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Abstract

This study demonstrates an alignment of per-
word processing time in a popular state-space
language model Mamba and human readers. In
Mamba, the recurrent state transition at each
layer conceptually takes some duration of time,
the discretization timestep A4, determined dy-
namically in response to the input. Using a
naturalistic reading dataset, we show that the
per-word timestep from Mamba is a significant
predictor of human reading times, and remains
significant even when known predictors such as
GPT-2 surprisal are controlled for. We further
suggest, through formal analysis of Mamba’s
architecture and internal dynamics, that Mamba
can serve as a new, valuable lens to look at hu-
man real-time language processing with ever-
updated memory, because it allows us to look
at how each module (layer) weighs short- and
long-term information retention, and how noise
may interact with dynamic, continuous mem-
ory representation. Code is available online. '

1 Introduction

Human language inherently unfolds over time. In
the rise of fluent artificial large language models
(LMs), it has become interesting to ask how time
may be represented in (unidirectional variants of)
them, and how their time is related to temporal
dynamics of language processing in humans.
Mamba (Gu and Dao, 2024), a popular archi-
tecture among LMs based on a state-space model
(SSM), is interesting in this respect, since it has a
notion of internal timesteps, which modulates state
transitions in response to input. SSMs represent
sequential data as continuous state transitions and
are characterized by their ability to handle long-
range dependencies in a stable manner. Among
them, Mamba is designed as a selective SSM that
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Figure 1: Illustration of discretization of a continuous-
time state transition h(¢) using the input-dependent
timestep A;.
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Figure 2: Discretization timesteps A; of each of the 24
layers of Mamba-130M, in response to the first five sen-
tences from the Natural Stories Corpus. “¥” indicates
the beginning of a sentence.

dynamically modulates state transitions by chang-
ing the size of timesteps in response to the input,
offering greater flexibility than other SSMs that
assume fixed transition dynamics. As illustrated in
Figure 1, this property enables the model to imme-
diately reflect changes of context and importance
of particular input in its internal states, allowing
adaptive representation learning even for data with
complex and non-stationary structures.

In this study, we demonstrate a word-level align-
ment between Mamba’s internal timesteps and
human processing time. After establishing that
Mamba’s internal timesteps can be seen as pro-
cessing time (§3), we show that the sizes of the
timesteps that Mamba assigns to each word in a
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naturalistic corpus is predictive of the time that
human readers spend on each word (§4). The per-
formance of the best-performing layer is compa-
rable to that of GPT-2 surprisal, a variable known
to be a powerful predictor of human reading times,
and remains significant even when GPT-2 surprisal
and other known predictors are controlled for. We
also conducted formal analyses looking into how
Mamba’s architecture and internal dynamics pro-
cess language over time, and argue that the model
can serve as a new, valuable lens to look into human
real-time language processing with ever-updated
memory (§5). Specifically, we observe that the
model’s transition matrix eigenspectrum specifies
a different degree of memory retention ability for
each layer, enabling the entire model to process
both short- and long-term information. We also
theoretically show that the size of the timesteps
corresponds to uncertainty in state transition, and
suggest that this offers a new insight into noisy
language processing.

2 Preliminaries

2.1 Mamba

We provide an overview of Mamba; for further
details, see (Gu and Dao, 2024).

Mamba is a popular state-space model (SSM)-
based language model. Unlike Transformers,
SSMs do not process the entire sequence simul-
taneously but instead handle input and output recur-
sively and sequentially on a word-by-word basis,
in a similar fashion to RNNs and human readers.
Because SSMs are recursive, a naive implementa-
tion would require computation time proportional
to the input sequence length. However, since the
hidden-state update equations of SSMs contain no
nonlinearities, the model can be accelerated us-
ing parallel scan algorithms (Blelloch, 1990), mak-
ing large-scale language model training feasible.
Mamba, one of the representative state-space mod-
els, as well as Linear Attention (Yang and Zhang,
2024) models that also employ linear state updates,
are employed in the development of highly efficient
large language models (Zuo et al., 2024; Preferred
Networks et al., 2025; Kimi Team et al., 2025;
Blakeman et al., 2025).

Mamba has multiple layers (for example, the
Mamba-130M model used in the current experi-
ment consists of 24 layers?). Each layer incor-
porates a discretized form of a state-space model.

Zhttps://huggingface.co/state-spaces/mamba-130m-hf

While state-space models are defined as differen-
tial equations in continuous time, they are approxi-
mated as difference equations in discrete time when
applied to real data, particularly discrete data such
as language (Figure 1). In standard discretization
procedures, a constant discretization timestep A
is used regardless of the time index ¢; in contrast,
Mamba assigns an input-dependent discretization
timestep /\; to each timestep .

