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There are genuine points of overlap between headwise transformations in
Transformers and human language processing. Both involve context—sensitive
operations. Meaning is not fixed in isolation. It is shaped by surrounding
linguistic context. The attention mechanism in Transformers captures this
dependency explicitly. Similarly, human language comprehension involves
predictive and integrative processes. The brain continuously updates word meaning
based on prior context. Empirically, the paper shows that headwise




transformations predict brain activity in language regions. This suggests a
functional alignment, at least at the representational level.

However, the differences are fundamental. Transformers process all positions
in a sequence simultaneously. The human brain processes language in real time,
in a strict left—to—right temporal order. This is not a minor implementation
detail. It reflects a different computational logic entirely. Transformers have
no intrinsic temporal dynamics or memory limitations. The human working memory
system imposes hard constraints on integration distance. Moreover, human language
processing 1is grounded in embodied experience, social interaction, and
sensorimotor systems. Transformer representations are derived solely from
distributional statistics over text. There is no referential grounding, no
pragmatic intent, and no communicative goal.

A further difference lies in learning. The brain acquires language through
developmental interaction with a social environment. Transformers are trained
by predicting masked or next tokens in text. These are structurally different
optimization pressures. Functional similarity in the final representational
space does not imply mechanistic equivalence. The overlap observed in encoding
models may reflect shared solutions to a shared computational problem. But it
does not mean the underlying processes are the same.
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Several advances are needed to deepen the comparison between Transformers and
the human brain. Current encoding model approaches are a useful starting point.
But they have important limitations that should be addressed directly

First, the field needs causal rather than purely correlational methods. Showing
that Transformer representations predict brain activity is informative. It does
not show that the brain uses those representations. TMS and lesion studies can
test whether disrupting a specific brain region selectively impairs computations
analogous to particular attention heads. This kind of intervention evidence is
currently missing.

Second, temporal resolution must be improved. Transformers process sequences
in parallel. The brain processes language over time. EEG and MEG provide the
millisecond-level temporal resolution needed to trace this unfolding. Combining
mobile EEG with naturalistic speech stimuli would allow researchers to track
which transformer layer best predicts brain responses at each moment 1in
processing.

Third, the comparison should move beyond text to spoken and multimodal
language. Current Transformer models are trained on written text. Human language
is fundamentally spoken and embedded in social interaction. Speech Transformers
and visually grounded models offer a more biologically plausible basis for
comparison.

Finally, individual differences and developmental trajectories must be
incorporated. The brain’s language system varies across individuals and changes
with age and experience. Comparing different Transformer architectures and
training regimes against these differences could reveal which properties of the
model are genuinely brain—-like and which are artifacts of large-scale text
training. This would move the field from analogy to mechanistic theory.




