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Appendix A. Distributions of ∆t across Training Runs

Figure A.1 reports the distribution of the ∆t parameters before and after each of the ten
training runs (decomposing the leftmost panel in Figure 5).
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Figure A.1: Histograms displaying the initial (blue) and final (orange) values of ∆t. Each
panel presents the distributions obtained from one of the ten training runs with
different random seeds.

Appendix B. Associative Recall

This section investigates the primacy effect in a more advanced task—associative recall
(Fu et al., 2023)—compared to the binary memory verification. Similar to the memory
verification setup, the associative recall task first presents a sequence of random tokens
(study items) to the model, followed by a shuffled version of the same sequence (excluding
the final token; Figure B.1).1 Unlike the verification task, however, none of the shuffled

1. In the original formulation of the associative recall task, the model is presented with a single query token
sampled from the study items. This study extends the task in a more empirical setting, requiring the
model to recall multiple pairs of precedent and successor tokens within a single sequence.
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Figure B.1: Schematic illustration of the (extended) associative recall task.

query tokens are replaced with distractors; instead, the model is required to return the
immediate successor of each query token. For example, given study items (8, 29, 2, 17) and
queries (2, 8, 29), the correct outputs are (17, 29, 2).

Despite its apparent simplicity, previous work has shown that the ability to recall the
successor of previously presented input tokens is a meaningful indicator of language models’
capacity (Olsson et al., 2022; Fu et al., 2023; Gu and Dao, 2024). As such, investigating asso-
ciative recall helps bridge the primacy effect observed in SSMs with real-world applications,
particularly in language modeling.

Model and task hyperparameters were manually tuned to ensure that overall accuracy
remained suboptimal. Specifically, the length of the study items was set to L = 96, and the
vocabulary size to K = 128. The number of latent channels in the SSM (also equal to the
dimensionality of the input embeddings) was set to 1024. All other hyperparameters were
identical to those used in the memory verification task (see §3.1).

Figure B.2 shows the SSM’s accuracy on the associative recall task. The model exhib-
ited higher accuracy for initial study items compared to terminal ones (vertical differences),
despite overall retention being less persistent than in the memory verification task (hori-
zontal declines). Besides this general trend, the model also appears to have learned delayed
reconstructions of input sequences, as evidenced by the diagonal patterns observed in the
heatmaps. This behavior may reflect a statistical property of the adopted task; input-output
distances of length L occurred more frequently than either shorter or longer dependencies
during training (see Footnote 6 in the main text).
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Figure B.2: Accuracy of the associative recall task performed by the SSM (S4) under dif-
ferent parameter configurations. Each cell in the square heatmaps represents
the accuracy (or the recall score) for study items (target successors) that were
presented at the time indexed by the corresponding row and queried at the time
indexed by the corresponding column. The top separate row and the right sep-
arate column display the average accuracy across memorization times (rows)
and recall times (columns), respectively. The state and input matrices of the
SSM were initialized to approximate the latent dynamics of input sequences us-
ing the Legendre (A,B), Laguerre (C), and Fourier (D) polynomials. The state
and input matrices were optimized for the task in panel A, and remained fixed
at their initial values elsewhere. The discretization step size ∆t was initialized
in the range 0.001 ≤ ∆t ≤ 0.1. The length of study items was set to L = 96,
and the vocabulary size to K = 128.
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