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Abstract

Longitudinal analysis of sequential radiological images is
hampered by a fundamental data challenge: how to effec-
tively model a sequence of high-resolution images captured
at irregular time intervals. This data structure contains in-
dispensable spatial and temporal cues that current methods
fail to fully exploit. Models often compromise by either col-
lapsing spatial information into vectors or applying spatio-
temporal models that are computationally inefficient and in-
compatible with non-uniform time steps. We address this
challenge with Time-Aware ∆t-Mamba3D, a novel state-
space architecture adapted for longitudinal medical imag-
ing. Our model simultaneously encodes irregular inter-visit
intervals and rich spatio-temporal context while remaining
computationally efficient. Its core innovation is a continuous-
time selective scanning mechanism that explicitly integrates
the true time difference between exams into its state transi-
tions. This is complemented by a multi-scale 3D neighbor-
hood fusion module that robustly captures spatio-temporal re-
lationships. In a comprehensive breast cancer risk prediction
benchmark using sequential screening mammogram exams,
our model shows superior performance, improving the valida-
tion C-index by 2–5 percentage points and achieving higher
1–5 year AUC scores compared to established variants of re-
current, transformer, and state-space models. Thanks to its
linear complexity, the model can efficiently process long and
complex patient screening histories of mammograms, form-
ing a new framework for longitudinal image analysis.

Code — https://github.com/zhouzhengbo2022/dtMamba3D

Introduction
Screening mammography for breast cancer detection is in-
herently longitudinal. Women return every a few years, im-
age acquisition protocols evolve over time, breasts change
with aging, and subtle preclinical lesions may emerge grad-
ually across exams. Radiologists routinely examine longitu-
dinal and cross-view information: they compare current and
prior exams and craniocaudal (CC) and mediolateral oblique
(MLO) views, assess side-to-side asymmetries, and evaluate
interval change when estimating malignancy risk or assign-
ing BI-RADS diagnostic categories (Scutt, Lancaster, and
Manning 2006). Yet most deep learning systems for breast
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imaging still operate on a single imaging exam, ignoring
the temporal context that drives clinical decision making
(Yala et al. 2021). When multiple exams are available, most
methods first collapse each exam into a single per-visit fea-
ture vector and then apply a temporal model (e.g., RNNs or
GRUs), thereby sacrificing fine-grained lesion morphology
and growth patterns (Dadsetan et al. 2022). In addition, the
irregular time gaps between exams, an important predictor
of breast cancer risk, are usually left unencoded by existing
deep-learning approaches (Zhou et al. 2025).

Irregularly timed data frequently occurs in clinical set-
tings, reflecting varying degrees of disease severity since
patients with severe conditions tend to have more frequent
hospital visits. Despite this, many existing methods, such
as standard Recurrent Neural Networks (RNNs) and Trans-
formers, treat patient visits as tokens placed on an evenly
spaced temporal grid (Karaman et al. 2024), which discard
valuable interval information. Over the past decade, sev-
eral specialized models have been proposed to address ir-
regular sampling in clinical time series. Time-discretized
models, such as GRU-D (Che et al. 2018) and Time-aware
LSTM (Nguyen et al. 2020), incorporate elapsed time or
its exponential decay directly into hidden state updates. Al-
though these methods capture interval magnitude efficiently,
they inherently assume piecewise constant dynamics, lim-
iting their ability to model evolving risk between observa-
tions. Continuous-time approaches, including Neural ODEs
and Neural CDEs (Rubanova, Chen, and Duvenaud 2019;
Kidger et al. 2020), and recent advancements like ContiF-
ormer (Chen et al. 2023), naturally handle irregular intervals
and offer continuous-time predictions. However, they have
primarily been evaluated on minute-level ECG or sensor
data or low-dimensional EHR records. In contrast, screen-
ing intervals in medical imaging often span from 0.5 to 3
years, involving extremely high-dimensional features. Such
imaging visits are inherently sparse, with each patient en-
counter represented as a discrete event at a specific inte-
ger timestamp, accompanied by a zero-valued signal in be-
tween, a scenario inadequately modeled by previous meth-
ods. As highlighted by recent advances such as Mamba
(Gu and Dao 2023), state-space models (SSMs) with adap-
tive, context-aware parameters offer enhanced capability for
capturing long-range dependencies in dynamic systems. Al-
though Mamba has significantly surpassed conventional re-
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current models in domains such as language modeling, it
has not explicitly encoded irregular time intervals. Conse-
quently, adapting models like Mamba to effectively handle
irregularly timed, high-dimensional imaging data remains
largely unexplored and presents an urgent need in the field.

