=PrL

o8 ICML

Incremental Learning of Sparse Attention Patterns in Transformers

Oguz Kaan Yuksel - Rodrigo Alvarez Lucendo - Nicolas Flammarion

International Conference
On Machine Learning

Task. High-order Markov chain Theory. Saddle-to-saddle dynamics

- 1 1 ATTENTION Position-only TASK Gaussian z, - Orthogonal V;*
OO0 - Attention heads specialize: TENTION o o Soalenly | TASK_ Gasslns,Orbhogona

| I ° LOSS Square on the last-token DYNAMICS Gradient flow
> ¢ ¢ bec Led | first compete, then cooperate i Bl —sra R

2

J

Reduces to a tensor factorization with adaptive preconditioner:
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learning features one by one

© (V,,s,) ~ (V,s) forall k (symmetric init)

(V,8) = (miV*/h, s7)

1. Past positions split into groups (1), 7(2), 1(3) with feature matrices A7, A5, A%
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The model needs one sparse attention pattern per group: 3%2‘ ig ig ig Fast-slow dynamics. The ensemble moves faster: V, = V = argmin,, L(V;V}, s,).
do heads specialize from the start, or coordinate somehow? 1 ¥ ¥ ¥ . K
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Aj = group-k feature matrix - I(k) = positions in group k - «; = within-group weights Key Positions Key Positions Key Positions Key Positions

Each head has its own color (blue, orange, green); overlapping heads mix colors.

Experiments. Compete - cooperate transition

Mechanism. Position-only attention heads
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© Heads race to the most important pattern o — 4 e
coupling via near-symmetric init
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Saddle'tO'Saddle dynamics KL-divergence staircase — full-model training against a teacher (left) and a learned target (right).
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© The rest cooperate with the offshoot
Head 1 Head 2 Head 3 features offset transient attention shifts
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Special case: |I(k)| = 1 = copying circuits, which compose into induction heads. E KOO X Time Time Time

Simulated regression ODEs — per-head attention on positions I(1), 1(2), 1(3) (top) and per-head

p, = positional embedding of position i . o . .
features Ay, A%, A% (bottom), over time. Full transformers exhibit the same stage-wise dynamics.



