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Abstract
Task-specific fine-tuning of pre-trained lan-001
guage models like Transformers has shown002
their effectiveness in various NLP tasks. To003
achieve better storage efficiency and model004
performance, Multi-task Learning (MTL) has005
been studied to share model parameters006
and utilize knowledge transfer between tasks.007
However, in real applications where enormous008
numbers of tasks (e.g., large sets of labels009
to be classified) need to be conducted on a010
large corpus, the inference efficiency is still011
hindered by the number of tasks. For a doc-012
ument with N sets of labels to be predicted,013
recent MTL methods with adaptive modules or014
prompts need to encode the input dataN times015
to extract the hidden representation needed for016
the tasks. Notice that the hidden represen-017
tation is not sharable between tasks, as task-018
specific features are extracted at very bottom019
layers in the Transformer. In this paper, we020
seek to maintain the computational efficiency021
of only requiring one forward pass for a doc-022
ument to get a generalized feature for all N023
tasks, without sacrificing overall model perfor-024
mance. We design a prompt-sharing module025
to let the model take all tasks into considera-026
tions and output N heads simultaneously. We027
also design a dynamic task scheduling mod-028
ule to sample tasks according to their training029
progress. In our evaluation, we show that our030
method is able to outperform previous MTL031
state-of-the-arts and single task fine-tuning by032
0.4 − 1.5% on GLUE benchmark dataset. We033
also perform comprehensive module analysis034
to demonstrate the effectiveness and robust-035
ness of our method.036

1 Introduction037

Multi-task Learning (MTL) is inspired by the abil-038

ity of humans to transfer knowledge between tasks.039

As the prevailing pre-trained langauge models like040

Transformers (Devlin et al., 2019; Liu et al., 2019b;041

Clark et al., 2020) are becoming gradually large-042

sized (Raffel et al., 2020; Brown et al., 2020), it043

would be storage consuming for researchers to 044

maintain separate fine-tuned models for each down- 045

stream task. Thus, the advantage of MTL that 046

shares a large proportion of model parameters be- 047

tween tasks is of great importance. In addition, 048

recent MTL studies develop advanced techniques 049

to achieve good model performance by effectively 050

leveraging knowledge transfer between tasks. Con- 051

ditional adaptive modules (Pilault et al., 2021) are 052

inserted between layers to extract task-specific fea- 053

tures. Prompt-based methods (Lester et al., 2021; 054

Li and Liang, 2021) also output task-specific repre- 055

sentations by prepending task-specific prompts to 056

the embedded input. 057

However, when it comes to real-world applica- 058

tions such as document classification for a large 059

corpus, there can be enormous sets of labels/tasks 060

to be predicted for each document, and efficient 061

inference is extremely important. For a document 062

with N sets of labels to be predicted, recently de- 063

veloped MTL models need to do N forward passes 064

to get the hidden representation for each task. This 065

is because either the adaptive modules or prompts 066

will extract the task-specific features at bottom lay- 067

ers of Transformers and the intermediate features 068

can no longer be shared among tasks. On the other 069

hand, the traditional MT-DNN (Liu et al., 2019a) 070

meets the "one forward pass" requirement by shar- 071

ing the whole Transformer backbone attached by 072

task-specific linear layers, but the hard-sharing 073

mechanism leads to possible negative transfer, mak- 074

ing the model performance lower than adaptive and 075

prompt-based methods. 076

In this paper, we aim to develop a multi-task 077

learning algorithm that can maintain the inference 078

efficiency to output a generalized representation 079

for all tasks in one forward pass, without sacrific- 080

ing overall model performance. To achieve this 081

goal, we design a prompt-sharing module that con- 082

catenates all task-specific prompts prepended to 083

the embedded input, which ensures that the model 084
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takes all tasks into consideration and outputs N085