Capturing joint spatial–temporal patterns in longitudinal
medical imaging data poses significant methodological and
computational challenges. Early 3D CNNs, such as C3D
(Tran et al. 2015), I3D (Carreira and Zisserman 2017), apply
cubic convolutions to densely sampled frame stacks; their
computation scales cubically with spatial resolution and
their receptive field remains inherently limited. Video vi-
sion transformers, exemplified by TimeSformer (Bertasius,
Wang, and Torresani 2021), ViViT (Arnab et al. 2021), and
Video Swin (Liu et al. 2022), simultaneously encode spa-
tial structure and densely, uniformly sampled temporal dy-
namics, yielding joint spatio-temporal representations. Full
self-attention scales quadratically with the number of spatio-
temporal tokens and becomes impractical when modeling
longer longitudinal visits, a limitation that is magnified by
the typically small sample sizes in clinical datasets. Further-
more, standard video vision transformers assume equal tem-
poral spacing and do not reflect real-world inter-visit inter-
vals. More recently, structured state-space sequence models
(SSMs), S4 and Mamba (Gu, Goel, and Ré 2021; Gu and
Dao 2023) and vision variants that devise 2D/3D scan orders
or local fusion windows (Zhu et al. 2024; Liu et al. 2024;
Xiao et al. 2024), achieve linear-time scanning, but they like-
wise assume uniformly spaced tokens and must stack multi-
ple costly passes to absorb full 3D context.

To bridge these gaps, we propose Time-Aware
∆t-Mamba3D, a spatio-temporal state-space block with
two defining features: i) ∆t-aware transitions: We find that
driving the SSM solely with raw inputs as control signals
is ill-suited to irregularly sampled clinical data, leaving the
model largely insensitive to the true time gaps. Instead,
we modulate every selective-scan update with the true
inter-visit interval ∆t, enabling continuous-time memory
decay or accumulation under irregular sampling while pre-
serving the original content-aware step size; ii) Multi-scale
depth-wise 3D fusion: neighborhood-adaptive convolutions
jointly encode spatial and temporal context at low cost. Our
pipeline first converts each exam into a token sequence via
a unidirectional sweep (Fig. 1). The token states then evolve
through the closed-form SSM transition whose step size is
modulated by the true inter-visit gap, thereby embedding
irregular temporal information. These states are then
refined by structure-aware 3D convolutions that re-weight
neighbouring voxels across multiple receptive fields, and an
observation head maps the fused state to output variables.
This novel design preserves lesion morphology, accommo-
dates irregular timing, and scales linearly in memory with
sequence length. We embed Structure-Aware ∆t-Mamba
3D in a prediction pipeline that ingests up to eight prior
screening mammogram exams (four views including CC
and MLO views of left and right breasts per exam) and
outputs year-specific hazards. On two mammogram datasets
with irregular inter-exam intervals, our model outperforms
time-aware models and spatio-temporal models, improving

C-index and 1–5-year AUCs while maintaining linear
memory growth. Our contributions are as follows:
1. We extend Mamba with a selective scanning mecha-

nism whose state transition explicitly incorporates the
true inter-visit interval ∆t at the image level. By utiliz-
ing irregular time spans, combined with inputs as control
signals for SSM to achieve superior model performance.

2. We embed a multiscale, depth-wise 3D convolution
block within the Mamba module to efficiently capture
joint spatio-temporal context.

3. On two longitudinal mammography datasets with vary-
ing temporal patterns and different class distribu-
tions, our model surpasses recurrent, transformer, and
visual-SSM baselines in accuracy while maintaining lin-
ear memory and computing scaling.

Related Work
Time-Aware Models
Early models incorporated elapsed time between observa-
tions by explicitly modulating recurrent network updates. T-
LSTM (Nguyen et al. 2020) and GRU-D (Che et al. 2018)
adopted data-driven exponential decay mechanisms to in-
puts and hidden states, effectively reducing the influence of
outdated measurements. Attention-based methods have also
integrated temporal information through various strategies.
Approaches like time2vec (Kazemi et al. 2019) introduced
learnable temporal embeddings, while continuous-time at-
tention models explicitly factor in the elapsed time as posi-
tional biases or embedding components (Shukla and Marlin
2021). ContiFormer (Chen et al. 2023), a recent advance-
ment, further enhances this line by leveraging continuous-
time self-attention mechanisms specifically designed to han-
dle irregularly sampled time series. Beyond these paramet-
ric decay and attention-based strategies, continuous-time
latent dynamics have been extensively modeled by meth-
ods such as Latent ODEs (Rubanova, Chen, and Duvenaud
2019) and Neural Controlled Differential Equations (Neu-
ral CDEs) (Kidger et al. 2020). These approaches explicitly
integrate hidden state trajectories between irregular event
occurrences, effectively capturing complex continuous-time
dependencies within data.

