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DEFINITIONS

An essay is a piece of text written in response to a topic, called a prompt.

Automatic essay grading (AEG) is using a machine to assign a score to the essay.

Zero-shot AEG is training a system to grade essays without using any target prompt
essays during the training process.

Cognitively Aided Zero-shot AEG is using cognitive information to help in zero-shot
AEG.




RELATED WORK

* Cross-Prompt AEG:

Machine learning approaches — Phandi et al. (2015), Cozma et al. (2018)
Deep learning approaches — Dong et al. (2016), Jin et al. (2018)

* Learning gaze behaviour:

Part-of-speech tagging: Barrett et al. (2016a), Barrett et al. (2016b)

Sentence Simplification: Klerke et al. (2016)

Readability: Singh et al. (2016), Gonzalez-Garduno and Sogaard (2018)
Sentiment Analysis: Mishra et al. (2018), Barrett et al. (2018), Long et al. (2019)
Named Entity Recognition: Hollenstein and Zhang (2019)

Automatic Essay Grading: Mathias et al. (2020)



METHOD

* Multi-task learning (MTL) is a machine learning paradigm where we use information
from auxiliary tasks to aid in solving a primary task.

 We use gaze behaviour for very few essays (Mathias et al. 2020) and use that data to
help in training a model to score other essays.

 In this framework, scoring the essay is the primary task, and learning the gaze
behaviour is the auxiliary task.



SYSTEM ARCHITECTURE

Embedding layer: Input is words, output is word
embeddings.
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ESSAY GRADING DATASET

Prompt 1 1783 Persuasive

Prompt 2 1800 Persuasive

Prompt 3 1726 Source-Dependent Response

Prompt 4 1770 Source-Dependent Response
Prompt 5 1805 Source-Dependent Response
Prompt 6 1800 Source-Dependent Response
Prompt 7 1569 Narrative

Prompt 8 123 Narrative

Total / Mean 12976 Multiple Types




GAZE BEHAVIOUR DATASET

e No. of annotators = 8

* Maximum words per essay = 250

Prompt 3
Prompt 4
Prompt 5

Prompt 6
Total




NETWORK HYPERPARAMETERS

Embedding Layer

Word-level CNN

Sentence-level LSTM

Network-wide

Gaze Feature Weights

Pre-trained Embedding
Embedding Dimensions
Kernel Size

Filters

Hidden Units

Batch Size

Epochs

Learning Rate

Dropout Rate
Momentum

Dwell Time

First Fixation Duration

IsRegression

Run Count
Skip




EXPERIMENT CONFIGURATION

1 essay set (Target Essay Set) is used for testing. Remaining 7 essay sets are used for

training and validation.

Evaluation Method: Five-fold cross-validation

Training and validation sets are split into 5 folds — 4 for training and 1 for validation.
Evaluation metric: Quadratic Weighted Kappa (QWK)

Testing set is evaluated on the best-performing model for the validation set.
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RESULTS

Prompt 1
Prompt 2
Prompt 3
Prompt 4
Prompt 5
Prompt 6

Prompt 7

Prompt 8
Mean QWK
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ANALYSIS

 We observe that the gaze data is helping in improved performance of the AEG
system, even though there are no target essay set essays present in training.

* The only prompt where this is not true is for Prompt 8 — which is a narrative prompt
with much longer essays compared to the other 7 Prompts.
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CONCLUSION & FUTURE WORK

» Using gaze behaviour, we are able to learn cognitive information which is useful for

grading essays — even when we have no essays from that prompt as part of the
training data.

* We see an almost 5% improvement when using gaze behaviour as compared to when we
don’t.

* In the future, we plan to extend our work to grading essay traits — like content,
organization, style, etc. — as well.
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