The discretization timestep A, acts as a gate in
each layer of Mamba, governing memory reten-
tion and forgetting. Below, we formally explain
this by referring to the specific update equations of
Mamba. Given an input 2; € R? Mamba applies
the following equations independently to each ele-
ment xy; of x; in parallel d times, and outputs the
vector y; € R? obtained by collecting the result-
ing outputs y;. Mamba consists of two equations:
one updates a component called the hidden state
h; € R", which corresponds to memory, using the
input z¢;, and the other generates the output yy;
from the hidden state h;:

hi = Athy_1 + By (D
yti = Cthy + Dxy;. (2)

Here, the state transition matrix A; € R™*™ and
input matrix B; € R™ !, which represent the
weights for memory and input in the state update
equation, are defined as follows with an input-
dependent discretization timestep A; € (0, oo):

A = exp(AA) (: exp(A)At) 3)
Et = AtWBSL‘t (4)
Ay = log(1 4 exp(Wax: + ba)). ®))

As can be seen from the above equations, the dis-
cretization timestep A; plays an important role in
modulating the weight coefficients for memory and
input. For example, when A; is large, the elements
of the matrix A; approach zero, ® thereby reduc-
ing the influence of the previous memory h;_;.
At the same time, the absolute values of the input
weight coefficients B; increase, strengthening the
influence of the input z;.*

*In Mamba, the transition matrix exp(A) is implemented
to be diagonal, with elements constrained to lie within the
range (0, 1].

4C0nversgly, when A; is small, that is, close to zero, the
elements of A; approach one and those of B; approach zero,
preserving the previous memory h:_; while discarding the
input x;.
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2.2 Reading Time Modeling

Reading time modeling is a research approach that
aims to quantitatively identify factors contributing
to cognitive load during sentence comprehension
by explaining variations in the reading time that
readers spend reading each word in a text. Read-
ing time is considered to reflect comprehension
difficulties and information processing complexity,
and psycholinguists have attempted to identify fac-
tors contributing to cognitive load by statistically
analyzing its variation. Many previous studies in
this approach use naturalistic reading time datasets,
which are collections of reading time data from
tens to hundreds of participants reading naturalis-
tic texts (e.g. Demberg and Keller, 2008; Wilcox
et al., 2023). The data is modeled by some regres-
sion models that contain the variable of theoretical
interest plus control variables that are known to
affect reading time, such as word length, lexical
frequency, syntactic complexity, and contextual
predictability. The significance of an explanatory
variable suggests that the variable correlates with
language processing difficulty, leading to a con-
structivist understanding of which information is
crucial for reading comprehension.

Most studies interested in the relation between
large language models and human reading today
use the next word probability to link the models and
reading times. The surprisal theory (Hale, 2001;
Levy, 2008) predicts that the processing cost of
word w given the preceding context C' is propor-
tional to —log p(w | C'). The combination of the
Transformer architecture and the surprisal theory
has proven successful in reading time modeling for
naturalistic texts in many languages (Wilcox et al.,
2023). Studies have also found, however, that mod-
els that are better from an engineering perspective,
with more parameters, lower perplexity, or larger
context window, are not necessarily better at pre-
dicting human reading times than smaller models
(Oh and Schuler, 2023; Kuribayashi et al., 2022,
2021). While these studies seek a link between
models and humans at the computational level in
the sense of Marr (Marr, 1982), other studies seek
to link Transformers and humans at the algorithmic
level, e.g., comparing the attention mechanism to
the memory retrieval mechanism in humans (Ryu
and Lewis, 2021; Yoshida et al., 2025).

The current study explores yet another approach

to reading time modeling, with a different type of
model (Mamba) and a different linking hypothesis

(intepreting A; as processing time) than the stan-
dard combination of Transformer and surprisal.

3 Discretization Timesteps of Mamba as
Word Processing Time

We describe that the discretization timestep A4 cor-
responds to the “processing time” of word ¢ and
that this quantity adapts to the input.

Notably, the input-dependent discretization
timestep A; (Eq. (5)) in the language model
Mamba can be interpreted as the implicit “process-
ing time” involved in state transitions in continuous
time. Typically, in the discretization of differential
equations, the time evolution in continuous time is
approximated using a predetermined fixed step size.
In contrast, in Mamba, when modeling continuous-
time state transitions as discrete recurrence rela-
tions, the time is discretized into timesteps whose
length varies depending on the input to each to-
ken (Figure 1 and 2). In other words, how long it
takes to update the state is controlled by the input
tokens.

