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Challenges

Abstraction

[y O Autonomous exploration in a file system given
] [fory Privacy natural language queries
= m * Proprietary data * Locate, modify and execute the correct files
 Local model ‘
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We focus on file locating in this work

 What is the fallback method for X if
there is no Y?

« Document « Document retrieval

 Database files * Draw a map colored by employee

TR salary.

* Coding, database query

Given a repository
« Code

Fine-tune a local, small language model

Cost * Privacy, cost

 Smaller model
* Shorter prompt
 Faster response

Contextual reinforcement learning
* Find shortest path given context (query)
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Action Generation

e Enumerate function

a(A(S)) = (1,415 2, a5 ...)
* Qutput only choice number
* Reduce lm_head size

OpenAl Gym’s Taxi in text
* More challenges
* |nvalid pickup / dropoff kills the game

» Time complexity: O(|s|* + Xyeq(s)lal?) o7 « Bumping into wall kills the game
* |A(s)| times faster than SayCan! —
. 2 & ALFWorld
POIlCY Agent » Navigate in a text environment to
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complete a given goal
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Iters Iters

. Iters
* Gradually increase depth for

AutoExplore
* Extra pickup reward for Taxi

Ablation on curriculum
learning (and reflection):
Success rate of Taxi dropoff

Ablation on reflection:
Success rate of Taxi pickup

Ablation on negative data:
Success rate of AutoExplore
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