40/ 

49.29 

61.82/ 

47.11 

68.82/ 

62.41 

66.57/ 

60.42 

CG 82.56 81.62 90.43 90.21 

Table 2:  The performance results of the 

compressed Prompt-tuning v2. 
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Limitations 596 

Although we explore the multilingual space of 597 

PLM, our findings are limited to English and 598 

Korean. We choose Korean as a non-English 599 

language because Korean is understudied in 600 

Prompt-tuning and has different linguistic 601 

properties from English, such as typology. Also, 602 

even though our experiments have a fixed seed 603 

(42), other trials with other seed numbers are 604 

required, since different seed numbers can lead to 605 

fluctuating results. Additionally, we fail to analyze 606 

the observations relating to the performances. We 607 

encourage further studies to include more various 608 

languages and more systemic experiments. 609 
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Appendices 803 

A Dataset Details 804 

Table 3 shows the details of datasets including 805 

sources. Also, Table 4 and Table 5 show the 806 

verbalizers and the number of labels in each 807 

dataset. We designed the verbalizers to be 808 

semantically close to the actual label words. 809 

B Experimental Details 810 

We used two A100 GPUs with 80G memory. Also, 811 

we used the seed number 42. The number of 812 

trainable parameters for Prompt-tuning v1 is 40960 813 

and the one for Prompt-tuning v2 is 983040. The 814 

hyperparameters for each task is presented in Table 815 

6. The performance results are presented in Table 816 

7. For task STS, NLI, SA, and TC, we use sklearn 817 

package (https://scikit-818 

learn.org/stable/modules/generated/s819 

klearn.metrics.classification_report820 

.html) for scoring. For QA, we use the codes 821 

from the official website (SQuAD: 822 

https://rajpurkar.github.io/SQuAD-823 

explorer/ ; KorQuAD: 824 

https://korquad.github.io/KorQuad%20825 

1.0/). Also, For CG, we use the codes from the 826 

official github (CommonGen: 827 

https://github.com/INK-USC/CommonGen; 828 

KommonGen: https://github.com/nlpai-829 

lab/KommonGen). 830 

C Experimental Results 831 

Figure 9, Figure 10, and Figure 11 illustrate the 832 

PCA results in Prompt-tuning v2 over all layers. 833 

Also, Figure 12 shows the attention variability for 834 

all tasks. Figure 13 and Figure 14 show the results 835 

of KL divergence for all tasks. Lastly, Figure 15 836 

presents the average KL divergence per input type. 837 
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 911 

 912 

 913 

 914 

 915 

 916 

Task English Verbalizer (train/validation/test) 

STS similar (2994/629), dissimilar (2755/871) 

NLI entailment (183414/3329/3368), contradiction (183185/3278/3237), neutral (182762/3235/3219) 

SA positive (37569/444), negative (29780/428) 

TC business, scitech, sports, world (30000/1900) 

Table 4:  The verbalizers (label words) and the number of each example for English classification datasets. 

If test dataset is not provided, we use validation dataset instead. 

 

Task Korean Verbalizer (train/validation/test) 

STS 유사(similar) (5602/220), 상이(dissimilar) (6066/299) 

NLI 
함의(entailment) (183382/523/1670), 모순(contradiction) (183382/524/1670), 중립(neutral) 

(183382/523/1669) 

SA 긍정(positive) (74825/25171), 부정(negative) (75710/24826) 

TC 
정치(polticis) (7379/722), 경제(economics) (6118/1348), 생활문화(livingculture) (5751/1369), 

사회(society) (5133/3701), IT 과학(ITscience) (5235/554), 세계(world) (8320/835), 스포츠(sports) 

(7742/578)  

Table 5: The verbalizers (label words) and the number of each example for Korean classification datasets. If 

test dataset is not provided, we use validation dataset instead. 

 

Type Task English Source Korean Source 

Pair CLS 
STS GLUE-STS Wang et al., 2019 KLUE-STS Park et al., 2021 

NLI SNLI Ham et al., 2020 KorNLI Ham et al., 2020 

Single 

CLS 

SA SST2 Socher et al., 2013 NSMC 
https://github.com/

e9t/nsmc 

TC AGNews Zhang et al., 2015 KLUE-Ynat Park et al., 2021 

Extraction QA SQuAD 2.0 Rajpurkar et al., 2018 KorQuAD 1.0 Lim et al., 2019 

Generation CG CommonGen Lin et al., 2020 KommonGen Seo et al., 2021 

Table 3:  The details about datasets used in this study. 

 

https://github.com/e9t/nsmc
https://github.com/e9t/nsmc
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 917 

 918 

 919 

 920 

 921 

 922 

 923 

 924 

 925 

 926 

 927 

 928 

 929 

 930 

 931 

Task 
Batch 

size 
Epochs 

Max 

length 

STS 16 10 180 

NLI 32 16 150 

SA 32 20 256 

TC 64/32 10 80 

QA 16 12 400 

CG 16 20 60 

Table 6: The hyperparameters of each task. For 

batch size in task TC, 64 is for English dataset 

and 32 is for Korean dataset. 

 

Scoring 

Method 
English 

Score 
Korean 

Score 

V1 V2 V1 V2 

Accuracy GLUE-STS 83.2 84.23 KLUE-STS 38.43 71.59 

Macro-F1 SNLI 80.95 86.46 KorNLI 45.67 62.8 

Accuracy SST2 87.15 88.18 NSMC 84.94 87.18 

Macro-F1 AGNews 85.8 87.27 KLUE-Ynat 81.18 84.27 

F1/EM SQuAD 2.0 
61.98/ 

47.25 

67.21/ 

51.91 
KorQuAD 1.0 

65.41/ 

59.62 

72.32/ 

66.50 

Coverage CommonGen 78.4 82.97 KommonGen 87.94 91.33 

Table 7: The performances of all tasks in Prompt-tuning v1 and Prompt-tuning v2. 
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Figure 9:  The PCA result of soft prompts learned for the target task in Prompt-tuning v2 in layers 0~7. 
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Figure 10:  The PCA result of soft prompts learned for the target task in Prompt-tuning v2 in layers 8~15. 
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Figure 11:  The PCA result of soft prompts learned for the target task in Prompt-tuning v2 in layers 16~23. 
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Figure 12:  The attention variability of each task. 

 

 

Figure 13:  The KL divergence of each task in Prompt-tuning v1. 
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Figure 14:  The KL divergence of each task in Prompt-tuning v2. 

 

 

Figure 15:  The average KL divergence results grouped by input type. 
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