Mamba potentially captures the processing
time allocated to each token through the input-
dependent discretization timestep A;. Mamba does
not process each token on a fixed time scale; in-
stead, it dynamically adjusts the timesteps A; ac-
cording to the nature of the input tokens. For ex-
ample, when the timestep 4, is larger, the model
continues its time evolution over a longer period
while holding the same state. This can be inter-
preted as a mechanism that adjusts the processing
time based on the input. This property is func-
tionally analogous to reading time, where humans
pause longer on words or contexts that require a
higher cognitive load during comprehension.

4 Mamba’s Timesteps are Predictive of
Human Reading Times

The current experiment investigates whether
Mamba’s “processing time”, A, is predictive of
human word-by-word reading times, and whether
its predictive power is beyond that of other known
variables.

4.1 Settings
4.1.1 Datasets

We used two reading time datasets.

Natural Stories Natural Stories (Futrell et al.,
2021) consists of data from 181 native speakers of
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English reading 10 stories (10,245 words in total)
using the self-paced reading method (Just et al.,
1982). In this method, one word is presented at a
time, and participants press a key to proceed to the
next word; no backtracking is allowed. The reading
time for a word refers to the duration for which the
word is displayed.

OneStop OneStop (Berzak et al., 2025) (the “or-
dinary reading” subset) consists of reading time
data from 180 native speakers of English reading
30 articles using the eye-tracking-during-reading
method. The articles come with the original “ad-
vanced” version (19,428 words) and the simplified
“elementary” version (15,737 words); both were
used in the current analysis. We analyze first-pass
time (the time between the entry to the region and
the first exit to the left or right in the first pass) and
regression-path duration (the time between the first
entry to the region and the first exit to the right),
since they can be seen as conceptual counterparts
of Mamba’s A;: they reflect the processing time
before any information from the right is accessed.

4.1.2 Predictors

Discretization timestep The discretization
timestep A; was taken from Mamba-130M and
Mamba-2.8B. As described in §2.1, the update
equation (1) in Mamba is applied in parallel across
d dimensions, so the discretization timestep is
obtained as a d-dimensional vector A;. In the
reading-time modeling analysis, we take the aver-
age Ay = > .(Ay); to aggregate the discretization
timestep into one scalar for each layer and each
timestep, and it was further aggregated at the
word-level by taking the maximal value, when the
word was analyzed into multiple subwords.

Control predictors Besides A;, we included the
following as control variables: the number of char-
acters in the word, corpus frequency of the word,
position of the word in the sentence in the story,
Mamba surprisal, and GPT-2 surprisal.’

4.1.3 Regression analysis

The three reading time metrics (one from Natu-
ral Stories and two from OneStop) were modeled
separately. The dependent measure was the by-
token reading time, obtained by taking the mean
residual reading times from a linear mixed model
log(RT) ~ 1+ (1| participant).

SThe GPT-2 surprisal values were calculated using the
code provided by (Oh and Schuler, 2023).

In each analysis, linear regression models were
fitted to the reading times and evaluated by 10-fold
cross-validation repeated 50 times. The predic-
tive power of the models was quantified by their
per-word mean squared error (MSE) of their pre-
diction for the unseen data. The predictive power
of a particular variable of interest was evaluated by
comparing the MSEs of two models with and with-
out that variable using the permutation test with
a = 0.05. Since we test each layer separately,
p-values were adjusted for multiple comparisons
by the Holm method. Linear models predicting
RT; at word w; included variables associated not
only with w; but also with w;_» and w;_1 to cover
spillover effects, i.e., delayed reading slowdown ef-
fects due to the cost of preceding words, observed
in many reading studies (Wilcox et al., 2023).

We considered four kinds of regression models,
which ask different questions:

« Without any control variables: Does A; align
with human reading times?

* With low-level (i.e., non-surprisal) variables:
Does A; explain variance not explained by
low-level features of the linguistic stimuli?

* With low-level variables and Mamba surprisal:
Does A; explain variance even when pre-
dictability effects (Hale, 2001; Levy, 2008)
are taken into account?

* With low-level variables and GPT-2 surprisal:
Does A; explain variance even when the state-
of-the-art predictor of predictability effects
(Oh and Schuler, 2023) is taken into account?

We also asked whether these layers predict read-
ing times independently. We searched for the com-
bination of layers with the best predictive perfor-
mance. Starting from the layer with the highest
AMSE in the layer-wise evaluation, we considered
one model at a time for the inclusion to the regres-
sion model, and included only when its inclusion
resulted in a significant improvement of AMSE.