heads simultaneously. However, since such a so-086

lution can impair model performance because of087

negative transfer between tasks, we propose to stop088

the gradients of other prompts and only backprop-089

agate the gradients for prompts corresponding to090

the given task being trained. We further add shared091

prompts to allow for large tasks to expand their092

prompt capacity. Moreover, training on a set of093

tasks can be challenging with various task sizes094

and difficulty. To avoid overfitting to a subset of095

tasks, we propose to perform dynamic task schedul-096

ing. Following (Sharma and Ravindran, 2017), we097

cast the problem as a multi-armed bandit problem.098

We design an algorithm based on the Upper Con-099

fidence Bound (UCB) solution to probe the model100

performance periodically to balance over the cur-101

rent metrics and the exploring potential of tasks.102

Our model is named MTOP, for Multi-Task learn-103

ing for inference with One forward Pass.104

To demonstrate the effectiveness of our pro-105

posed method, we conduct multi-task experiments106

on GLUE benchmark (Wang et al., 2018) and107

show that our method can outperform previous108

MTL state-of-the-art and single task fine-tuning109

by 0.4 − 1.5%. We also conduct comprehensive110

module analysis to demonstrate the effectiveness111

and robustness of our method.112

2 Related Work113

Multi-task Learning (MTL), which was inspired by114

the ability of humans to transfer knowledge from115

previously mastered activities to new ones, has116

been applied to a wide range of tasks beyond the117

field of NLP (Caruana, 1997; Ruder, 2017; Don-118

ahue et al., 2014). Recent studies in NLP also119

make successful efforts to train multitasking mod-120

els to outperform independently fine-tuned ones121

on the benchmark datasets. MT-DNN (Liu et al.,122

2019a) uses a shared backbone architecture (e.g.,123

BERT) and task-specific classification heads to op-124

timize corresponding task loss, while BAM (Clark125

et al., 2019) learns a multi-task model by distilling126

knowledge from single-task teacher models. With127

the growing size of language models, light-weight128

tuning methods are proposed to reduce the num-129

ber of parameters needed for training a multitask130

model. Prompt-based methods and adaptor-based131

methods (Pilault et al., 2021) have shown to achieve132

higher performance than single task models.133

2.1 Prompt-based Methods 134

Prompts are typically task descriptions or examples 135

prepended to the input of language models. For ex- 136

ample, GPT-3 (Brown et al., 2020) takes manually 137

designed prompts as guidance to generate answers 138

for specific tasks. Prompt engineering (Jiang et al., 139

2020; Schick and Schütze, 2021; Shin et al., 2020) 140

has been studied to search for high-quality tem- 141

plates manually or automatically. However, the 142

non-differentiable nature of discrete tokens can 143

lead to non-optimal results, which motivated the 144

introduction of soft prompts, where continuous vec- 145

tors replace discrete tokens. Prompt tuning (Lester 146

et al., 2021) prepends k tunable soft prompts to in- 147

put tokens per downstream task. Prefix-tuning (Li 148

and Liang, 2021) prepends continuous task-specific 149

vectors to each layer in the encoder. 150

2.2 Adapter-based Methods 151

Adapters are small trainable modules parameter- 152

ized by task-specific embeddings. These modules 153

are inserted into, or used to replace, key modules to 154

make the transformer model adaptive to new tasks, 155

so that it can project the original rich information 156

to a task-related space. (Houlsby et al., 2019) adds 157

a feed-forward bottleneck and fine-tunes the layer- 158

norm of each Transformer layer. CA-MTL (Pilault 159

et al., 2021) remodulates the self-attention layer, 160

normalization layer, embedding projection layer, 161

and bottleneck layer by conditional weight trans- 162

formation specified by task-specific vectors. By 163

integrating local task modules to the global task ag- 164

nostic module, (Stickland and Murray, 2019), (Ma- 165

habadi et al., 2021), and (Tay et al., 2021) mix effi- 166

cient adapters to BERT or T5 (Raffel et al., 2020). 167

2.3 Optimization-based Methods 168

While the above approaches mostly focus on modi- 169

fications of model architecture, training on diverse 170

datasets can still be challenging due to possible 171

negative transfer or unbalanced training between 172

tasks. Optimization for MTL is broadly studied 173

to mitigate the issues via gradient modulation and 174

task scheduling. Traditional approaches sample 175

tasks uniformly (Caruana, 1997) or proportionally 176

to data size (Sanh et al., 2018), thus may cause 177

underfitting or overfitting for various task sizes. 178

Subsequent studies have explored dynamic sam- 179

pling strategies based on the current performance 180

of the model: (Gottumukkala et al., 2020) uses 181

the gap between current metric and the best met- 182
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ric from single task models to reweight the tasks,183

