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Abstract. Longitudinal analysis of a patient’s screening history is fun-
damental to mammography interpretation. Yet existing deep learning
models struggle with the irregular, continuous-time nature of screening
data, where patient histories involve unevenly timed multi-view exams
paired with evolving textual reports. To address this gap, we introduce
Dynamo, a novel multi-modal pretraining dynamic framework for lon-
gitudinal mammography with two key innovations to model exam time-
lines as latent trajectories, i.e., a coarse-fine grained exam-level tempo-
ral encoder based on Neural Controlled Differential Equations (Neural
CDEs) and a Temporal Visual Question Answering (TVQA) loss for
query-driven masked token prediction conditioned on temporal context.
We perform comprehensive evaluations on downstream tasks including
risk prediction using large-scale datasets (EMBED and CSAW-CC), BI-
RADS assessment, and breast density classification. Across all bench-
marks, Dynamo achieves overall gains over state-of-the-art vision-only
and CLIP-style models, improving both calibration and temporal rea-
soning. On the EMBED dataset, representative gains include 11.81%
relative reduction in Risk Prediction’s Brier Score, 3.59% relative im-
provement in BI-RADS κ, and 2.39% relative improvement in BI-RADS
AUC in zero-shot settings. Our code is available at this URL.

Keywords: Longitudinal Mammography · Dynamic Modeling · Vision-
Language Pretraining.

1 Introduction

Breast cancer remains a leading cause of cancer-related mortality among women
worldwide [1], motivating screening programs that depend on early, reliable
detection. Full-field digital mammography (FFDM) is the primary screening
modality due to its broad availability and demonstrated effectiveness [30]. Each
screening exam typically includes two views per breast (CC and MLO), pro-
ducing four images. In clinical practice, interpretation is inherently longitudinal:

https://github.com/Mortal-Suen/Dynamo
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radiologists compare current findings against prior mammograms and associated
reports to identify subtle temporal changes, improving detection while reducing
avoidable recalls.

Despite this workflow, most deep learning systems for mammography inter-
pret a single multi-view exam in isolation [32,29,13]. Recent work has started to
incorporate screening histories for risk prediction, with models such as MMT [25],
LoMaR [15], and VMRA-MaR [27] using Transformer [28] or Mamba [10]-style
backbones to process sequences of prior exams. While promising, current longi-
tudinal designs leave two gaps. (1) Time is typically injected through discrete
positional/temporal encodings over visits, which does not provide a continuous-
time latent evolution and can be fragile under irregular inter-exam intervals,
missing visits, and long gaps [4]. (2) Most approaches rely on imaging alone,
leaving the accompanying radiology reports unused despite their central role in
clinical comparison.

Separately, vision–language modeling has been explored for mammography
by aligning images with free-text reports, often via CLIP-like objectives [23], im-
proving representation learning and downstream performance [7,8]. These meth-
ods, however, operate at a single time point and therefore do not explicitly
ground language in longitudinal visual evolution.

We propose Dynamo, a multimodal pretraining framework for longitudinal
mammography that addresses both limitations. Dynamo models each patient’s
screening history as a continuous-time latent trajectory via a coarse-to-fine,
exam-level Neural Controlled Differential Equation (Neural CDE) encoder [16],
enabling principled handling of irregularly sampled timelines. To couple lan-
guage with temporal visual context, we introduce a Temporal Visual Question
Answering (TVQA) objective that conditions masked-token prediction on the
learned trajectory, encouraging alignment between report language and image
changes across exams. Our contributions are:

– Continuous-time longitudinal encoder. An exam-level Neural CDE tem-
poral module that directly models irregular inter-exam intervals and yields
robust patient trajectories without discretization or heuristic positional en-
codings.

– Temporal VQA supervision. A query-driven TVQA loss that aligns free-
text descriptions with temporally evolving image features, promoting explicit
reasoning over change across visits.

– Unified multimodal pretraining for screening. A scalable pretrain-
ing recipe that leverages multi-view mammograms and paired reports over
patient histories, producing temporally grounded representations for down-
stream detection, risk prediction, and report understanding.

