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Motivation

Recent progress has seen an explosion in dialog systems, including Voice

activated bots [such as Sirl), text based chat bots (such as those on Slack), and
Email-based bots for scheduling meetings (such as X.ai). The prevalence of

’ such personal assistants continues to grow, however far too often thede
so-called intelligent agents fall short of expectations. Conseguently, the goal

of this project is to study various dialog agents across a variety of tasks:
o (Croigslist - buy or s&ll an item on Craigslist for highest price possible
e Depl or No Deal - negotiate for points from shared pool of items

®  Open Movies - discuss anything about movies with another user

e Mutuwal Friends - two agents collaborate to identify a common friend
We find that rules-based methods often perform quite well and pinpoint

strategic areas of improvernent for neural-based goal-oriented systems.
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Databases and Scraping
a In addition to Mechanical Turk, some tasks required

merging data from a variety of databases, scraping
websites, and manual entry, For example, data on
- ! popular movies was an aggregation of data from IMDE,
= - o Kaggle, Rotten Tomatoes, and Amazon movie reviews

e Cralgalist Deal or Open Mutwal
' S — Negotintion Mo Deal Movies Friends
|
wum Ovaiogy 682 12,234 1680 11,157
Iu.. A Mo Messnges 7.39 4 98 10.58 11.41

Results

survey Responses

Task Rule-based  Newrol-based Human Oracle Stanstic
Craigslist D.73 0.61 1.34 1.0 avg. sale price
Deal or No Deal 8.7 7.1 7.4 10 points
Dpen Mavkes 1.5 34 4.8 5.0 humanlikeness
Mutmal Friends 90% 9% 82% 100% suCCess rate
Deal or Mo Deal 20.9 Iy 89.4 100.0 % agreement
xample Dialogu
Agent Utterance Intent Entity
1 Hello, there. bet's talk about mowhes)| Greet
2 Witat m yor lavarnte comeshy ? et Grerare
l e Ghastbesters all of them Ind Titk:
2 Bill Murrey i 4 begend I it Actor
l yes b iz, | don't Bke the remakes though O
r dion 't sther, | plan like the "monty python™ ones I Tithe
1 groat adea, | shoabd watch those again. Great chatting with you Clacing

Deal or No Deal
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Seq2Saq model with LSTMs
and an attention mechanism
to better keep track of user
belief states during discourse

Combined

For all tasks, the newral based
modets all employed some
variant of an encoder to
capture the user s intent and
a decoder for generating the
agent's final output. Similarly,
all the rule-based models
follow a 3-step framework of
tokenization, parsing and
template retneval
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The lexer tokenizes the raw The parser analyzes the Gererates agent responss

utterance and identifies the deakog tokens Lo uncover by selecting fram a s=t of

logical forms in the dialog. the user's intent, such as templates labeled by the
For examgle, it finds the l::" Greet, Inquire or Accepd. |:.|> parser, based on the user
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Mowie Discussion task.
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Results show rules-based systems following a standard framework 15 sufficient for performing
well across & variety of dialog tasks. This is accomplished with a few strategic insights:
® Most discussions can be understood by tracking a limited number of key entities, so if
the right items have been identified, then the agent is able to ignore most other items
& Difficulty of open domain discussion can be mitigated by driving conversations into
“safe rones” where the agent has better understanding
& Context is critical to conversation, but can be tracked with very small number of states
Using a framework suggests that gains do not come from crafting copious amounts of rules.

Iakeaways

Context and key entities are important for generating meaningful dialog, and thus improved
neural based bots should work to be incorporate this knowledge when making decisions

Future Plans

Incorporating Context: Given the analysis of results, an obvious next step is
exploring what happens when the neural systems have a chance to directly
incorporate past context. Historically, keeping track of explicit belief states
meant modular training, but we might be able to work this now wusing RL.

Reinforcement Learning: Concretely, the value function should give high
rewards correct interpretations of the user intent. In contrast, Facebook's
model optimired for maximizing points rather than understanding the user.
Further gains may be achieved by directly requesting feedback from the user.

Humaniikeness: All the tasks implicitly placed more value in agents that

behave in a human like manner. However, what if real-life users don’t mind
dealing with a bot as long as the agent effectively solves the user’'s problems
Knowing how important humanlikeness i helpt prioritize how bots are built.,
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