4.2 Results

The results with Natural Stories and Mamba-130M
are shown in detail in Table 1. The results across
datasets and models are summarized in Table 2.
The general tendencies are similar across datasets
and models. We find that A; from most lay-
ers are predictive of human reading times when
it is the sole predictor in the regression model.
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Low-level + Low-level +
Baseline— Intercept-only Low-level variables Mamba surprisal GPT-2 surprisal

lLayer | AMSE  R? 8| AMSE  R? 8| AMSE  R? 8| AMSE  R? B

0] 0.01 0.00 0.05** 049 TT= [0.07 053 TT |0.06F 054 T

1]0.06* 0.01 *F* | 0.02" 049 *t= ] 0.03*** 053 Tt |0.03** 053 *tF-

21 0.05 001 *Ttt | 0.02 049 *+= 1 0.03* 053 tt= | 003" 053 FTt-

3 | 0.00 0.00 0.02* 0.49 TT= | 0.01 0.53 0.01 0.53

41 0.00 0.00 0.00 0.49 0.00 0.52 0.00 0.53

51 0.02 0.00 0.01 0.49 0.01 0.53 0.01 0.53

6 | 0.07** 0.01 Tt |o0.01 0.49 0.00 0.52 0.00 0.53

71016 002 Tt |o0.01 0.49 0.00 0.52 0.00 0.53

8 | 0.03* 0.00 ~*= | 0.02* 049 ~t= | 0.027 0.53 ~t= | 0.02* 053 ~t-

9 | 0.03* 0.00 ~T7 | 0.02* 0.49 ~T= | 0.02* 0.53 ~T7 | 0.02* 053 ~*t°

10 | 0.02* 0.00 ~*= | 0.01 0.49 0.01 0.53 0.01 0.53

11 | 0.04* 0.01 *t= | o0.01 0.49 0.01 0.53 0.01 0.53

12 | 0.11*** 0.02 *+t= | 0.01 0.49 0.01 0.53 0.01 0.53

13 | 0.04* 0.01 *t | 0.01 0.49 0.01 0.53 0.01 0.53

14 | 0.07** 0.01 *t | 0.02* 049 ~t ] 0.00 0.52 0.00 0.53

15| 0.04** 0.01 *t= | 0.00 0.49 0.00 0.52 0.00 0.53

16 | 1.03*** 0.14 *+t*t* | 0.06** 049 FTFT | 0.04** 053 ~tt | 0.04*** 053 T

17 | 1.33***  0.18 *TTF | 0.09*** 0.50 *t* | 0.07*** 053 ~*tt | 007 054 ~FF

18 | 0.04** 001 *t | o0.01* 049 ~*t ] 0.00 0.52 0.00 0.53

19 | 0.06** 0.01 Tt~ | 0.00 0.49 0.00 0.52 0.00 0.53

20 | 0.16*** 0.02 *t= | 0.00 0.49 0.00 0.52 0.00 0.53

21 | 0.22**  0.03 *tt | 0.01 0.49 0.01 0.52 0.00 0.53

22 | 0.58*** 0.08 TTT | 0.01 0.49 0.04*** 0.53 TTT | 0.04*** 0.53 T F

23 | 0.29"** 0.04 TTT | 0.00 0.49 0.00 0.52 0.00 0.53

Table 1: Results of reading time modeling with Natural Stories and Mamba-130M. AMSE indicates the performance
of A,. The three signs in the 3 rows indicate the direction of the effect of A, on the ith word due to the A; value
of the ith word, the (¢ — 1)th word, and the (i — 2)th word, respectively. AMSE is calculated using cross
validation, while R? and f3 are calculated by fitting a single regression model to the entire data. Significance code:

“ 1 < 0.001, : p < 0.01;* : p < 0.05

The correlations between A; and human reading
times are not generally high, but reach as high as
R? = 0.22 (layer 41 of Mamba-2.8B, Natural Sto-
ries; cf. R% = 0.21 for GPT-2 surprisal in the same
dataset). Across datasets and models, predictive
power of some layers diminishes when control vari-
ables are taken into account, but some other layers
remain significant. Also across datasets and mod-
els, multiple layers independently contribute to the
prediction. Overall, these results indicate that Ay is
predictive of human reading times, and it explains
a unique variance that is not explained by major
predictors considered in the literature.

4.3 Follow-up analyses

We conducted post-hoc analyses to understand
what makes the discretization timestep predictive
of human reading times. Below, we focus on read-
ing times from Natural Stories Corpus and A; from
Mamba-130M.

4.3.1 Layers’ sensitivity to linguistic features

Correlations between linguistic features of wy in
the dataset and the discretization timestep A\; are

shown in Figure 3. Linguistic features include
those used in the reading time regression, in ad-
dition to boolean flags indicating whether the word
is at the beginning or at the end of the sentence, and
the distance between the previous and the current
words on the Penn TreeBank—style syntactic tree
(Figure 4).