and CA-MTL (Pilault et al., 2021) uses an entropy-184

based uncertainty to reweight classification tasks.185

(Sharma and Ravindran, 2017) studies MTL in re-186

inforcement learning and casts the problem as a187

multi-armed bandit problem, picking the task with188

the highest reward in every episode.189

Another line of work focuses on eliminating con-190

flicting gradients from multiple tasks. PCGrad (Yu191

et al., 2020) checks the gradient vectors from mul-192

tiple tasks and removes the contradictory compo-193

nents if their cosine similarity is smaller than zero.194

GradVac (Wang et al., 2021) takes a step further to195

actively update gradients when tasks are positively196

related. Due to numerous variations of the pairwise197

gradient modulation between a large number of198

tasks, in our work we still focus on dynamic task199

scheduling.200

3 Methodology201

3.1 Our Prompt Sharing Design202

In this section, we will introduce our design of203

prompt tuning on multi-task problems. Specifi-204

cally, we will first introduce the preliminary on205

prompt tuning in Sec. 3.1.1, and then introduce our206

own design to cope with the multi-task setting in207

Sec. 3.1.2 and Sec. 3.1.3.208

3.1.1 Preliminary on Prompt Tuning209

Consider we have a pre-trained Transformer model210

with pre-trained weights φ. A traditional classifi-211

cation model takes a sequence of tokens X with212

length L0 as input and takes the output of Trans-213

former at the [CLS] token to calculate the class214

probability Prφ(y|X). In prompt-based methods, a215

set of task-specific prompt tokens P with length L216

are prepended to the input and fine-tuning targets at217

an optimization of argmaxP Prφ(y|[P ;X]) with218

the pre-trained weights φ fixed. In GPT-3 (Brown219

et al., 2020), the prompt tokens P are manually220

selected from a fixed vocabulary with fixed em-221

beddings. In prompt tuning (Lester et al., 2021),222

the soft prompt tokens are a new set of parameters223

P e ∈ RL×d which can be updated during train-224

ing, with d being the dimension of hidden repre-225

sentations. Thus we can rewrite the objective as226

maximizing Prφ(y|[P e;Xe]), where Xe is the em-227

bedding matrix of the input sequence X . While in228

prompt tuning methods, the pre-trained weights φ229

are often kept fixed in few-shot learning setting, in230

a multi-task fully supervised setting where tasks231

enjoy various sizes, difficulty levels and types of 232

loss functions, we found updating φ as well as P e 233

can benefit the final performance and encourage 234

positive transfer among tasks. 235

3.1.2 Concatenating Prompts from Multiple 236

Tasks 237

A simple way for fine-tuningN multiple tasks with 238

prompts is to initialize a prompt tensor P e1:N ∈ 239

RN×L×d, and slice through the first dimension 240

to get P ei ∈ RL×d, which can be prepended to 241

the input when training on task i, as pictured in 242

Fig. 1(a). This approach is not a good fit for our 243

goal to get multiple task outputs for a document in 244

one forward pass. This is because to achieve the 245

above goal, the hidden representations in a model 246

should be shared among tasks until the very last 247

task-specific classification layers. However, dif- 248

ferent prompts prepended with the same input se- 249

quence will lead to different hidden representations 250

after the first layer of the encoder, thus the fol- 251

lowing layers can not be shared by multiple tasks 252

as well. To enable hidden representations sharing 253

for multiple tasks, a direct way can be concate- 254

nating prompts for different tasks to get a shared 255

prompt pool {P e1 , . . . , P eN} ∈ R(NL)×d, which is 256

later prepended to the input sequences, as shown 257

in Fig. 1(b). On the output side, the classification 258

layer is no longer attached to the [CLS] token, but 259

to an average pooling layer over the hidden outputs 260

of corresponding task prompts. We notate the hid- 261

den outputs of the transformer model as H , which 262

has the size of R(NL+L0)×d, with L0 as the length 263

of input data. Then the output class probability of 264

task i is calculated by: 265

ai =
1

L

iL−1∑
j=(i−1)L

Hj (1) 266

267

Prφ(yi) = Softmax (Vi σ (Wiai + b)) (2) 268

where Hj is the j-th sliced vector along the first 269

dimension of H . Notice that different from using 270

the [CLS] token to be sent into the classification 271

layer, leveraging the hidden outputs of correspond- 272

ing prompts can be conceptually seen as using dif- 273

ferent [CLS] tokens for different tasks. 274

3.1.3 Gradient Stopping for Sharing Prompts 275

The above direct way of sharing prompts does not 276

lead to a good performance, which we will show in 277
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Output Representation for Task 1