Vision State Space Models
Recent visual SSMs tackle spatial coherence by crafting tai-
lored scan patterns (Liu et al. 2024; Zhu et al. 2024). Spatial-
Mamba (Xiao et al. 2024) tiles 2D patches and applies a
local fusion window to mitigate scan-order bias. For 3D
volumes and long-horizon video, Seg-Mamba (Xing et al.
2024) and LongMamba (Zhou et al. 2025) tokenize slices or
frames into patch sequences with bespoke spatial–temporal
scan orders, ensuring that both intra-slice structure and inter-
frame dynamics are captured.

Methods
Preliminary
SSMs are commonly used for analyzing sequential data
and modeling continuous linear time-invariant systems

13863



Figure 1: (a) Illustration of a patient’s sequential imaging data acquired with irregular inter-visit gaps ∆t (e.g., 2008 → 2012
→ 2015). (b) Different scanning strategies for spatio-temporal feature volumes. (c) The scanning mechanism in the proposed
method ∆t-Mamba3D: time-aware scan modulated by inter-visit gaps ∆t with learnable multi-scale 3D neighborhood fusion.

Figure 2: State-space modules. (a) Standard Mamba SSM:
input ui produces parameters (Āi, B̄i, δi, Ci) that update
state xi and emit yi. (b) Time-Aware ∆t-Mamba3D (ours)
generalizes to irregularly sampled spatio–temporal grids:
each token’s step size is modulated by the inter-visit gap
∆ti, and a multi-scale 3D neighborhood fusion aggregates
local structure across visits before producing hi and yi,
where J is the number of spatial neighbors and K the num-
ber of temporal neighbors.

(Williams, Lawrence et al. 2007). This dynamic system can
be described by the linear state transition and observation
equations (Kalman 1960). A standard linear continuous-
time state-space model (SSM) can be expressed as:

h′(i) = Ah(i) +Bx(i), y(i) = Ch(i) +Dx(i). (1)

where A, B and C are the weighting trainable parame-
ters, and D always equals to 0. To effectively integrate
continuous-time SSMs into the deep learning framework, it

is essential to discretize the continuous-time models. Sam-
pling this continuous-time SSM at intervals of size δ (as-
suming zero-order hold) yields the discrete counterpart:

hi = Āhi−1 + B̄xi, yi = Chi +Dxi, (2)

with
Ā = eδA, B̄ =

(
eδA − I

)
A−1B.

By transforming the parameters from (δ, A, B) to (Ā, B̄),
the SSM model becomes a sequence-to-sequence mapping
framework from discrete input to output.

Real-world dynamics are seldom linear time-invariant
(LTI); their behaviour shifts with context, input, and time.
As shown in Mamba (Gu and Dao 2023), making the state-
space model content-varying allows the network to focus
on relevant signals and better capture nonstationary pro-
cesses. Mamba achieves this by modulating the SSM pa-
rameters with selective, data-dependent gates, yielding a
context-aware adaptive transition. This is achieved by modi-
fying the parameters as functions of the input sequence. For
each token ui ∈ Rd at step i with d-dimensional, we com-
pute adaptive parameters:

[δ̂i, Bi, Ci] = Wprojui + bproj , δi = softplus(δ̂i). (3)

Here, a single linear projection with weights Wprojand
bias bproj of the input token ui∈Rd produces three vectors:
(1) δ̂i: a step–size logit. After softplus, δi > 0 is used as
the content-dependent step in the discretized SSM update;
(2) Bi: an input gate that scales the driving term of the state
update; (3) Ci: an output/skip gate that scales the direct con-
tribution of the input to the output.
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Formulation of Time-Aware ∆t-Mamba3D
Time-Aware ∆t-Mamba3D aims to capture the clinically
important inter-visit time gap and the spatial–temporal de-
pendencies among neighbouring latent states. Unlike earlier
visual Mamba variants that rely on multiple scan directions
and content-only adaptive steps, we introduce two key mod-
ifications: (i) the true time gap ∆t is injected directly into
the selective scan, and (ii) a 3D neighborhood fusion term is
added to the original Mamba equations. The detailed work-
flow is illustrated in Fig. 2

