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tasksource: A Dataset Harmonization Framework for Streamlined NLP Multi-Task Learning and Evaluation

The HuggingFace Datasets Hub hosts thousands of datasets, offering exciting opportunities for language model training and evaluation. However, datasets for a specific task type often have different schemas, making harmonization challenging 1 . Multi-task training or evaluation necessitates manual work to fit data into task templates. Several initiatives independently tackle this issue by releasing harmonized datasets or providing harmonization codes to preprocess datasets into a consistent format. We identify patterns across previous preprocessing efforts, such as column name mapping and extracting specific sub-fields from structured data in a column. We then propose a structured annotation framework that ensures our annotations are fully exposed and not hidden within unstructured code. We release a dataset annotation framework and dataset annotations for more than 500 English tasks 2 . These annotations include metadata, such as the names of columns to be used as input or labels for all datasets, which can save time for future dataset preprocessing, regardless of whether our framework is utilized. We fine-tune a multi-task text encoder on all tasksource tasks, outperforming every publicly available text encoder of comparable size in an external evaluation 3 .

Introduction

Datasets are a key ingredient in modern artificial natural language processing (NLP).

Language understanding models trained on unannotated corpora need to be evaluated, and individual datasets or benchmarks with multiple datasets provide an objective measure of targeted model capabilities. Supervised fine-tuning on annotated datasets also leads to better evaluations, and multitask learning (MTL) (Caruana, 1993) or extreme MTL (Aribandi et al., 2022), i.e. MTL with many tasks, improves robustness.

The HuggingFace Datasets [START_REF] Wolf | Morgan Funtowicz[END_REF]) Hub hosts thousands of datasets. However, running evaluations or MTL on many datasets requires manual work because of a lack of standardization. Fine-tuning a model on multiple datasets requires alignment of datasets formats, even with a single task type (e.g. natural language inference). Because of that, various initiatives assemble datasets or preprocessing code to ease multi-task learning or benchmarking. However, they either distribute prepossessed copies of the datasets or preprocessing code associated with each dataset. Section 2 enumerates previous works enacting these two approaches.

The previous preprocessing codes implicitly use some metadata, such as mappings between column names and fields of a task, but extracting it is quite difficult. Code is not disentangled from metadata. We propose a very concise dataset annotation format by relying on patterns reoccurring across several preprocessings. Most annotations fit in a single line, e.g: scitail = Classification( 'sentence1', 'sentence2', 'gold_label')

The SciTail [START_REF] Khot | SciTail: A textual entailment dataset from science question answering[END_REF] dataset on HF-Hub, noted scitail_ds4 [START_REF] Khot | SciTail: A textual entailment dataset from science question answering[END_REF] can be standardized by calling the tasksource.scitail function, and associated metadata can be retrieved with tasksource.scitail.dict().

We annotate 480 tasks, focusing on discriminative tasks to complement previous work better. We train a deberta-base text encoder on all of them simultaneously (Section 6) leading to unprecedented model performance (Section 7).

Various works harmonize existing datasets by either sharing preprocessed copies or preprocessings. Tasksource is a collection of preprocessings, and it is the largest for tasks excluding text generation tasks. Text generations tasks have a relatively simple format (optional input text, and output text), and previous work such as PromptSource (Bach et al., 2022) and SuperNatural Instructions [START_REF] Wang | Super-naturalinstructions:generalization via declarative instructions on 1600+ tasks[END_REF] did not provide structured annotations, as defined in section 3, but these can still be combined with acceptable efforts.

Preprocessed copies BIG-Bench (Srivastava et al., 2022a), BigBio (Fries et al., 2022), Natural and SuperNatural Instructions (Mishra et al., 2022;[START_REF] Wang | Super-naturalinstructions:generalization via declarative instructions on 1600+ tasks[END_REF], PragmEval (Sileo et al., 2022a), UnifiedQA [START_REF] Khashabi | Unifiedqa: Crossing format boundaries with a single qa system[END_REF], Tweet-Eval (Barbieri et al., 2020), DiscoEval (Chen et al., 2019b), Silicone (Chapuis et al., 2020), LexGLUE (Chalkidis et al., 2022), SetFit [START_REF] Tunstall | Efficient few-shot learning without prompts[END_REF] distribute preprocessed copies of the original data with standardized format.