Transformer
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Prompt1
<latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit>

Prompt2
<latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit>

Prompt2
<latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit>
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Prompt1
<latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit>

Prompt1
<latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit>

Prompt2
<latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit>

Prompt2
<latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit> · · ·<latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit><latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit><latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit><latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit>
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for Task 2

Shared Output Representation 

Transformer

Gold jumped after

Classification Layer 2

Classification Layer 1

Prompt1
<latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit>

Prompt1
<latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit>

Prompt2
<latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit>

Prompt2
<latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit> · · ·<latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit><latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit><latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit><latexit sha1_base64="AcPHc2/GmseUvYw39tetylSl3A8=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt2kw27E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3nrg2QiUPOEm5H9NhIiLBKFqp3WehQjOo1ty6OwdZJV5BalCgOah+9UPFspgnyCQ1pue5Kfo51SiY5NNKPzM8pWxMh7xnaUJjbvx8fu2UnFklJJHSthIkc/X3RE5jYyZxYDtjiiOz7M3E/7xehtG1n4skzZAnbLEoyiRBRWavk1BozlBOLKFMC3srYSOqKUMbUMWG4C2/vEraF3XPJnN/WWvcFHGU4QRO4Rw8uIIG3EETWsDgEZ7hFd4c5bw4787HorXkFDPH8AfO5w+uBY8u</latexit>

for Task 1 for Task 2
Shared Output Representation 

Transformer
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Classification Layer 2

Classification Layer 1

Prompt1
<latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit>

Prompt1
<latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit><latexit sha1_base64="kUnGSSIzVz6WKRArLl/3wfOWpHc=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEW+qFb8+reAnid+AWpoQKt0P0aDBOaSaaACmJM3/dSCHKigVPBZpVBZlhK6ISMWN9SRSQzQb44fIbPrTLEcaJtKcAL9fdETqQxUxnZTklgbFa9ufif188gvg5yrtIMmKLLRXEmMCR4ngIecs0oiKklhGpub8V0TDShYLOq2BD81ZfXSadR9726f3dZazaKOMroFJ2hC+SjK9REt6iF2oiiDD2jV/TmPDkvzrvzsWwtOcXMCfoD5/MHLsWTXA==</latexit>

Prompt2
<latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit><latexit sha1_base64="UzXdvf94H1JoD4+AT+qu7eAu4vQ=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBD0WvHisYD+gDWGz3bRLdzdhdyLW0F/ixYMiXv0p3vw3btsctPXBwOO9GWbmRangBjzv2yltbG5t75R3K3v7B4dV9+i4Y5JMU9amiUh0LyKGCa5YGzgI1ks1IzISrBtNbuZ+94FpwxN1D9OUBZKMFI85JWCl0K0OgD1C3tKJTGEWNkK35tW9BfA68QtSQwVaofs1GCY0k0wBFcSYvu+lEOREA6eCzSqDzLCU0AkZsb6likhmgnxx+AyfW2WI40TbUoAX6u+JnEhjpjKynZLA2Kx6c/E/r59BfB3kXKUZMEWXi+JMYEjwPAU85JpREFNLCNXc3orpmGhCwWZVsSH4qy+vk06j7nt1/+6y1mwUcZTRKTpDF8hHV6iJblELtRFFGXpGr+jNeXJenHfnY9lacoqZE/QHzucPMEmTXQ==</latexit>
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Figure 1: Paradigms of multi-task prompt tuning. (a) Task-specific prompts are prepended separately to the input
and the Transformer outputs separate representations for different tasks. (b) The prompts for multiple tasks are
concatenated together and prepended to the input. The output hidden representation of Transformer are shared by
classification layer of all tasks. (c) The output hidden representation of Transformer are shared by classification
layer of all tasks. However, there is only gradient backpropagation for prompts corresponding to the task being
trained. (d) Our Final Model: Adding shared prompt tokens to (c). This allows the model the flexibility to expand
prompts for larger tasks.