2 Method

Our proposed Dynamo shown in Fig. 1 explicitly models the dynamically ob-
tained screening information by leveraging a Neural CDE (NCDE) [16] module
to fuse the image information (four-view mammograms) and the radiology text
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Fig. 1: Overview of Dynamo. (a) Coarse/fine Neural CDE trajectory encoder
over irregular exam times; (b) TVQA trajectory-conditioned masked-token pre-
diction with Bio-Clinical BERT; (c) auxiliary contrastive losses for multimodal
regularization.

into a unified longitudinal representation. Dynamo applies a frozen Mirai en-
coder to each view, forming coarse exam level and fine view level streams. These
streams define continuous control paths over exam times and drive parallel Neu-
ral CDEs, producing temporal embeddings that summarize patient history up to
each visit. The resulting context conditions TVQA prediction of masked report
terms, while asymmetry, longitudinal consistency, and image and text contrastive
losses provide clinical and multimodal regularization..
Notation. [a; b] denotes concatenation, ⊙ denotes element-wise product, and
norm(a) = a/∥a∥2.

2.1 Temporal Encoding via Neural CDEs

While exams are discrete, the underlying disease evolution is continuous and
sampled at irregular intervals, we therefore model the patient’s history as a
continuous latent trajectory using a NCDE [16].

This contrasts with discrete-step models (e.g., RNNs, Transformers) that rely
on heuristic positional encodings. The framework inherently uses real-time gaps
as integration periods for the latent state, enabling it to learn nuanced temporal
progression patterns from sparse and irregularly-sampled mammography exams.
Multi-view feature extraction. Each exam comprises four views: L-CC, R-CC,
L-MLO, R-MLO (L/R = left/right breast). Following common mammography
pipelines [31,15,27], we apply a shared, frozen Mirai image encoder [32] E(·)
to each view. To capture multi-scale information, we extract features from two
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different depths of the network. For each view j ∈ {1, . . . ,M} (M = 4 views) of
exam i, we obtain an early-layer feature v

(j)
c,i and a deeper-layer feature v

(j)
f,i . We

then derive two levels of representation per exam: (i) a coarse exam summary
ci ∈ Rdc formed by pooling the earlier-layer features across views, and (ii) a fine
per-view representation fi ∈ RM×df formed by concatenating the deeper-layer
features. Concretely,

ci = 1
M

M∑
j=1

v
(j)
c,i , fi =

[
v
(1)
f,i ;v

(2)
f,i ; . . . ;v

(M)
f,i

]
. (1)

To align dimensions and control capacity we project the coarse and fine
features with learned linear maps ĉi = Wcci+bc and f̂i = Wffi+bf . We append
timestamps as an extra channel and build continuous control paths Xc(t) and
Xf (t) by linear interpolation over knots {(ti, [ĉi; ti])}Ni=1 and {(ti, [f̂i; ti])}Ni=1.
Neural CDE dynamics (per stream). For s ∈ {c, f}, a Neural CDE evolves
a hidden state zs(t) ∈ Rhs driven by the corresponding path Xs(t):

zs(t) = zs(t1) +

∫ t

t1

f
(s)
θ

(
zs(τ)

)
dXs(τ), (2)

Where zs(t1) = ζ
(s)
θ

(
Xs(t1)

)
initializes the hidden state based on the first ob-

servation, and time is included as an explicit channel in the input path. We
numerically integrate Eq. (2) forward with an adaptive Runge–Kutta solver
(dopri5) [2,3] to obtain {zs(ti)}Ni=1.
Fusion at exam times. At each exam, we compute a time conditioned temporal
embedding by fusing the per-stream states: zi = [zc(ti); zf (ti)] ∈ Rh,
Contextual temporal embedding. We refer to zi as the temporal embedding
for exam i. By integrating up to ti, zi summarizes the entire imaging history
through exam i and serves as a compact, time-conditioned context for down-
stream reasoning. In effect, zi functions as an informed prior over likely findings
at visit i given the observed trajectory.

2.2 Temporal Visual Question Answering (TVQA)

To facilitate longitudinal vision-language pretraining, we pair each exam i with
a report token sequence (wi,1, . . . , wi,Li

). Following the masked language model-
ing paradigm, we independently mask each token with probability p=0.15, yield-
ing the masked index set Mi ⊆ {1, . . . , Li}. Text is encoded with Bio-Clinical
BERT [17], producing contextual states hi,l ∈ Rdh . Let zi ∈ Rdz be the temporal
embedding from Sec. 2.1.
Masked-token prediction with temporal context. We first align dimen-
sions by projecting zi to the text hidden size:

z̃i = Wtzi + bt, Wt ∈ Rdh×dz , bt ∈ Rdh . (3)

