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Continual Learning: Language models’ generalization and continual learning capabilities can be enhanced by integrating Instruction Tuning with Curriculum

Learning.

u

Curriculum Learning: The fundamental idea is to train models in an order
from simple to complex instead of having the model handle all the training
samples right from the start. This approach allows the model to first grasp the
basics and then progressively transition to more complex tasks.

Limitations of Existing Work:

To adhere to the curriculum learning method, it is crucial to order tasks accordingly.
But Measuring task difficulty is challenging, especially in the domain of multi-task
natural language generation. Prior rule-based strategies relied largely on experience

and intuition. As model’s capabilities enhance, longer sequences or rare tokens
aren’t always considered "difficult”. And The complexity of the tasks and
instructions that appear simple to humans might not necessarily be for models.
Establishing a fixed order might not be optimal and manually defining the difficulty
of a task is a complex and time-consuming process.

MOTIVATION

0 IT2ACL: we propose IT2ACL, a Instruction Tuning framework guided by 2-
phase Automated Curriculum Learning, which learns easy-to-hard instructions
for language models.

More specifically,

* In the first phase, the model learns different tasks in an order from simple to
complex. In the second phase, once a particular task is determined, the model
progresses from easier to more challenging instructions within that task.

* We introduce a progress sighal to guide the order of learning for both phases.
The instruction prediction gain focuses on the decrease in loss when the model
trains under different instructions within the same task.

 After several training sessions, the average of all instruction signals within a
task becomes the task's overall signal. Our training scheduler uses the
adversarial multi-armed bandits (MAB) strategy, where the progress signal is
scaled and used as the reward in MAB, enabling dynamic selection of the
optimal training path to maximize gains.
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O Full-shot Results Compared to Baselines

EXPERIMENTAL RESULTS

Method Model| conR | NER | KR TSql | Sent | Sim TClas | IClas | Fact NLI mcOA | exQA | odQA | Trans | Summ | Gen
Single Task BART | 315 | 346 | 361 | 27.7| 309 | 438 | 402 | 396 | 381 | 334 | 318 | 412 | 253 | 315 | 427 | #41.9
mT5 317 | 418 | 429 | 355| 446 | 489 | 506 | 452 | 493 | 456 | 355 | 395 | 279 | 41.2 | 358 | 327
IT(None) BART | 25.7 | 261 | 211 | 237 | 185 | 412 | 345 | 378 301 | 354 | 16.7 | 400 | 23.3 | 166 | 395 | 386
mT5 262 | 288 | 376 | 2902| 401 | 454 | 465 | 422 | 472 420 334 | 348 | 263 | 241 | 329 | 30.8
Rule-based CL(Pre- BART | 252 | 298| 303 | 238 249 | 40.7| 332| 373 | 315 342 | 205 | 398 | 244 | 169 | 392 | 407
defined Crder)
mT5 268 | 305 | 379 | 284 | 407 | 485 | 469 | 436 | 488 | 437 | 342 | 359 | 275 | 263 | 339 | 3.9
ITTACL BART | 259 | 301 | 328 | 252 288 | 422 | 381 | 375| 358 349 264 | 414 | 248 | 167 | 426 | 41.2
mT5 302 | 36.2| 393 | 288 455 | 487 | 492 | 457 | 492 | 455 | 356 | 361 | 283 | 258 | 343 | 325
IT2ACL(ours) BART | 266 | 31.5| 324 | 257 | 30.7 | 425 | 395 | 376 | 361 | 334 | 293 | 429 | 251 | 168 | 439 | 423
mT5 304 | 37.9| 398| 291 | 452 | 485 | 497 | 468 | 496 | 46.3 | 341 | 364 | 291 | 256 | 34.7 | 331

Table 1: Overall experimental results of our proposed framework IT2ACL and the compared baselines.
The columns denote different tasks: ConR stands for Conference Resolution, NER for Named Entity
Recognition, KR for Keywords Recognition, TSql for SQL Task, Sent for Sentiment Analysis, Sim for
Similarity, TClas for Text Classification, IClas for lintent Classification, Fact for Fact Checking, NLI
for Natural Language Inference, mcQA for Multiple Choice Question Answering, exQA for Extractive
Question Answering, odQA for Open-Domain Question Answering, Trans for Translation, Summ for

S

ummarization, and Gen for Text Generation.

[0 Generalization Results Compared to Baselines

Method Model | NLI mcQA| Summ
IT(None) BART 248 | 189 32.9
mT5 295 | 17.9 25.9
Rule-based CL{Pre-defined Order) BART 226 | 20.8 31.2
mT5 28.7 19.8 24.6
IT1ACL BART 254 | 21.3 35.7
mT5 31.0 | 22.3 27 .1
IT2ACL BART 269 | 22.8 36.9
mT5 32.2 | 235 28.3
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