our experiments in Sec. 4.4. This is due to possible278

negative transfer between tasks. For example, when279

training a batch of data in task i, backpropogation280

not only updates the corresponding prompt embed-281

ding P ei , but also affects irrelevant prompt embed-282

dings P ej (j 6= i, 1 ≤ j ≤ N).283

Given the above concern, we only allow the284

gradients of task i to backpropagate to prompt285

embedding P ei , and stop the gradients for other286

prompts, as shown in Fig. 1(c). The gradient-287

stopping prompt sharing benefits the performance288

of the model in two aspects: (1) Multiple prompts289

are input together into the self-attention modules290

so related tasks are easy for the Transformer model291

to identify and refer to; and (2) non-related tasks292

will less likely impair the results of each other293

due to the gradient stopping policy. We notate the294

shared prompt pool with gradient stopping policy295

as P̃ eS = {P̃ e1 , . . . , P̃ eN} ∈ R(NL)×d.296

In our experiments, we empirically discover that297

combining P̃ eS with another shared prompt P eS ∈298

RL′×d leads to the best performance, as shown299

in Fig. 1(d). Our reasoning is that the optimal300

length of prompts varies by task sizes, and the 301

shared prompts allow the flexibility for large tasks 302

to expand their prompt capacity. In our final model, 303

the input to the text encoder is [P̃ eS ;P
e
S ;X

e] and 304

the output probability of task i is derived by Eq.(1) 305

and Eq.(2). 306

3.2 Dynamic Task Scheduling 307

Prior studies on multi-task learning typically sam- 308

ple tasks uniformly or proportionally to task size, 309

while some recent studies (Gottumukkala et al., 310

2020; Pilault et al., 2021) adopt dynamic sam- 311

pling strategies to select the most needed task dur- 312

ing model training. In our paper, we refer to a 313

study (Sharma and Ravindran, 2017) in Reinforce- 314

ment Learning (RL) and cast the problem as a 315

multi-armed bandit problem with discounted re- 316

wards. We first introduce the preliminary on multi- 317

armed bandit problem and its discounted version in 318

Sec. 3.2.1 and then introduce our own adaptations 319

in Sec. 3.2.2. 320
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3.2.1 Preliminary on Multi-armed Bandit321

Problem322

The multi-armed bandit problem aims to reach the323

maximum expected reward by a strategy to select a324

sequence of actions/arms. This can be comparable325

to our goal of reaching the optimal performance326

within a fixed amount of training steps on different327

tasks. The Upper Confidence Bound (UCB) algo-328

rithms (Auer et al., 2004; Auer and Ortner, 2010)329

are often used for solving bandit problems, which330

balances between exploitation and exploration of331

arms. At time step t, the action taken can be se-332

lected by:333

At = argmax
a

[
Qt(a) + c

√
log t

nt(a)

]
(3)334

where Qt(a) is the exploitation reward of action335

a and the second term indicates the exploration336

bonus of a, which decreases as nt(a) (the number337

of times action a has been taken) accumulates.338

To apply the algorithm to multi-task learning,339

(Sharma and Ravindran, 2017) regards At as the340

task chosen at step t and relatesQt(a) to the perfor-341

mance (e.g., F1-score on dev set for classification342

problems) of task a at step t. They further point out343

that different from stochastic multi-armed bandit344

problems that have stationary rewards, in multi-345

task learning, the more times a task is chosen, the346

less reward that task gains. A discounted UCB al-347

gorithm is applied in their study which discounts348

Qt(a) and nt(a) by a factor γ as the training step349

grows.350

3.2.2 Our Adaptations351

Directly applying the discounted UCB algorithm to352

our setting is problematic for two reasons: (1) Un-353

like (Sharma and Ravindran, 2017) that calculates354

reward Qt(a) as the gap between a target score and355

the current score, we are unable to acquire a suit-356

able “target” score for each task unless performing357

single-task fine-tuning in advance; and (2) their358

study updates Qt(a) at every step, but obtaining a359

metric value on dev set at every training step can360

be prohibitively expensive.361

In our dynamic task scheduling algorithm, we362

define a metric probing interval I to update Qt(a).363

At time step t = K · I , we update the exploitation364

reward Qt(a) for each task a to be the sum of its365

discounted history and the improvement over I366

steps, divided by the discounted time steps trained367

Algorithm 1: Dynamic task scheduling.
Input: Pre-trained model MMUL and N tasks to be

trained in a multi-task setting. Metric probing
interval I , discounted factor γ, exploration
weight c.