Two consistent trends are observed across lay-
ers: negative correlations between A, and the po-
sition of the word in the sentence, and positive
correlations between A, and the beginning of the
sentence. These correlations suggest that many lay-
ers undergo relatively large changes in their state
at the beginning of the sentence, while they tend
to maintain information within a sentence. Most
layers also showed positive correlations between
A, and syntactic distance. That is, A, of these
layers increase when a large syntactic constituent
completes and/or a new one begins (see Figure 4).
These correlations suggest that the timestep sizes
in the evolution of states in Mamba are sensitive to
basic linguistic features.

There are also distinct patterns found in partic-
ular layers, suggesting some division of labor be-
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Low-level + Low-level +
Baseline— Intercept-only Low-level variables Mamba surprisal GPT-2 surprisal
Model iData #sig #ind RI%/Iax #sig #ina Rl%/lax #sig #ind Rl%’lax #sig #ind Rf/[ax
130M NS SPR | 20 16 0.18;7 | 10 5 0.50:17 8 6 0.530 8 6 0.54:17
(24 layers) oS FP 24 19 0.047 23 11 0.197 24 11 0.2013 | 21 5 0.2133
RP 20 16 0.0123 | 11 5 0.0821 16 7 0.091 | 20 5 0.1011
2 8B NS SPR | 64 25 0.224 | 29 21 0514 | 32 22 05341 | 26 20 0.544:
(64 layers) oS FP 64 33 0.032 64 19 0.1918 | 56 14 0.204 | 61 13 0.214
RP 46 27 0.0lgo | 28 13 0.0947 | 38 13 0.0947 | 42 13 0.1047

Table 2: Results of reading time modeling across datasets and model sizes. #, indicates the number of layers whose
predictive power is significant. #;,4 indicates the number of layers that are found to be independently predictive in
the best model search. R, is the value of the regression model with the best-performing layer, with the subscript
indicating the index of the best-performing layer. NS = Natural Stories; OS = OneStop; SPR = self-paced reading;

FP = first pass time; RP = regression path duration.

Syntactic distance

GPT-2 surprisal
Log frequency | | - 0.50
No. of characters 0.25
Position in sentence [ | 0.00

Position in story

Beginning of sentence ~ L. ANMIIDENINEEEE IO W °%

End of sentence [ |

0 5 10 15 20
Layer

Figure 3: Correlations between linguistic features of w;
and the discretization timestep A,. Correlations for the
beginning and end of sentence flags are calculated using
all words in the corpus; others are calculated only using
words that are not at the beginning or at the end of the
sentence.

tween layers. Layers 16 and 17 clearly differ from
other layers in the linguistic features they are sensi-
tive to. A; from these layers negatively correlate
with the position of the word in the story, while
their correlation with the position of the word in
the sentence, the beginning of the sentence, and the
syntactic distances are weaker than the surround-
ing layers. This means that these layers are not
very sensitive to local information within a sen-
tence, but rather maintain story-level information.
The particularly high predictive power that these
layers showed in the reading time modeling (see
Table 1) suggests that there may be some parallel
between the way these layers maintain story-level
information and the way humans do.

4.3.2 Analysis of Long-range Dependencies
through Interventions

As shown in Table 1, layers 16 and 17 exhibit par-
ticularly high predictive power for Natural Stories
reading time. These layers show distinct sensitivity
to linguistic features, suggesting a role in maintain-
ing story-level information (Figure 3). To examine
whether layers 16 and 17 actually capture long-
range dependencies, we evaluate the contribution

PP

NP /\NP
VN N

ProN V Det N Prep Det N
| saw a girl with a telescope

N N N7 N2 NP7 N
4 3 2 4 3 2

Figure 4: An example syntactic tree and the syntactic
distance between adjacent words.

0.2 1

0 5 10 15 20
Layer Index

600 —¥— 700 —&— 800 —<¢ 900 —— 1000

Figure 5: Accuracy in the passkey retrieval task when
individually knocking out the SSM of each layer. The
legend indicates the maximum token length of the input.

of each layer on the passkey retrieval task (Mo-
htashami and Jaggi, 2023) using an intervention-
based analysis. The passkey retrieval task is com-
monly used to evaluate a model’s ability to handle
long-range dependencies. It assesses whether a
model can correctly recover a specific string from
an input consisting of that string embedded within
a sequence of noise tokens.