For each masked position l ∈ Mi, we form a joint input ui,l = [hi,l, z̃i] ∈
R2dh . To selectively route information between textual grammar and visually
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grounded findings, we capture complex nonlinear multimodal dependencies using
an adaptive gate:

gi,l = σ
(
Wg2 GELU

(
Wg1 ui,l + bg1

)
+ bg2

)
, (4)

with gi,l ∈ [0, 1]dh , Wg1∈Rdh×2dh , Wg2∈Rdh×dh , and biases bg1,bg2 ∈ Rdh .
The gated fusion interpolates between modalities:

h̃i,l = gi,l ⊙ hi,l +
(
1− gi,l

)
⊙ z̃i, (5)

where z̃i is broadcast over l. When gi,l ≈ 1 the model leans on text; gi,l ≈ 0 it
relies on the temporal visual context.
Prediction head and loss. A standard two-layer MLP prediction head (with
LayerNorm and GELU) computes the vocabulary distribution P (· | h̃i,l) from
the final hidden state. The model is trained using the cross-entropy loss over the
N masked tokens in the batch:

LTVQA = − 1

N

∑
i

∑
l∈Mi

logP (wi,l | h̃i,l). (6)

This objective formulates each mask as a visual query for exam i, conditioned
on its longitudinal history, to drive the reconstruction of visually grounded terms.

2.3 Asymmetry-aware contrastive loss

Bilateral symmetry provides a strong inductive bias in screening mammography,
where unilateral deviations are clinically salient [18,5]. We encourage contralat-
eral embeddings from the same exam and view to be close while separating
mismatched pairs.

For exam i and view v ∈ {CC,MLO}, let fi,L,v and fi,R,v be ℓ2-normalized
image embeddings (after a projection head). Construct pairs (ap,bp) with labels
yp ∈ {0, 1}, where yp=1 iff (ap,bp) = (fi,L,v, fi,R,v) for some (i, v), and yp=0
otherwise. Negatives are sampled across patients and matched by view. With
margin δ ∈ (0, 1) and cp = cos (ap,bp), the loss is

Lasym = 1
|A|

∑
p∈A [yp(1− cp) + (1− yp)[cp − δ]+] (7)

2.4 Auxiliary contrastive modules

We add two auxiliary terms to regularize the representation. (i) Longitudi-
nal contrastive consistency(Llong) : we fuse each view embedding with its
temporal context, ri,m = norm([fi,m; zi]), and apply a multi-positive InfoNCE
objective that treats all other images from the same patient as positives [21]. (ii)
Image–text alignment (Lclip): we align image and report embeddings with
the symmetric CLIP contrastive loss [23].
Overall objective. The total pretraining loss is a weighted sum of the TVQA
loss and the auxiliary losses:

Ltotal = λtvqa LTVQA + λasym Lasym + λlong Llong + λclip Lclip, (8)

where each (λ• ≥ 0) is a trade-off hyperparameter selected on a validation set.
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3 Experiments

3.1 Dataset

We use two longitudinal cohorts: EMBED [14] and CSAW-CC [26]. All base-
lines are trained and/or evaluated on the same EMBED/CSAW-CC patient
wise 70/10/20 train/val/test splits as Dynamo. Both contain multi-view FFDM
screening timelines, with multiple exams available for ≈64% (EMBED) and
≈75% (CSAW-CC) of patients. EMBED provides pathology-verified outcomes;
we generate de-identified structured pseudo-reports via deterministic slot fill-
ing from tabular annotations following [7], excluding post-hoc outcome fields
to prevent leakage. CSAW-CC lacks textual records, so evaluation there uses
vision-only inference.

3.2 Implementation details

We train Dynamo on 8× NVIDIA H200 GPUs for 30 epochs (batch size 256)
with learning rate 2×10−3 (2-epoch warmup) decayed to 10−6, weight decay
0.01, gradient-norm clipping at 1.0, and 8 data-loading workers. We optimize
end-to-end with the multi-task loss in Eq. (8), using masked-token TVQA as the
primary term and asymmetry, longitudinal, and image–text (CLIP) contrastive
losses as auxiliary alignment; λtvqa=1.0 and λasym=λlong=λclip=0.5.
Evaluation metrics and reporting. Following prior mammography risk mod-
eling [32,5,27] and survival/classification evaluation [11,9,12,20], we report cal-
ibration (WMAE; sample-weighted) and probabilistic accuracy (Brier Score),
ranking concordance (Harrell’s C-index), discrimination (AUC at 1–5 y), and
agreement (Cohen’s κ). For table consistency, we express AUC, C-index, and κ
in percentage points (%), and display WMAE and BS on the same scale.
Computational requirements. The final Dynamo model contains 121M pa-
rameters. Pretraining was performed using PyTorch FP16 distributed data par-
allel training on 8 NVIDIA H200 GPUs, requiring 132 total GPU and CPU hours.
Inference on 115,810 test samples took approximately 0.3 h, corresponding to
0.0026 h per 1,000 samples.