Output: A fine-tuned model MMUL on multiple tasks.
1 for a← 1 to N do
2 Q0(a)← 0;
3 n0(a)← 0;
4 //Train for T steps;
5 γq ← γI ;
6 for j ← 0 to T/I − 1 do
7 if j > 0 then
8 for a← 1 to N do
9 Qt(a)← Eq. (4);

10 for k ← 1 to I do
11 Select task At by Eq. (6);
12 for a← 1 to N do
13 nt(a)← Eq. (5);
14 Train MMUL on task At for 1 step;

on a: 368

Qt(a) =

γqQt−I(a) +

(
mt(a)−mt−I(a)

)
nt(a)

(4) 369

where γq is the discounted factor for Qt(a), and 370

mt(a) is the metric value of model at step K · I on 371

dev set. In experiments we will demonstrate our 372

design of using performance progress between I 373

steps is better than using the gap between the target 374

metric and current metric as proposed in (Sharma 375

and Ravindran, 2017). 376

Between step K · I and (K + 1) · I , we keep 377

Qt(a) fixed but update the discounted number of 378

steps nt(a). When task At is selected, nt(a) is 379

updated as: 380

nt(a) = γnt−1(a) + 1(a = At) (5) 381

We set γq = γI to keep the same discounting 382

progress inside and outside the I steps. Our task 383

selection strategy is as below: 384

At = argmax
a

[
Qt(a) + c

√
log
∑
a nt(a)

nt(a)
· w(a)α

]
(6) 385

Notice that we modify the exploration term with 386

w(a) being the size of task a, indicating that the 387

exploration term samples tasks proportionally to 388

their sizes when α = 1. To avoid catastrophic 389

forgetting on small tasks, we refer to the "annealed 390

sampling" in (Stickland and Murray, 2019) to train 391

on tasks more equally towards the end of training, 392

and set α to gradually decrease by: 393

α = 1− 0.8
e− 1

E − 1
(7) 394
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Methods COLA MNLI MRPC QNLI QQP RTE SST-2 STS-B AVG

Single Task 63.2 88.4/87.9 89.2 92.9 72.3 69.6 95.7 88.3 82.4
MT-DNN 62.3 88.1/87.2 87.2 92.8 72.4 80.6 95.2 88.8 83.4

Prompt Tuning 60.6 87.8/87.0 89.4 93.0 72.0 80.8 95.2 88.9 83.4
P-Tuning v2 60.2 87.8/86.9 88.6 92.7 72.5 79.2 94.2 89.2 83.0

CA-MTL 61.2 87.7/87.2 89.0 92.7 76.0 79.0 94.2 88.5 83.5

MTOP (w/o DTS) 63.6 87.7/87.4 88.9 92.7 72.1 80.8 95.2 89.1 83.7
MTOP 65.1 87.4/86.6 89.4 92.7 72.0 81.1 95.2 88.5 83.9

Table 1: Performance of all methods on test set of GLUE benchmark. Reported metrics: F1 scores for QQP/MRPC,
spearman’s correlation for STS-B, matthew’s correlation for CoLA and accuracy for other tasks. MTOP is our
complete method and MTOP (w/o DTS) is our proposed method without Dynamic Task Scheduling (DTS).

where e is the current epoch number and E is the395

total number of training epochs. An overall dy-396

namic task scheduling algorithm is described in397

Algorithm 1.398

4 Experiments399

In this section, we demonstrate the effectiveness of400

our proposed method MTOP on the GLUE bench-401

mark dataset (Wang et al., 2018). We also provide402

a series of module analysis to evaluate the perfor-403

mance of each module.404

4.1 Experiment Setup405

We use ELECTRA-base (Clark et al., 2020)1 as406

the backbone model for our method and baselines,407

and set the maximum sequence length to be 128.408

We choose the best hyperparameters based on the409

model performance on GLUE dev set, and then use410

the best model to predict on GLUE test set. The411

hyperparameters are listed below: For prompt shar-412

ing, we use 4 task-specific prompt tokens per task413

in GLUE and 32 shared prompt tokens. For dy-414

namic sampling, we obtain the model performance415

at each I = 1000 step. We set the discounted factor416

γ = 0.99 and the exploration weight c = 2e−5.417

For dataset training, we use a batch size of 16 for418

each task, and let the model train for 5 epochs. For419

optimization, we set the learning rate to be 1e−5420

and use linear warm-up schedule.421

4.2 Compared Methods422

We compare with several important multi-task423

learning baselines and recently proposed prompt-424

tuning methods, as well as the single-task fine-425

tuning methods. For all baselines, we load426

1There are two base ELECTRA models trained from dif-
ferent datasets. Here we use the base++ version derived from
the XLNET dataset.