Settings The experimental setup is as follows.
The model is given an input that begins with a
six-digit number, followed by a sequence of noise
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sentences, and finally a prompt instructing it to re-
produce the passkey. Concretely, the input takes
the following form: “The passkey is 317451. The
grass is green. The sky is blue. The sun is yellow.
Here we go. There and back again. ... The passkey
is”. The output is considered correct if it exactly
matches the passkey provided at the beginning of
the input. The distance between the passkey and the
output position is controlled by repeating the noise
sentences until a specified length is reached. In this
experiment, the length of the noise was adjusted
so that the total input length was approximately
{600, 700, 800, 900, 1000} tokens. For each length
setting, 1,000 input instances are generated, and ac-
curacy is evaluated accordingly. We measured the
performance of the Mamba models with one layer
knocked out at a time, by setting the coefficient B;
for the input in Equation (1) to zero at all times,
thereby ensuring that h; = 0 is always maintained.

Results The results are shown in Figure 5. As
illustrated, a notable drop in accuracy is observed
when layer 0, 7, 13, 16, or 17 is knocked out. In
particular, even when the input length is reduced to
800 tokens, layer 16 maintains an accuracy in the
10% range, and for layers 0 and 17, the accuracy
remains at 0% even when the input is shortened to
600 tokens.

Discussions The results suggest some layers are
essential for inference that requires the transmis-
sion of information over long-range context. How-
ever, it should be noted that these layers are not nec-
essarily specialized for long-range dependencies;
it remains possible that they are simply essential
for text processing in general. Interestingly, the
layers 16 and 17 of Mamba-130M are not partic-
ularly predictive of OneStop reading time, unlike
in the case of Natural Stories. One possible inter-
pretation of this discrepancy is that human readers
read differently depending on the reading paradigm
and/or materials. For example, the self-paced read-
ing paradigm might encourage readers to spend
more time when the input word is associated with
a distant context since the retrieval of context re-
lies solely on memory, while in the eyetracking
paradigm the retrieval can be done by physically
looking at the context. This is a pure speculation,
and we leave it for future work exactly why dif-
ferent layers are responsible for predicting reading
times from different datasets.

5 Mamba as a New Lens on Human
Language Processing

Having established an empirical connection be-
tween the discretization timestep A; and human
reading times, we turn to theoretical discussions
on how Mamba processes language over time with
ever-updated memory. We suggest that the model
can be informative to the science of language pro-
cessing by humans, which also process language in
an incremental fashion under memory constraints.

5.1 Transition Matrix Eigenspectrum as
Memory Retention Ability

The extent to which Mamba attenuates memory of
past context depends on the elements of the transi-
tion matrix exp(A). In this section, we first explain
this property analytically and then verify that lay-
ers 16 and 17, which were effective for predicting
reading time, also exhibit distinctive behavior in
terms of the eigenvalues of the transition matrix.
Since the transition matrix exp(A) of Mamba
is diagonal, its eigenvalues are simply its diago-
nal elements. In Equation (1), when the elements
of the transition matrix are close to one, that is,
when exp(A) =~ I, we have A; ~ I regardless
of the value of A, and thus the past context h;_
is retained over the long term. In contrast, when
the elements of the transition matrix are close to
zero, that is, when exp(A) ~ O, we have 4; ~ O,
and the past context h;_; is rapidly forgotten. In
this way, the magnitude of the eigenvalues of the
transition matrix exp(A) serves as an indicator for
evaluating the ability of each SSM layer to retain in-
formation over long timescales, from a perspective
distinct from the discretization timestep A;.
Figure 6 shows the eigenvalue distributions for
the entire layer and for layers 16 and 17, where
timestep A; does not react to the sentence bound-
ary. From the figure, it can be seen that while the
overall eigenvalue distribution peaks near zero, the
eigenvalue distributions of layers 16 and 17 show a
higher proportion of eigenvalues near 0.5 compared
to the overall distribution. The eigenvalue analysis
of layers 16 and 17 from the perspective of SSM
dynamics thus agrees with the analysis based on
linguistic features and A; in suggesting that these
layers tend to retain information over the long term.
In short, layers of Mamba process information
at different timescales via different eigenvalues of
transition matrices (as well as varying A;), which
can be interpreted as memory retention ability of
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Figure 6: Eigenvalue distribution of the transition matrix
exp(A). This plots the eigenvalue distribution over
all layers and separately for layers 16 and 17, where
timestep A; does not react to sentence boundaries.

each layer. Interesting future directions based on
this observation include comparing this mecha-
nism to human brain activities, which also seem to
keep track of information that unfolds at different
timescales (Gwilliams et al., 2024), with poten-
tial division of labor between neural populations
(Gwilliams et al., 2022).

5.2 Discretization Timestep as State
Transition Uncertainty

We theoretically show that the component A; cor-
responds, in a sense, to the uncertainty in state
transitions.