3.3 Results on downstream tasks

Risk prediction and calibration (EMBED). Table 1 indicates Dynamo
shows strong overall performance. It achieves the best calibration (lowest WMAE
and BS) and the highest C-index (82.79%). For discrimination, Dynamo shows
high long-horizon (3–5 year) AUCs, while VMRA-MaR [27] performs best at
early (1–2 year) horizons. Overall, Dynamo shows better calibration, concor-
dance, and long-horizon discrimination than the baselines.
BI-RADS classification. In Table 1, CLIP-style pretraining outperforms Vision-
only in zero-shot. Dynamo shows the highest performance across zero-shot, lin-
ear, and full fine-tuning(FT) settings, outperforming MaMA [7]. Table 2 further
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Table 1: Risk and BI-RADS performance on EMBED. We report calibra-
tion (WMAE ↓, BS ↓), ranking (C-index ↑), 1–5y risk AUCs, and BI-RADS AUC
and κ under zero-shot / linear probing / full fine-tuning. Methods are grouped as
Vision Only, CLIP style, and Dynamo. Bold/underline mark best/second-best.
Model WMAE BS (%) C-index

Risk Prediction (AUC) BI-RADS AUC (%) BI-RADS κ (%)

1y 2y 3y 4y 5y Zero-shot Linear Full FT Zero-shot Linear Full FT

Vision Only

OncoNet [31] 2.35 34.97 71.71 81.36 78.99 74.10 73.26 66.63 – 59.83 61.25 – 57.65 58.13
Random-ViT [6] 2.23 32.62 72.82 82.29 78.00 75.19 74.18 72.24 – 60.45 61.78 – 58.20 60.52
AsymmMirai [5] 1.96 27.43 80.72 88.16 80.14 78.87 76.93 74.93 – 61.22 62.34 – 60.71 61.10
DiNOv2-ViT [22] 2.17 27.97 79.69 85.09 83.70 81.96 77.98 78.14 – 69.58 67.92 – 68.32 67.47
Mirai [32] 2.10 31.25 78.96 90.23 80.82 78.01 78.91 75.91 – 71.24 72.54 – 68.89 72.15
VMRA-MaR [27] 1.45 25.26 82.14 93.65 87.30 84.28 81.15 84.38 – 74.32 75.83 – 71.58 75.36

CLIP style

CLIP [23] 1.92 26.46 74.26 80.90 75.37 59.61 61.54 61.00 58.12 73.71 72.15 55.61 72.40 71.72
ALBEF [19] 1.88 23.26 75.34 83.53 79.97 77.25 62.39 60.08 67.00 70.98 71.24 65.82 70.27 70.88
MedGemma-4b [24] 1.78 24.05 73.20 84.86 76.24 67.82 63.95 66.65 68.32 71.52 73.09 67.68 71.21 72.35
Mammo-CLIP-B2 [8] 2.09 37.50 72.32 71.73 64.08 69.36 67.40 62.10 55.31 66.58 69.20 52.72 66.03 69.00
Mammo-CLIP-B5 [8] 1.85 33.65 69.52 74.30 68.30 64.03 65.84 68.39 56.83 69.14 71.34 55.40 68.03 70.66
MaMA [7] 1.42 15.32 77.62 86.72 86.37 82.54 81.84 82.90 75.24 78.33 78.12 73.26 77.48 77.57

Ours

Dynamo 1.38 13.51 82.79 91.35 84.61 84.28 81.91 85.19 77.04 78.54 79.01 75.89 77.84 78.34

Table 2: Risk prediction AUC (1y/5y) by BI-RADS density and BI-RADS
classification performance (Full FT) on EMBED.
Model C-index (%) Risk Pred. AUC (1y) (%) Risk Pred. AUC (5y) (%) BI-RADS AUC and κ (%)