ELECTRA-base model as the encoder. The com- 427

pared methods are listed below: 428

• Single Task: Single task fine-tuning on each 429

GLUE task independently. 430

• MT-DNN (Liu et al., 2019a): A multi-task deep 431

neural network that uses the transformer encoder 432

as a shared architecture among tasks, and the top 433

layer is attached to task-specific linear layers. 434

• Prompt Tuning: The vanilla prompt tuning in 435

(Lester et al., 2021) where task-specific prompts 436

are trained on each task. 437

• P-Tuning v2 (Liu et al., 2021): A recently pro- 438

posed advanced deep prompt tuning method that 439

adds independent prefix tokens in each trans- 440

former layer. 441

• CA-MTL (Pilault et al., 2021): The current state- 442

of-the-art model for multi-task learning that uses 443

adaptive modules parameterized by task embed- 444

dings. 445

For our own method, we report on two variations: 446

• MTOP (w/o DTS): Our proposed prompt- 447

sharing module without Dynamic Task Schedul- 448

ing (DTS), only sampling tasks proportionally to 449

their sizes. 450

• MTOP: Our complete proposed method with 451

prompt sharing and dynamic task scheduling. 452

4.3 Evaluation on GLUE 453

We evaluate our proposed model MTOP as well as 454

other baseline methods on GLUE test set of 8 tasks 455

in Table 1. As shown in the table, the multi-task 456

learning methods have higher average score than 457

the single task fine-tuning method, indicating the 458
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Figure 2: Ablation and hyperparameter studies on prompt sharing module (without dynamic task scheduling).
Mean and Standard deviation are obatined from 15 runs.