Time-aware Modulation Mamba (Gu and Dao 2023) is
designed for language modeling, implicitly assuming uni-
form steps between tokens (i.e., ∆t = 1). To mimic
variable dependence, it uses the current input ui as a
control signal and predicts an effective step via δi =
softplus(Linear(ui)), selectively copying past inputs. How-
ever, this content-gated surrogate does not encode actual,
irregular clock times—ubiquitous in clinical longitudinal
data. We therefore augment the model with explicit time in-
formation, using real ∆t (exam gaps) alongside ui as control
signals. Let ∆ti denote the real calendar interval (in months)
between the current time ti and its preceding time ti−1, with
a minimum interval τmin = 12 months for normalizing time
gap. The time-aware step size ∆i is defined by:

δTA
i = δi

(
1 + γ

∆t(i)

τmin

)
, 0 < γ ≤ 1. (4)

Thus, tokens within the same visit retain the original mi-
croscopic step δi, whereas tokens at visit boundaries scale
proportionally to the actual elapsed interval, which decide
how much past information is carried forward. This ensures
numerical stability and meaningful time-awareness, where γ
is a mixing coefficient that controls how strongly real time
stretches the step size. To theoretically demonstrate that the
proposed time-aware encoding can control the importance
between historical memory and current input, we give the
following Theorem proven by (Li et al. 2024).

Theorem 1 Let A = V ΛV −1 with eigenvalues Λ =
diag(λ1, . . . , λN ) and Re(λi) ≤ 0.

Āk = diag
(
eλ1δ

TA
i , . . . , eλNδTA

i

)
, (5)

B̄k =
(
λ−1
1

(
eλ1δ

TA
i − 1

)
, . . . , λ−1

N

(
eλNδTA

i − 1
))

. (6)

The k-th coordinate-wise hidden of hi state update is:

hk,i = eλkδ
TA
i hk,i−1 + λ−1

k (eλkδ
TA
i − 1)uk,i. (7)

According to the Theorem, if δTA
i is small enough, we ob-

serve hk,i ≈ hk,i−1, demonstrating that a short δTA
i aris-

ing from a small visit gap or uninformative content persists
in the historical state that ignores the current input. And a
larger δTA

i drives the λkδ
TA
i ≪ 0 and thus hk,i ≈ −λ−1

k uk,i

meaning the contribution from the previous state is forgotten
and the update is dominated by the current input.

3D Neighborhood Fusion After selectively scanning all
tokens by injecting time aware visit gap, if dependencies are
still modeled along a single 1D order, it will leave resid-
ual spatial-temporal interactions underexplored. We there-
fore apply a 3D neighborhood fusion using depth-wise 3D
convolutions aiming to capture the spatial and temporal de-
pendencies of neighboring features in the latent state space:

xi = Ā xi−1 + B̄ ui,

hi =
∑
k∈Ω

αk xπk(i),

yi = Ci hi +Dui,

(8)

where xi is the original state variable, hi is the spatio-
temporal aware state variable, Ω is the neighbor set, ak is
a learning weight, and πk indexes the 3D coordinates of the
k-th neighbor. The original state variable xi is directly influ-
enced by its previous state with newly added ∆ti while the
spatio-temporal aware variable hi incorporates additional
neighboring state variables through a fusing mechanism. For
each state xi, we linearly weight its neighboring states πk(i)
in Ω with coefficients αk to integrate spatiotemporal context
into a new state hi. By considering both the global long-
range and the local spatial and temporal information, the
fused state variable gains a richer context.

To capture residual spatio-temporal dependencies, we lin-
early re-weight adjacent states with depth-wise 3-D convo-
lutions. Given the maximum number of visits T , we em-
ploy two asymmetric kernels: (1, 3, 3) to capture purely
spatial context and (min(3, T ), 3, 3) to capture joint spa-
tio–temporal information.

K =
{
(1, 3, 3), (min(3, T ), 3, 3)

}
.

and fuse their responses as

h =
∑
s∈K

βs DW-Conv3D(s)
(
x̂
)
, βs =

eαs∑
s∈K

eαs

. (9)

Let x̂ ∈ Rd×T×H×W be the state tensor reshaped to its
spatio-temporal grid. We apply a depth-wise 3D convolu-
tion DW-Conv3D(s)(·) with kernel size s, padding to the
same size, and groups = d, so that each of the d channels is
filtered independently. This preserves the spatial–temporal
receptive field of a standard Conv3D while reducing param-
eters and FLOPs by a factor of d. The αs are learnable logits;
βs are their softmax-normalized weights, ensuring βs ≥ 0
and

∑
s βs = 1.

