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OUR BROAD QUESTION:

How do deep sequence models

Shahriar Noroozizadeh*

We identify and contrasttwo competing forms of
parametric memory in sequence models
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FINDING 2: Unlike associative memory, geometric memory
has synthesized novel global information
not explicit in training data. This aids reasoning,
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Edge Memorization Examples
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In-Weights Path-Star

PROMPT:
adjacency list of random
path-star graph

Train on 50% of paths
and test on the rest.

Memorize the edges of a
fixed large graph into the
weights

TARGET: start —goal path

DEEP SEQUENCE MODELS TEND TO MEMORIZE GEOMETRICALLY;

*Carnegie Mellon University

IT IS UNCLEAR WHY.
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OPEN QUESTION 1: THE MEMORIZATION PUZZLE

Why does the model memorize geometrically rather than associatively,
even when there’s no obvious training pressure to do so?
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@ INSIGHT:

“Global” geometry
1s the top spectrum
of adjacency matrix.
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Geometric Memory

Node2Vec
(Explicitly non-Associative)
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- We then pose
foundational open questions:

Transformer
Learned Embeddings

EMPIRICAL
OBSERVATION:
2-layer model
(right) gives us
cleaner geometry

than
Transformer.
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e Why does the model memorize
geometrically rather than associatively?
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| OPEN QUESTION 3: Wide 2-layer |
| models under cross-entropy loss |
implicitly has a low-rank spectral

e How do we explicitly control the model

memory to choose a mode of storage?
OPEN QUESTION 2: How to make

Transformer memory more geometric?
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