effectiveness of sharing the same backbone archi-459

tecture between tasks. MTOP (w/o DTS) performs460

better than other prompt-based methods, showing461

that our proposed prompt-sharing module extracts462

better task-related features. The CA-MTL method463

is the current state-of-the-art on multi-task learn-464

ing, but it overfits too much to the QQP dataset465

and is not better than ours on the average score.466

This is because they calculate classification un-467

certainty based on shannon entropy to sample the468

tasks, thus weighing QQP dataset too much due to469

its F1-score being around 70 (compared to other co-470

trained tasks with metrics around 80 or 90). Among471

all the methods, MTOP achieves the best aver-472

age score, and performs especially well on smaller473

tasks (COLA, MRPC and RTE). This shows that474

smaller tasks benefit more from multi-task learn-475

ing, and dynamic task scheduling further improves476

the results by balancing between large and small477

tasks. As the trade-off, we notice metric for larger478

task like MNLI slightly drops. We consider there479

is still headroom for the proposed multi-task model480

to improve.481

4.4 Analysis on Prompt Sharing Module482

To analyze the prompt sharing module, we disable483

the dynamic scheduling and contrast over five dif-484

ferent prompt settings: (1) using no prompts and485

only do task-specific fine-tuning as a baseline; (2)486

Fig. 1(a): using the prompt-tuning (Lester et al.,487

2021) method that prepends task-specific prompts488

to corresponding inputs; (3) Fig. 1(b): concatenat-489

ing all task-specific prompts to be shared by all490

inputs; (4) Fig. 1(c): concatenating task-specific491

prompts for all inputs but stopping the gradient for492

prompts of other tasks; and (5) Fig. 1(d): combin- 493

ing gradient-stopping task-specific prompts with 494

shared prompts. We show the performance on 495

GLUE dev set under these settings in Fig. 2(a). 496

The results clearly shows that concatenating the 497

task-specific prompts only does not help knowl- 498

edge transfer between tasks and can even harm the 499

original prompt-tuning method. However, if we 500

allow the gradient of a task to only propagate back 501

to its own prompts and stop updating the other 502

prompts, the results can be better than prompt- 503

tuning. Adding shared prompts further improve 504

the results, since shared prompts allow the flexibil- 505

ity for large tasks to expand their prompt capacity. 506

We perform hyperparameter study for prompt- 507

sharing module by varying the length of task- 508

specific/shared prompt tokens, and show the model 509

performance in Fig. 2(b). Overall, the model per- 510

forms best when the number of task-specific and 511

shared prompt tokens per task are 4 (32 prompt 512

tokens on 8 GLUE tasks), and is quite stable when 513

the prompt length is even smaller. This indicates 514

that our proposed method is robust and does not 515

require a large set of new parameters. 516

4.5 Analysis on Dynamic Task Scheduling 517

For dynamic task scheduling, we first demonstrate 518

four options for updating the exploitation reward 519

Qt(a) and their performance on GLUE dev set in 520

Fig. 3(a). ‘Metric Diff’ is our choice that calcu- 521

lates the performance gap between I steps, while 522

‘(1-Metric)’ indicates the gap between target per- 523

formance (set to 1) and current performance. ‘Inde- 524

pendent’ means that the exploitation reward Qt(a) 525

for each task is calculated independently accord- 526
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Figure 3: Hyperparameter study on dynamic task scheduling module. Mean and Standard deviation are obatined
from 15 runs.

ing to Eq. (4), while ‘Weighted’ means we add up527

Qt(a) for all tasks and distribute the total reward to528

tasks by their task sizes. Fig. 3(a) clearly shows that529

our proposed adaptations of task scheduling is more530

effective and stable than traditional approaches.531

We also perform hyperparameter for dynamic532

task scheduling by varying the discounted factor γ533

and the exploration weight c. We illustrate the re-534

sults of proportional sampling by exploration bonus535

(α = 1) in Fig. 3(b) and annealed sampling by ex-536

ploration bonus (α = 1 − 0.8 e−1
E−1 ) in Fig. 3(c).537

We observe that model performance is more sta-538

ble under the annealed sampling than proportional539

sampling, and the best exploration weight is around540

2e−5.541

4.6 Discussions542

We discuss about the effect of dynamic task543

scheduling. In Table 2 we list the average scores on544

GLUE dev set and test set for three different task545

scheduling settings: (1) w/o DTS which purely546

uses proportional sampling; (2) w/ DTS (α = 1)547

which lets the explorations bonus term weigh tasks548

proportionally, and (3) w/ DTS (α = 1− 0.8 e−1
E−1 )549

which lets the explorations bonus term weigh tasks550

from proportionally to equally. We found that551

even though both DTS strategies perform better552

on GLUE dev set than without DTS, their GLUE553

test set performances are not always better. We554

believe this is because DTS uses dev set scores in555

the training process to adjust task weights, thus556

the optimal hyperparameters might overfit to dev557

sets, and cannot achieve the best performance on558

the test set. In the future we will explore more on559

improving the dynamic task scheduling technique560

such as partitioning the training set to get held-out561

datasets and using ensemble methods to simulate562

the rewards. 563

Ablations GLUE dev GLUE test

w/o DTS 84.79 (0.24) 83.74

w/ DTS
α = 1 84.99 (0.31) 83.45
α = 1− 0.8 e−1

E−1
85.23 (0.18) 83.88

Table 2: Average scores on GLUE dev set (with stan-
dard deviation over 15 runs) and test set of different
dynamic task scheduling settings.

5 Conclusion 564

In this paper we propose an inference-efficient 565

multi-task learning algorithm that is able to out- 566

put a generalized representation for all tasks in one 567

forward pass, while preserving the overall model 568

performance. We propose a prompt-sharing mod- 569

ule with gradient stopping to let the model take 570

all task prompts into consideration and output all 571

task heads simultaneously. To further improve 572

the results, we propose a dynamic task schedul- 573

ing method by probing the model performance 574

and adapting an algorithm for multi-armed ban- 575

dit. Our method achieves strong performance on 576

GLUE benchmark dataset and outperforms previ- 577

ous state-of-the-art. 578

Several interesting directions can be explored 579

in future studies. Based on our prompt-sharing 580

module, we can add MOE layers or other prompt 581

merging techniques to deal with scalable issues. 582

For the dynamic scheduling module, other UCB- 583

based algorithms are worth exploring. Moreover, 584

since our architecture is focused on sentence-level 585

tasks, it would be interesting to extend the study 586

to token-level tasks where each token has a set of 587

labels to be predicted. 588
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