Model Architecture
As shown in Fig. 3, Each patient contributes a longitudi-
nal series of imaging visits at irregular times 0 < t1 <
· · · < tT . At visit t, a standard mammography study pro-
vides four projections/views: left/right craniocaudal (L/R-
CC) and left/right mediolateral oblique (L/R-MLO). Let
It,v ∈ R3×H×W denote the v-th view (v ∈ {1, . . . , 4}).
We process each image with a Swin-V2 backbone (Liu
et al. 2021) that produces a low-resolution feature map
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Figure 3: Overall architecture of the proposed Time-Aware ∆t-Mamba3D. Top: longitudinal multi-visit, 4-view mammography
is encoded per view with Swin-V2, fused by visit, and processed by a hierarchy of ∆t-Mamba3D blocks before the Risk Hazard
Module. Bottom right: Expanded diagram of a single ∆t-Mamba3D block.

Ft,v = Swin(It,v) ∈ Rd×H0×W0 (H0,W0 ≪ H,W ; e.g.,
H0=W0=8, d=768). Because radiologists integrate infor-
mation across symmetric left/right and CC/MLO views, we
fuse per-visit features by summation, yielding a fused spatial
tensor Vt ∈ Rd×H0×W0 . Stacking across valid visits gives
V ∈ Rd×T×H0×W0 .

Time-Aware ∆t-Mamba3D block. We apply the pro-
posed spatio-temporal state-space block to V together with
the inter-visit gaps ∆t = ti − ti−1 (∆t1 = 0). The block:
(i) flattens the T0×H0×W0 extracted feature to a token se-
quence, (ii) runs a Mamba selective scan whose state up-
date is modulated by the true ∆t for all tokens belonging
to visit t, and (iii) reshapes back to 3D format and ap-
plies a learnable mixture of different depth-wise 3D ker-
nels for 3D neighborhood fusion. The output of the block
is Z ∈ Rd×T×H×W .

Patient embedding and Risk Hazard Module. After en-
coding the irregular time gaps and the spatio-temporal con-
text, we aggregate V across space (mean pool over H0,W0)
and time (masked mean over the T valid visits) to obtain a
patient embedding z ∈ Rd. This embedding feeds the Risk
Hazard Module. In our breast cancer risk prediction setting
we utilize an additive hazard (Yala et al. 2021; Karaman
et al. 2024) and integrate the entire history embedding z,
to estimate the future risk of developing breast cancer. The
cumulative risk over k years (where k ∈ {1, 2, . . . , 5}, as we
target to predict 1- to 5-year risk) is computed by summing
the baseline risk Br(z) with the annual hazard term Hi(z)

P (tcancer = k | z) = σ

(
Br(z) +

k∑
i=1

Hi(z)

)
. (10)

Model Params (M) FLOPs (G) Peak tokens/s (×106)

I3D (3D CNN) 15.9 8.2 5.9
Transformer 7.1 4.0 11.9
GRU-∆t 3.5 0.06 79.0
Neural ODE (6 steps) 1.2 0.36 56.5
ContiFormer 7.5 4.1 11.6
TimeSformer 7.1 2.4 19.6
SegMamba 5.3 0.90 49.7
LongMamba 5.4 0.90 49.7
∆t-Mamba3D (ours) 1.8 0.32 59.3

Table 1: Single-layer efficiency on a 512-token input (T =
8, H = W = 8) with hidden width d = 768. FLOPs are
fused multiply–adds (billions). “Peak tokens/s” is an esti-
mate for an FP16 A100 (312 TFLOP/s) at 30 % utilization.

Handling variable-length series. Because patients have
different numbers of exams, we left-pad every sequence to a
fixed maximum length T . A binary mask suppresses padded
tokens in the temporal pooling step and supplies the correct
∆t values (zero at padded positions).

Experiments
Study Cohorts and Datasets
Our experiments used two independent patient cohorts and
imaging datasets. The first is the Karolinska Case-Control
(CSAW-CC) Dataset (Strand 2022), which is a part of
the Cohort of Screen-Aged Women (CSAW). The CSAW-
CC dataset was specifically curated for developing breast
imaging-based AI tools. It includes women aged 40–74
years old who underwent mammographic screening between
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CSAW Dataset(max 4 prior exams) Independent Dataset (max 8 prior exams)

