Overview Implicit mechanisms for symbol manipulation in RNNs

* The puzzle: How do recurrent neural networks Aditya Yedetore and Najoung Kim
(RNNs) use continuous processing mechanisms Boston University

to perform symbol manipulation? {yedetore, najoung}@bu.edu
* Finding 1: RNNs trained on symbolic tasks

implicitly implement Tensor Product Operations
on Recursive Tensor Product Representations
* Finding 2: The processing mechanisms of the

RNNs explicitly reference Recursive Tensor Symbol Manipulation Hypotheses Structure .Sens.ltlv.e. Processing
Product Representations A hypothesis for how an RNN performs copying * GRU equations, simplified
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* Aprincipled method for representing symbolic
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and the role, and (4) aggregate the
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* A method for implementing symbolic processes in 1 L@,
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* Introducedin (McCoy 2020) 8 (R
* Goal: Approximate an RNN'’s learned encodings (2) W
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* Evaluation: Pass the model’s output to the RNN
encoder, then the encoder’s output to the decoder
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* |mplementation of Unstructured Roles , , ,
- trained on symbol manipulation tasks can be
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* The processing of the models is (at least

* Implementation of Structured Roles (Recursive) sometimes) a function of the Tensor Product

P U w Tttt bt racesing s Representations that the models use.
v | LD uR | Lu Rw | w * Tensor Product Decomposition with structured
v (LY | LW uR? LuR |L% R*W |RW | w \ role schemes allows us to test hypotheses
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