We now present the following formal statement.
First, to interpret the hidden-state transitions of
Mamba as a probabilistic model, we formally intro-
duce a noise term. Specifically, while the original
transition function is given by Equation (1), we add
a small Gaussian noise term w(t) to it as follows:

B'(t) = A(t)h(t) + B(t)x(t) + w(t) (6)
w(t) ~ N(0, Q). @)

This allows the hidden-state transition p(h: | hy—1)
to be written in closed form:

p(he | he1) == N (he 5 Athi—1 + By, Qq)
()

where (); denotes the noise intensity after dis-
cretization. Under this standard assumption, it
follows that the conditional entropy (uncertainty)
of the hidden-state transition h; is determined by
Ay, with the uncertainty increasing as [y becomes
larger:

Hlhiy1 | hi] = %Zlog (eZAiiAt — 1) + const.,
i=1

€)

where A;; denotes the i-th diagonal element of the
transition matrix A before discretization. For a
detailed derivation, refer to Appendix §A.

In practice, how does Mamba adjust the timestep
Ay in response to the given input text? Figure 2
shows that in several layers, the timestep A; peaks
at the beginning of sentence tokens (this trend is
also quantitatively confirmed in the analysis in
§4.3.1 (Figure 3)). Mamba increases timestep A, at
the beginning of sentences, precisely at the points
where it is difficult to predict from the immediate
preceding context (typically ending with periods).
As confirmed in this section, it is intuitive that a
larger timestep A; corresponds to greater uncer-
tainty in state transition. However, it is not trivial
that Mamba possesses the property of incrementing
A at uncertain points during state transition. Why
and how this property was acquired through learn-
ing remains an open question. Finally, it should
be noted that the considerations here are based on
the interpretation when a noise term is introduced
into Mamba and do not naturally follow from the
original deterministic model.

It should be noted that entropy/uncertainty dis-
cussed here is not directly related to the uncertainty
about subsequent input much discussed and inves-
tigated in the cognitive modeling literature (Hale,
2016). Instead, we are looking at uncertainty about
the state that model arrive at when the processing of
the current word is complete. This notion of uncer-
tainty may offer a new perspective on the influence
of noise on language processing, a hotly discussed
topic in computational psycholinguistics. In exist-
ing models of noisy language processing (Futrell
et al., 2020; Hahn et al., 2022), the noise erases
individual words at a certain probability when each
word is read. In the current assumption, noise is
added to the spatial representation of the context
and accumulates over time. Future work can ex-
plore whether such a view on noise better capture
limitations and rationality of human language pro-
cessing.

6 Related Works

Kuribayashi et al. (2025) performs cognitive model-
ing using internal components of language models,
although it focuses on Transformer-based models
rather than SSM-based ones. The authors demon-
strate an intriguing correspondence between the
ordering of layers and the temporal order of hu-
man responses: earlier layers align with early eye-
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movement measures, while later layers correspond
to later responses associated with deeper semantic
processing. Their approach converts intermediate
layer representations into values corresponding to
surprisal and uses them for cognitive modeling.
In contrast, our study directly incorporates the in-
ternal model component A, interpretable as the
processing time of an SSM-based language model,
into reading-time modeling, which constitutes a
key difference from their approach.

Sharma et al. (2024) and Endy et al. (2025) pro-
pose methodologies for identifying layers that are
responsible for transmitting factual information.
Specifically, given the input “Michael Jordan pro-
fessionally played,” they examine how the factual
knowledge “basketball” is propagated through the
model to the final output token. Through interven-
tion experiments that disrupt information transmis-
sion pathways, both studies demonstrate that fac-
tual information is conveyed from the subject to the
final token primarily via later intermediate layers.
These approaches appear promising as follow-up
analyses for reading-time modeling, as they offer
ways to probe what computations are performed
in individual layers. However, their analyses focus
on short factual sentences and do not address the
processing of story-level long-form text as consid-
ered in this work; extending such analyses to longer
narratives remains an open problem for the field.

Why, in the first place, do the discretization
timesteps A, peak at sentence boundaries? Liu and
Ding (2025) provides insights that help address this
question. They report that large language models,
when processing information, constrain the scope
of information integration at sentence boundaries,
similarly to humans. Their experiments focus on
Qwen and Pythia models with attention mecha-
nisms, which can attend to the entire input text.
Nevertheless, they show that these models tend to
preferentially rely on words within the same sen-
tence or clause. The phenomenon observed in Fig-
ures 2 and 3 of our study, where peaks of timesteps
A, arise at sentence boundaries, likewise induces
an effect that limits the range of information in-
tegration at such boundaries, consistent with their
findings. This is because timestep A, functions as a
gate: when it becomes large, it forgets past memory
h:—1 and incorporates more of the current input x;.
However, layer 17 of Mamba-130M, which showed
the highest predictive performance for Natural Sto-
ries in the current experiment, does not exhibit
peaks at sentence boundaries. This suggests that

information transmission across sentences is an es-
sential component explaining reading behavior, and
thus our result differs in this respect from theirs.