Collections of preprocessings SentEval (Conneau et al., 2017), Jiant [START_REF] Pruksachatkun | jiant: A software toolkit for research on general-purpose text understanding models[END_REF], BLUE (Peng et al., 2019), MetaEval (Sileo and Moens, 2022a), CrossFit [START_REF] Ye | CrossFit: A few-shot learning challenge for crosstask generalization in NLP[END_REF], PromptSource (Bach et al., 2022) distribute the code required to jointly use some datasets with initially distinct structures. ExMix (Aribandi et al., 2022) is not released to our knowledge. The Muppet (Aghajanyan et al., 2021) authors did not release their preprocessing either.

Our work also pertains to extreme MTL (Aribandi et al., 2022;Aghajanyan et al., 2021) and dataset count scaling.

Structured dataset annotation

We define dataset parsing as the mapping of a dataset into a task template.

A task template is a type of task, like paraphrase detection, associated with a predetermined set of fields. For example, Paraphrase detection can be mapped to a task template PARAPHRASEDETEC-TION(SENTENCE1, SENTENCE2, LABEL)

A dataset is a set of examples with named and typed columns. quora is an example of a dataset hosted on the HuggingFace Datasets Hub [START_REF] Wolf | Morgan Funtowicz[END_REF], illustrated in Table 1.

A dataset parser for a specific dataset is a function that maps the whole dataset, or examples, to a task format, which can be PARAPHRASEDETEC-TION here.

As seen above, some benchmarks distribute harmonized datasets. This approach can save computations but can waste storage space, and make it harder to track all the design decisions that were applied to the original dataset. Users can also implement parsers themselves, or rely on external libraries to process examples on a restricted set of tasks. The previous preprocessings codes do not disentangle data and logic, and cannot be seen as semantic dataset annotations. This complicates the combinations of different preprocessing. Previous preprocessings also contain repetitive boilerplate code 5 .

We decompose dataset parsing logic from annotations with based on two observations:

(1) The fields of task type (e.g. SEN-TENCE1,SENTENCE2 for PARAPHRASEDETEC-TION can often be independently mapped to functions of dataset examples. Therefore, we can annotate a dataset with a task type, then annotate each field of a task type with a function that extracts the desired information from a dataset example.

(2) The field mapping functions are often selecting a column from examples: in that case, they can be annotated with the name of the relevant columns. Sometimes, as in the Quora dataset in Table 1, they are selecting a path from a nested structure: in that case, they can be annotated with a path. Fields can also be mapped to a constantsome multiple-choice question-answering datasets always use the first choice as the correct choice and have an implicit constant label equal to 0. A field can also be mapped to a concatenation of the text of different columns, which can also be annotated with parameters.

Tasksource dataset annotation format

Once a dataset is annotated with a task type, each field of the task type has to be annotated with a function that takes an example from the dataset and returns the intended part of the example. For brevity, we can annotate a field with a string s to denote the function lambda x:x[s]

The tasksource backend handles the annotations and turns them into harmonizing preprocessing. We consider 3 general task types:

CLASSIFICATION(TEXT1, TEXT2, LABELS) where LABELS has to be a function that takes an example and returns a class index. It can also return a float for regression tasks, or a fixed-size list for multi-label classification. TEXT1 takes a dataset example as input and returns the text extracted from the example. TEXT2 is optional and is here to leverage the fact that most text encoders process text pairs with special care. MULTIPLECHOICE(PROMPT, CHOICES, LA-BELS): CHOICES has to be a function that returns a list of text choices (the number of choices can differ across examples) extracted from an example. For concision, it can also be a list of column names to denote a list of textual choices already available in the example. LABELS has to return the index of the correct choice (most tasks have only one correct answer).

TOKENCLASSIFICATION(TOKENS, LABELS) where TOKENS takes an example as input and returns to a list of already split tokens, LABELS return a list of labels aligned to the tokens (i th label annotates the i th token).