A B C D A B C D A B C D A B C D A B C D

Vision Only

OncoNet [31] 73.54 74.59 70.79 67.92 85.48 82.23 81.39 76.34 68.79 67.54 66.66 63.53 63.27 62.74 60.03 58.96 60.64 59.07 57.19 55.62
Random-ViT [6] 76.85 74.20 71.59 68.64 85.37 82.30 81.26 80.23 75.34 73.25 71.99 68.38 63.94 62.57 61.32 59.29 62.41 62.54 58.29 58.84
AsymmMirai [5] 80.56 78.93 82.79 80.60 93.10 89.82 86.34 83.38 76.79 74.74 74.38 73.81 64.68 63.92 61.71 59.05 64.10 63.81 61.26 55.23
DiNO-v2-ViT [22] 80.56 81.52 78.75 77.93 88.02 89.33 83.64 79.37 82.09 81.48 76.65 72.34 69.10 68.27 67.93 66.38 69.05 67.92 67.80 65.11
Mirai [32] 82.77 79.59 78.33 75.15 92.92 91.43 89.37 87.20 78.57 77.10 74.63 73.34 75.69 73.26 73.18 68.03 74.93 73.17 72.85 67.65
VMRA-MaR 81.06 81.09 82.93 83.48 94.66 91.59 94.73 93.62 83.42 85.43 84.48 84.19 76.28 77.31 74.51 75.22 75.98 77.19 73.62 74.65

CLIP style

CLIP [23] 77.96 75.46 73.26 70.36 84.83 83.17 79.88 75.72 64.96 60.09 61.07 57.88 71.29 72.25 72.09 72.97 70.94 72.14 71.85 71.95
ALBEF [19] 78.28 76.17 75.49 71.42 87.58 84.53 83.50 78.51 62.47 60.61 59.48 57.76 73.23 72.60 70.58 68.55 72.98 72.41 70.11 68.02
MedGemma-4b [24] 76.49 74.23 73.12 68.96 86.70 87.53 81.42 83.79 66.57 72.70 64.62 62.71 75.91 74.26 71.08 71.11 74.82 74.10 70.73 69.75
Mammo-CLIP-B2 [8] 75.08 74.27 71.47 68.46 74.56 75.83 68.02 68.51 63.85 63.14 62.40 59.01 70.19 70.07 68.37 68.17 69.81 69.97 68.32 67.90
Mammo-CLIP-B5 [8] 75.57 69.50 68.51 64.50 76.24 77.48 72.13 71.35 70.36 68.41 69.47 65.32 72.41 73.54 69.20 70.21 72.15 73.01 68.97 68.51
MaMA [7] 79.52 78.62 76.80 75.54 87.61 89.74 87.70 81.83 83.74 82.25 84.01 81.60 79.01 79.24 78.16 76.07 78.11 78.24 77.80 75.77

Ours

Dynamo 80.77 81.50 84.05 84.84 89.32 92.44 90.26 93.38 84.13 86.27 84.96 85.40 79.58 79.36 78.24 78.86 78.41 78.26 78.01 78.68

shows density-stratified results, where Dynamo maintains strong full-FT BI-
RADS AUC and κ across density groups. These gaps suggest multimodal pre-
training aligns better with BI-RADS semantics, improving zero-shot and label-
efficient transfer.
Generalization to CSAW-CC. Fig. 2(a) indicates that the EMBED-trained
Dynamo preserves the lowest calibration errors and strongest 3–5y discrimina-
tion on CSAW-CC. At 1–2y, survival-style Vision-only baselines (trained on
CSAW-CC) can be slightly ahead, but Dynamo consistently outperforms CLIP-
style models overall, suggesting that its calibration and long-horizon ranking
advantages transfer across cohorts despite distribution shift.
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Ours VMRA
MaR

MaMA MedGemma
4b

Mirai DiNO-v2
ViT

Model

78

82

86

90

94

A
U

C

Top 6 models across prediction horizons

60 70 80 90
Mean AUC

CLIP

ALBEF

AsymmMirai

Mammo-CLIP-B2

Mammo-CLIP-B5

OncoNet

Random-ViT

DiNO-v2-ViT

Mirai

MedGemma-4b

MaMA

VMRA-MaR

Ours

68.28

68.85

69.66

69.67

70.94

75.51

77.67

82.10

82.38

84.00

84.79

86.51

87.96

Ranked mean performance

1y 2y 3y 4y 5y

(a) All evaluated models

60 70 80 90
Score (%)