Model C-index AUC2y AUC3y AUC4y AUC5y C-index AUC1y AUC2y AUC3y AUC4y AUC5y

Time-aware (pooled) baselines
GRU-∆t 0.661±0.03 0.677±0.01 0.661±0.01 0.647±0.01 0.643±0.01 0.576±0.01 0.620±0.01 0.610±0.01 0.587±0.01 0.573±0.01 0.571±0.02
Transformer 0.635±0.01 0.634±0.02 0.631±0.01 0.625±0.01 0.623±0.01 0.647±0.04 0.659±0.01 0.629±0.02 0.605±0.01 0.584±0.02 0.573±0.02
Neural ODE 0.649±0.01 0.657±0.01 0.656±0.01 0.658±0.01 0.658±0.01 0.642±0.02 0.651±0.03 0.652±0.04 0.641±0.02 0.626±0.01 0.609±0.03
ContiFormer 0.659±0.01 0.661±0.01 0.673±0.01 0.681±0.01 0.680±0.01 0.714±0.02 0.695±0.03 0.709±0.03 0.694±0.04 0.665±0.05 0.643±0.05
∆t-Mamba 0.716±0.01 0.738±0.02 0.714±0.01 0.700±0.01 0.695±0.02 0.717±0.01 0.731±0.01 0.726±0.01 0.708±0.02 0.677±0.03 0.657±0.04

Spatio-temporal baselines (uniform time)
I3D 0.690±0.01 0.700±0.01 0.688±0.02 0.680±0.02 0.673±0.02 0.712±0.01 0.722±0.01 0.717±0.02 0.683±0.02 0.654±0.02 0.636±0.01
TimeSformer 0.662±0.01 0.679±0.01 0.674±0.01 0.636±0.02 0.633±0.02 0.717±0.01 0.725±0.01 0.709±0.01 0.687±0.02 0.665±0.02 0.643±0.04
SegMamba 0.704±0.01 0.732±0.03 0.692±0.01 0.684±0.01 0.672±0.01 0.714±0.02 0.723±0.02 0.719±0.01 0.709±0.01 0.688±0.01 0.658±0.01
LongMamba 0.711±0.02 0.722±0.03 0.707±0.02 0.698±0.02 0.689±0.03 0.712±0.01 0.695±0.01 0.695±0.02 0.671±0.02 0.656±0.01 0.621±0.01
Mamba3D 0.713±0.02 0.737±0.02 0.707±0.02 0.710±0.02 0.708±0.03 0.716±0.03 0.729±0.03 0.719±0.02 0.715±0.01 0.698±0.04 0.679±0.02

∆t-Mamba3D 0.742±0.01 0.754±0.02 0.743±0.02 0.730±0.01 0.720±0.01 0.738±0.01 0.749±0.02 0.752±0.02 0.733±0.03 0.719±0.04 0.705±0.05

Table 2: Performance comparisons (mean ± std) on the CSAW (max 4 exams) and Independent (max 8 exams) datasets. All
models share the same Swin-V2 per-visit encoder; model names indicate whether inter-visit gaps (∆t) are used.

CSAW Dataset(max 4 prior exams) Independent Dataset (max 8 prior exams)

Model C-index AUC2y AUC3y AUC4y AUC5y C-index AUC1y AUC2y AUC3y AUC4y AUC5y

Baseline 0.701±0.02 0.726±0.02 0.694±0.05 0.680±0.05 0.670±0.06 0.688±0.01 0.699±0.03 0.697±0.01 0.676±0.01 0.660±0.01 0.642±0.02
k = {1, 3, 3} 0.705±0.01 0.730±0.01 0.709±0.01 0.699±0.01 0.697±0.01 0.710±0.03 0.724 ±0.04 0.702±0.02 0.694±0.02 0.688±0.01 0.649±0.01
k = {3, 3, 3} 0.702±0.01 0.725±0.01 0.695±0.02 0.692±0.01 0.682±0.00 0.718±0.01 0.718±0.01 0.715±0.01 0.702±0.01 0.681±0.02 0.661±0.02
k = {1&3, 3, 3} 0.713±0.02 0.737±0.02 0.707±0.02 0.710±0.02 0.708±0.03 0.716±0.03 0.729±0.03 0.719±0.02 0.715±0.01 0.698±0.04 0.679±0.02

Inter-Slice ∆t-Mamba 0.682±0.01 0.691±0.01 0.658±0.01 0.657±0.01 0.662±0.02 0.692±0.01 0.707±0.01 0.706±0.02 0.697±0.05 0.675±0.06 0.656±0.06
∆t-Mamba 0.716±0.01 0.738±0.02 0.714±0.01 0.700±0.01 0.695±0.02 0.717±0.01 0.731±0.01 0.726±0.01 0.708±0.02 0.677±0.03 0.657±0.04
∆t-Mamba3D 0.742±0.01 0.754±0.02 0.743±0.02 0.730±0.01 0.720±0.01 0.738±0.01 0.749±0.02 0.752±0.02 0.733±0.03 0.719±0.04 0.705±0.05

Table 3: Ablation study on the spatial–temporal module design on the CSAW and Independent datasets. Values are mean ± std.

