
LING5702: Lecture Notes 18
Transformers and Memory
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18.1 Transformer problem w. veridical context memory [Clark et al., 2025]
Transformers have perfect memory of context, but people don’t.

Would Transformers work better if they had memory decay/interference?

We regressed AliBi [Press et al., 2022], which downweights far attentions:
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where different heads h get different values of m = 2−8h/H.

Evaluated ALiBi recency bias w. 2-layer 4-head 256-dimension Pythia on:

• Brown [Smith & Levy, 2013]: SPR, 35 subj, 7,188 wds.

• Natural Stories [Futrell et al., 2021]: SPR, 181 subj, 10,256 wds.

• UCL [Frank et al., 2013]: SPR, 117 subj, 4,957 wds.

• GECO [Cop et al., 2017]: eye-track (go-past), 14 subj, 56,441 wds.

• Dundee [Kennedy et al., 2003]: eye (go-past), 10 subj, 51,501 wds.

• Provo [Luke & Christianson, 2018]: eye (go-past), 84 subj, 2,746 wds.
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The fastest-decaying heads attend to arguments (more interference?):
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The second fastest attend to coreference (less interference?):
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18.2 Transformer problems with procedural memory [Oh & Schuler, 2023]
Transformers are trained on billions of words (= hundreds of years).

Would undertrained models be more human-like?

Use undertrained Pythia checkpoints [Biderman et al., 2023]:

LMER, SPR (each step is 2 million tokens).
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LMER, eye-tracking go-past (each step is 2 million tokens).
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