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1. Introduction 2. Methodology 3. Annotation Task

Word: 1841 and the associated sentences are:
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o What are the novel concepts learned by the model: 1818 ;P[l[ l . © 142 (75.9%) can be combined with the sibling
o How much do these latent concepts align with pre-defined linguistics concepts? - D e to form a bigger meaningful cluster (Q2)
Sibling's id: 323 Is the cluster meaningful?
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e We annotated latent concepts in BERT and provide a multi-facet hierarchical conceptNet o Given a pre-trained model and a corpus of sentences 18712%9511886%91 890 - e . :
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5. Annotated Dataset 6. Analysis

The annotation task preserves the concept hierarchy. | The multifaceted nature captures diverse information. monkmoleth n o e Rbino beetle s hounds ben e Lexically similar but semantically different clusters based on the | ® Cluster shows potential biases present in the training data
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/. Alignment with pre-defined Concepts 8. Unaligned Clusters
e How much do latent BERT concepts align with pre-defined concepts ? Evolution of Concepts Across Layers e Lower layers encode the lexical and meaning-related knowledge What do the unaligned clusters represent?
e Training data is annotated with pre-defined concepts . _ _ e The encoded concepts evolve into representing linguistic hierarchy, in Compositionitonal clusters:
_ . . . _ . . " (a) Lexical (b) Morphology and Semantics (c) Syntactic _ . . . _ . .
e A latent cluster is said to be aligned with the pre-defined concept if >=90% of its £ 10 10 1.0 the higher layers, taking contextual information into account o Figure (a) Verb forms and (b) Singular/Plural Nouns
: L: M . . . . . . 1 1 . Ei
tokens belong to the pre-defined concept s D 08 2 e Higher alignment with lexical concepts (e.g. suffixes) in the lower Unaligned but explainable: Figure (c) Compound Words
8 06 06 0.6 Uninterpretable Clusters: Figure (d) No meaningful relation
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To expand the manually annotated data: Algorithm 3 Concept Prediction with Logistic regression Application of BCN for Neuron Interpretation e We used Linguistic Correlation Analysis from the NeuroX s
: _— . I t: Xirain = word representations for train data, Yi,qin = cluster : : : : : . . . voice:over offstage ssrislitherclambering .
e We trained a logistic classifier on the PR S bans = WORC SORRGIENVAONS 08 WA ol Jerain — CHUHUEE e Discover neurons learning a pre-defined concept toolkit to identify minimum number of neurons required for co-hosting - Patvecpart ding™
id from Algorithm 1, X,.,; = word representations for test data,  costarring co-presenter i
annotated concepts Parameter: ¢ = probability threshold e BCN provides fine-grained concepts e.g. person names are the concept AN cog)recte§|gl°ff 3 Centre-stage F:hggﬁgx;g S:‘i‘trlé“nuc?d*t;;k;;?Ysagg;;ea;
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® Predict the cluster id of new tokens from a 1: ¢ = unique cluster ids from Yi,.44r split into finer categories based on geography e \We found only 19 neurons were required for the concept . Mc,lgngnel’soﬁ}’e‘tppa“ =t gwrgg‘”&ﬁ“g‘;‘{é%“gglmg: >
| 2 \[ — train Logistic Regression model on Xyqin and Yirqin | fi . . i i g ired f h two- parton All oo m“"%“ P Wriggle _é’
arge News data . for each z € Xooer do ® Select a fine-grained concept; muslim names and a coarse muslim names compared to 74 required for the concept co-creator 50 g;}j%gd%h;g%gvea):gaggng
e We only select g prediction when the classifier 4:  p = predict K probabilities for cach cluster using M and input x concept person names person gChUlg’;DSgwkp = COSYINS
: o : : . 5: 1 = argmaxp : : - ' :
is 97% confident about its prediction 6 i e e I|dentify the neurons responsible for each concept e Therefore, this shows that BCN helps enable selection of (c) Compound Words (d) Uninterpretable
e BCN consists of 174 concept labels and a total 7: assign x to cluster id ¢; specialized neurons responsible for very specific aspects of
of 1M annotated instances o el language
9: end for

Acknowledgements: This research was carried out in collaboration between the HBKU Qatar Computing Research Institute (QCRI) and the Stevens Institute of Technology (SIT) -- * denotes equal contribution