2008 and 2016 using Hologic imaging systems. To mitigate
potential bias in the risk prediction due to early cancer signs
or early-detectable cancers, patients diagnosed with breast
cancer within six months following the “present” screen-
ing exam were excluded. Our analysis included subjects
who have at least two sequential screening exams. The fi-
nal CSAW-CC cohort consisted of 406 breast cancer cases
(all biopsy-proven) and 6,053 normal controls, with inter-
exam intervals ranging from 12 to 36 months. The second
dataset (denoted as Independent Dataset) is a retrospec-
tively collected case-control cohort at University of Pitts-
burgh Medical Center, with individuals who participated in
routine breast cancer screening from 2007 to 2014 also using
Hologic systems. We have data use agreement for this not-
publicly-available dataset. This cohort comprises 293 breast
cancer cases (all biopsy-proven) and 297 normal controls (at
least 1-year follow-up to ensure normal status). Each subject
had at least two sequential screening mammogram exams,
with inter-exam intervals ranging from 12 to 24 months.

Implementation Details
∆t-Mamba3D models were trained to predict 1- to 5-year
breast cancer risk using sequential screening mammograms.
For each mammogram exam of a patient’s data, it is treated
as a reference time-point (Prior 0) and we then traced back-

ward up to maximum three prior exams in CSAW dataset
and up to seven in the Independent Dataset, with irregular in-
tervals of 12–36 months between consecutive exams. Patient
outcomes (e.g., cancer vs. normal status) were determined
based on the next follow-up exam occurring after k years
since Prior 0, where k corresponds to the prediction horizon
(1–5 years) (Yala et al. 2021). All dataset splits were rigor-
ously performed at the patient level to prevent data leakage.

We employed patient-wise 5-fold cross-validation to eval-
uate the performance of the proposed ∆t-Mamba3D model
on both datasets. In each fold, data is split into training and
testing set in an 80%-20% ratio. To focus the model learn-
ing on breast tissue, we first used LIBRA (Keller et al. 2012,
2015) to segment the breasts and discard the background,
producing images of size 350×400 pixels. To mitigate class
imbalance in the CSAW dataset, we adopt the reweighted
cross-entropy loss function. The model was trained for 30
epochs with a batch size of 8, and the best checkpoint
was selected via a grid search over learning rate of 5e-5
and 1e-5. All experiments were conducted on an NVIDIA
TESLA A100 GPU, courtesy of our institution’s computing
resources. Model performance was evaluated using C-index
and the Area Under the ROC Curve (AUC), with the mean
AUC and standard deviations computed over 5-fold cross-
validation for predicting the 1- to 5-year risk.
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We compared our method with state-of-the-art meth-
ods including: (i) vector-based time-series methods—GRU-
∆t (Che et al. 2018), vanilla Transformer (Vaswani et al.
2017), Neural ODE (Rubanova, Chen, and Duvenaud 2019),
and ContiFormer (Chen et al. 2023); For benchmarking,
each exam is associated with a single inter-visit gap ∆t,
which we feed to GRU-∆t, Neural ODE, and ContiFormer
while leaving all other model components unaltered. We
grid-searched hidden sizes {256, 512} and depths {1–3}
to give each model its best setting. (ii) spatio-temporal
approaches-TimeSformer (Bertasius, Wang, and Torresani
2021), SegMamba (Xing et al. 2024), and LongMamba
(Zhou et al. 2025). Two variants of our proposed framework
were also included for comparison: Mamba3D, which uses
only 3D neighborhood fusion, and ∆t-Mamba, a time-aware
state-space model without 3D neighborhood fusion. In addi-
tion, we also compared performance of our model to several
representative longitudinal breast cancer risk models: Mirai
(Yala et al. 2021), LRP-NET (Dadsetan et al. 2022), Prime+
(Lee et al. 2023), and LoMaR (Karaman et al. 2024). Fi-
nally, we compared the computational complexity of differ-
ent methods.

Results
Table 2 reports validation performance of ∆t-Mamba3D
along with compared methods under two settings: using up
to four prior exams on CSAW Dataset and up to eight exams
on Independent Dataset for breast cancer risk prediction . All
models utilized the same Swin-V2 per-visit encoder, differ-
ing primarily in their handling of inter-visit intervals (∆t)
and in capturing spatio-temporal information.