We also provide 3 structured function factories to cover additional use cases while exposing their behavior with parameters. get enables to access nested objects. get.questions.text [0] For completeness, we also allow optional preprocess and postprocess arguments to a task type. They should be functions that take the full dataset as input and return a dataset. We found this feature to be necessary in a few cases where datasets had unusable labels (e.g. negative label indexes) that caused errors, or to edit the metadata of a dataset, like the name of the labels when it needs to be changed.

Tasksource annotations

We select English datasets available on the Hug-gingFace Datasets Hub. We only consider discriminative tasks (Classification, Multiple-choice, Token Classification). We crawled all the tasks tagged with the English Language, and the Text-Classification task type6 or Multiple Choice tag7 , as of January 2023.

As many tags are missing, to increase the coverage, we crawled the 1000 most popular datasets and used heuristics to identify discriminative tasks with labels with their fields names. We then ran a fasttext (Joulin et al., 2016) langid classifier to filter out untagged datasets with non-English text.

We only annotate datasets that do not require the user to manually download data or sign an agreement. We exclude datasets that require a particular library, with the exception of BIG-bench. We also exclude tasks where high accuracy is not desirable, such as bias probing tasks (Nangia et al., 2020) where accuracy measures bias, and tasks with input length that mostly exceeds 256 tokens.

We manually deduplicate the datasets which can be available individually or in benchmarks.

We also annotate the mapping between split names and train/validation/test splits. When the test splits are obfuscated (labels unavailable), we split the validation set and use half of it as a test set. Our goal is to reduce friction and individually submitting model test predictions to data owners can take a lot of time. When no split is available, we do a 80/10/10% split. We use a fixed 0 random seed. to help reproducibility.

Label handling was one of the pain points of the testing of the preprocessing functions. The tasksource backend preprocesses text labels to map them to integers.

The Table in Appendix A enumerates all datasets annotated in the current version of tasksource8 

Pretraining a model on tasksource

To demonstrate the potential of tasksource, we fine-tune a single deberta-base-v3 (He et al., 2021)9 text encoder on all tasksource tasks.

Following BERT (Devlin et al., 2019) standard setup, for token-classification tasks, we use a softmax classifier on top of the last layer encoded tokens to predict the token classes. For classification tasks and multiple-choice tasks, we use a classifier on top of the [CLS] sentinel token last layer.

We assign each task a different classification layer, but we tie the label weights (not biases) to each other if they are all identical.

We oversample datasets by a factor of 2 if they have less than 64k examples then cap dataset size to 64k examples to foster dataset diversity. We randomly sample a task for each batch with a frequency proportional to the capped training dataset size and we add a learnable task-specific sentinel token to the shared sentinel token. We drop the task-specific token 10% of the time to teach the model to also work without these task embeddings, to reduce mismatch when using our model with the vanilla DeBERTa architecture. We also noticed that this tended to improve general accuracy, since this forces cooperation across tasks.

We limit the number of choices to 4 for multiplechoice tasks, to limit redundant computations, as some datasets have more than 100 choices.

We use a learning rate of 3.10 -5 , a sequence length of 256, and a batch size of 24, with 16 accumulation steps to stabilize the multi-task optimization (Yu et al., 2020a). We did not perform hyperparameter optimization.

We used the tasknet10 library and a single RTX-6000 24GB GPU for 7 days (20k steps). Using tasksource with tasknet enables concise multitask training 11 .

Results

As of January 2023, an early version of our model ranks first among 3574 base-sized 12 model on the Model Recycling (Choshen et al., 2022) external evaluation 13 This evaluation comprises 36 representative English NLP tasks (Consisting of sentiment, NLI, Twitter, topic classification, and other general classification tasks), over 5 random seeds. These results are competitive with deberta-large models on GLUE. We did not observe any sign of overfitting yet which suggests that the network might still be undertrained.

Conclusion

We described a semantic, structured, concise, expressive dataset preprocessing annotation framework, which is associated with a parser and annotations, that can greatly facilitate new experiments for multi-task learning and improve reproducibility. We only scratched the surface of the potential of this generated task collection due to computational limitations. For future work, we plan to use tasksource to fully automate dataset parsing on new datasets with machine learning techniques to learn the parsing process. We also plan to work on a multilingual extension of tasksource annotations. 
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