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Summary
> Motivation: Inflexible Intent Schema

o Intents are usually predefined and inflexible to expand and transfer across domains and genres, where re-designing a semantic
schema with intents for different domains or genres requires human effort for annotation and model re-training.

» Approach: Learning Intent Representation

o Applying CDSSM to learn high-level semantic representations to bridge the semantic relation across domains and across genres for

intent expansion and actionable item detection tasks respectively, (e.g. “find movie” and “find weather” belong to different domains, but
they share the semantics about “find".)

> Result

o CDSSM is capable of generating more flexible intent embeddings to remove the domain constraint in dialogue systems for intent
expansion. The intent embeddings can also be transferred to different genres, showing the robustness to genre mismatch.

Convolutional Deep Structured Semantic Models (CDSSM)

> M d I A h- Shen et al., “A latent semantic model with convolutional-pooling structure for information retrieval,” in CIKM, 2014.
ode rchitecture Huang et al., “Learning deep structured semantic models for web search using click through data,” in C/IKM, 2013. 4 ~
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Intent Expansion

Actionable Item Detection

* For each utterance vector y,,, the semantic similarity can be estimated

* This task investigates actionable item detection in meetings
using vectors for both seen and unseen intents.

(human-human genre), where the intelligent assistant dynamically

» The unseen intent vectors can be generated from CDSSM by feeding provides the participants access to information (e.g. scheduling a
the tri-letter vectors of the new intent as input without model re-training. meeting, taking notes) without interrupting the meetings.
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