7 Conclusion

We showed that Mamba’s discretization timestep
A; is predictive of human per-word reading times.
The predictive power of discretization timestep Ay
from the best-performing layer is comparable to
that of GPT-2 surprisal, and A; from many lay-
ers remain significant even when GPT-2 surprisal
and other known predictors are controlled for. We
also conducted formal analyses of Mamba’s archi-
tecture and internal dynamics, and suggested that
Mamba can serve as a new, valuable lens to look
at human real-time language processing with ever-
updated memory. With this new lens, future work
may investigate how humans, who are constrained
by the flow of time and ever-changing memory,
still show remarkable ability to use language that
unfolds over time, often quite rapidly.

8 Limitations

We have not clarified how the model learns to
increase discretization timestep A; at sentence
boundaries or when the syntactic path length to
adjacent words is long. Therefore, we report only
that we discovered and examined that the timestep
A; indeed contributes to the reading time model-
ing. To understand how the timestep A; peaks at
sentence boundaries and other locations, statistical
analysis of the training corpus and analysis of the
learning dynamics would be necessary, but this is
beyond the scope of this paper.

The analysis in Section §4.3.2 provided evidence
that layer 17 of Mamba-130M, which showed the
strongest contribution to predicting Natural Sto-
ries reading time, potentially captures long-range
dependencies. However, this does not directly im-
ply that long-range dependencies are inherently
a crucial factor for modeling reading time. In
other words, a principled explanation for why the
timestep A, contributes to reading time modeling
has yet to be established.

Since experiments were conducted solely using
Mamba, the discussions in this paper cannot be
applied to other architectures. The reason only one
architecture was adopted is that Mamba is the only
one where the model itself dynamically determines
the discretization timestep based on SSM.
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A Derivation of State Transition Uncertainty

In this section, we derive Equation (9). The state equations for a continuous-time SSM with a Gaussian
noise term w(t) are as follows:

W (t) = A(t)h(t) + B(t)(t) + w(t) (10)
w(t) ~ N(0,Qc), (11)

where (). denotes the noise intensity in continuous time and is assumed to be diagonal, similar to the
transition matrix A of Mamba. This is equivalent to interpreting the state-space model as the following
probabilistic model:

p(ht | hi—1) ::N(ht ; Ahyy +§t$t,Qd) ) (12)

where A; and B; denote the SSM parameters after discretization (Eq. (3) and (4)), and ()4 denotes the
noise intensity after discretization.
Applying Zero-Order Hold (ZOH) discretization yields the following noise term:

wy ~ N(0,Q4), Qu = / AT Qe " dr, (13)
0

where () is the discrete representation of the continuous-time noise intensity (). at the sampling interval
A, and is a diagonal matrix. Since the transition matrix e”* of Mamba is diagonal, the integrand is also a
diagonal matrix, allowing Equation (13) to be solved as follows:

Ay oA e2Ailde _
(Qa)ii = / e T(Qe)udr = (Qc)ii——F5—- (14)
0 2A;;
The uncertainty before and after the state transition can be quantified by the conditional differential
entropy H[hy | hy—1]:
Hibe | hot] = — / p(he | her)og plhe | he_1)dhe. (15)
RTL

Here, by performing the following change of variables, N'(h; ; Aihi—1 + Byxy, Qq) is equivalent to
N(’U)t ; 07 Qd):

N(he 3 Aihy—1 + By, Qq) 16)
1 1 o o B B

B m P <_2(ht = (Athe—1 + th:t))TQ;l(ht — (Aghi—1 + tht))> 17

o (hrar) .

ORI ( gt Qa (18)

=N (w5 0,Qq). (19)

Then, Equation (15) can be rewritten as follows from the above equation and Equation (12):
Hlhg | he1] = — [ N(wg; 0,Qq)log N(wy 5 0, Qa)dw. (20)
Rn
Since the right-hand side is the differential entropy of a Gaussian distribution, it is given by the following:

Hlhe | 1] = 3 log ((2me)"Qul) a
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Here, substituting the components of () derived earlier in Equation (14), we obtain the following
expression:

1 n
Hihity | hi] = 5 D log (24 — 1) + const. (22)
=1

where the terms independent of timestep A, are grouped as a constant term.

Therefore, the uncertainty in state transitions monotonically increases with respect to the discretization
timestep A;. Conversely, as the timestep A; approaches zero, the differential entropy tends to —oo, which
indicates the absence of uncertainty. This leads to the intuitive conclusion: if the sampling period is
coarse, the uncertainty regarding the next state increases; conversely, if sampled finely, the uncertainty
becomes sufficiently small.
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