Penultimate
Dropout

Second Exam
Dropout

Random Intermediate 
Dropout

Hyper-Irregular

Hyper-Regular

+13.9

+9.9

+10.4

+17.2

+5.2

C-index

70 75 80 85 90 95 100
Score (%)

+10.9

+7.2

+8.0

+14.8

+5.1

1-Year AUC

65 70 75 80 85 90
Score (%)

+12.5

+6.7

+8.7

+15.3

+3.6

5-Year AUC
Transformer CDE (ours)

95

(b) Temporal robustness analysis

Fig. 2: Predictive performance and robustness of Dynamo. (a) The 1–5-
year AUC values and mean AUC for all models on CSAW-CC (b)Temporal
robustness analysis of the proposed CDE versus a Transformer baseline under
extreme resampling and data dropout on EMBED.

Table 3: Ablation experimental results on EMBED. We report C-index,
1-Year and 5-Year AUC for risk prediction, and BI-RADS prediction AUC under
linear probing (Lin. Probe) and full fine-tuning (Full FT).

Design Choices Risk Pred. (%) BI-RADS Pred. (%)

Loss Ablation Temporal Encoding Image Encoder Multi-Scale C-index 1Y-AUC 5Y-AUC Lin. Probe Full FT
Llong Ltvqa Lasym NeuralCDE Transformer Mirai Mammo Coarse Fine

✓ ✓ ✓ ✓ ✓ ✓ 72.30 80.26 67.82 61.48 62.51
✓ ✓ ✓ ✓ ✓ ✓ 73.08 82.34 70.88 61.90 63.04
✓ ✓ ✓ ✓ ✓ ✓ 76.91 82.58 71.40 67.24 69.96
✓ ✓ ✓ ✓ ✓ ✓ ✓ 75.38 85.24 78.91 70.26 71.93
✓ ✓ ✓ ✓ ✓ ✓ ✓ 71.29 74.29 71.93 63.87 64.82
✓ ✓ ✓ ✓ ✓ ✓ 76.41 85.38 80.77 74.48 76.59
✓ ✓ ✓ ✓ ✓ ✓ 80.25 86.51 82.38 76.15 78.45

✓ ✓ ✓ ✓ ✓ ✓ ✓ 82.79 91.35 85.19 78.54 79.01

3.4 Ablation study

We perform comprehensive ablation experiments on EMBED, with results shown
in Table 3. The removal of TVQA has the most pronounced effect, producing
uniform drops of roughly one order of magnitude across metrics. Replacing the
continuous-time NCDE with a temporal Transformer consistently underperforms
the full model in the C-index, 1y/5y AUC and in the BI-RADS AUC, highlighting
the benefit of continuous-time trajectory modeling. Excluding the asymmetry
loss also degrades results, indicating that left–right correspondence is a useful
inductive bias. On the image backbone side, Mirai [32] is clearly preferable to
a Mammo-only encoder, suggesting that richer pretraining is critical. Finally,
multi-scale inputs are complementary: fine-only surpasses coarse-only, and using
both scales delivers the best results across all endpoints.

3.5 Temporal Robustness Analysis

Evaluating temporal dynamics, NCDE [16] outperforms a Transformer [28] base-
line across a balanced subset of the most regular and irregular screening intervals
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(404 patients each), with pronounced gains under irregular sampling (Fig. 2b).
Moreover, selectively removing intermediate visits substantially degrades Trans-
former performance, demonstrating NCDE’s robustness to temporal sparsity.

4 Conclusion

In this work, we introduced Dynamo, a multi-modal pretraining framework de-
signed to address key challenges in longitudinal mammography analysis. Our
approach remedies the "irregularity gap" of discrete models by employing a
Neural Controlled Differential Equation (CDE) to represent irregular patient
screening timelines as continuous latent trajectories. Concurrently, it bridges
the "temporal reasoning gap" of static vision-language models by introducing
a Temporal Visual-Question Answering (TVQA) loss, which compels the model
to ground semantic representations in the temporal evolution of imaging data.
Evaluations on two large scale longitudinal datasets, EMBED and CSAW-CC,
demonstrated the framework’s effectiveness. Future work will focus on improv-
ing short-term predictive accuracy, validating the approach across more diverse
multi-center international cohorts and on datasets that include free-text reports,
and extending this continuous-time, query-driven pretraining paradigm to other
medical imaging domains characterized by irregular longitudinal data.
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