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( Problem

Transformers are great, but...

Engineered from the bottom up. Their
architecture remains largely heuristics-
driven—key components are arranged by
trial and error.

*Mysteriously redundant. Evidence that
representations are similar in the middle
layers of LLMs suggests a convergent layer
functionality.

*Mostly interpreted post hoc. Current tools
to interpret their inner workings (e.g., SAEsS,
circuit analysis) are mostly with hindsight—
hard to break the performance celling.
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A top-down approach by asking:

Can we find or design a function prior
that induces a model interpretable by
construction?

Our response: We think the answer is YES,
at least for a family of Transformers.

Main result: We introduce Hyper-SET, an
intrinsically interpretable Transformer
where every core component—from self-
attention to skip connections—emerges
naturally from a single, principled objective:

maximum likelihood estimation
on the hypersphere

_______________________\

v [

Conceptualization

SCHOOL OF
COMPUTING &
DATA SCIENCE

The University of Hong Kong

A

AT 5 F K

Shenzhen Loop Area Institute

A

ICLR

Intfernational Conference On
Learning Representations

EE

11 We begin by conceptualizing what effective representations should look like.
': We posit that token dynamics should satisfy two complementary properties:

11 - Semantic Alignment aligns tokens with learned semantic directions to
compress uninformative redundancy.
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Empirical Results
b) Image Classification
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(a) Sudoku training dynamics.

c) Energy Evolution

(b) Sudoku test-time extrapolation.

Energy Descent positively correlates with increase in accuracy
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