For the CSAW dataset, time-aware pooled baselines such
as GRU-∆t, Transformer, Neural ODE, ContiFormer, and
∆t-Mamba achieved C-indices ranging from 0.635 to 0.716.
Among these, ∆t-Mamba exhibited the highest perfor-
mance with a C-index of 0.716 and notable AUC scores
across all evaluated intervals. Spatio-temporal baselines, in-
cluding I3D, TimeSformer, SegMamba, LongMamba, and
Mamba3D, showed improved performance, with Mamba3D
achieving a C-index of 0.713. Our proposed ∆t-Mamba3D
significantly outperformed all baselines, achieving the high-
est C-index of 0.742 and superior AUC performance consis-
tently across 2-year (0.754), 3-year (0.743), 4-year (0.730),
and 5-year (0.720) risk prediction.

For the Independent Dataset, similar trends were ob-
served. The time-aware pooled baselines achieved moder-
ate performance, with ∆t-Mamba reaching the highest C-
index of 0.714. Spatio-temporal baselines generally showed
improvements, with Mamba3D obtaining a notable C-index
of 0.716. Our proposed ∆t-Mamba3D model again deliv-
ered the highest performance, yielding a C-index of 0.738
and showing consistently superior AUC scores across all in-
tervals evaluated, including 1-year (0.749), 2-year (0.752),
3-year (0.733), 4-year (0.719), and 5-year (0.705). Overall,
these results underscore the effectiveness of our proposed
method by incorporating true inter-visit intervals (∆t) and
spatio-temporal information into the ∆t-Mamba3D archi-
tecture, highlighting significant improvements over existing
state-of-the-art methods, particularly on long-sequence data.

Computational Complexity
As shown in Table 1, ∆t-Mamba3D delivers an unri-
valled efficiency trade-off. With only 1.8 M parameters and
0.32 GFLOPs per 512-token layer, it achieves a throughput
of 59.3 M tokens/s, much lighter and faster than a vanilla
Transformer and I3D. It also surpasses other attention-based
TimeSformer and ContiFormer by 3–5× in speed while us-
ing far less compute. Compared with its own family vari-
ants, SegMamba and LongMamba, it trims about two-thirds
of their parameters and FLOPs yet is still at least 20% faster.
Although the recurrent GRU-∆t baseline records the high-
est raw speed (79.0 M tokens/s), it requires twice as many
parameters and lacks 3D spatial modelling depth, while the
smaller Neural ODE matches throughput only at a slightly
higher FLOP budget.

Ablation Study
In this section, we ablate several key components of our pro-
posed method to evaluate effects by using the CSAW and
Independent datasets. We construct the baseline model us-
ing the original mamba. 1) Neighbor set: We introduce two
depth-wise 3-D branches: a purely spatial filter (1 × 3 × 3)
and a spatio-temporal filter (3 × 3 × 3). Either branch
alone improves upon the baseline, and using them together
yields an even larger overall performance gain. Time-aware
module: Inter-Slice ∆t-Mamba denotes alternating patches
across visits (inter-slice scan) while injecting the true time
gap at every hop. This variant performs poorly because
it (i) breaks spatial coherence, and (ii) repeatedly triggers
∆t gates, adding noise and destabilizing learning. Adding
∆t alone raises the model performance, and the full ∆t-
Mamba3D achieves the top scores across all horizons. Over-
all observations: (i) coupling the spatial-only branch with
the spatio-temporal branch delivers the best results, because
each captures complementary cues. In our setting, scanning
an image intra-slice before tokenization preserves these ad-
vantages and further boosts performance; (ii) coupling time-
aware scanning with 3D neighborhood fusion yields the
most effective spatio-temporal integration.

Conclusion
We introduced Time-Aware ∆t-Mamba3D, a spatial–
temporal state–space block for modeling longitudinal breast
imaging. This method modulates each state update by the
true inter-visit interval ∆t, and applies a learnable mul-
tiscale, depth-wise 3D neighborhood fusion module that
jointly models spatio-temporal structure and irregular tem-
poral patterns. Integrated into a breast cancer risk predic-
tion framework (up to eight sequential imaging exams/vis-
its; four views per exam), our model consistently outper-
forms recurrent, transformer, and prior visual SSM baselines
in C-index and long-horizon AUCs (1–5y) under two dif-
ferent datasets. Our proposed method scales linearly in se-
quence length, enabling computationally efficient modeling
of decade-long patient histories where quadratic attention
methods like transformer become impractical. Future work
will focus on extending the proposed method to additional
medical imaging modalities and related clinical tasks.
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