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Abstract

Medical vision—language pretraining typically relies on static
image—text pairs, overlooking temporal cues vital for under-
standing clinical progression. This limits model sensitivity to
evolving semantics and reduces their effectiveness in real-
world clinical reasoning. To address this challenge, we pro-
pose TAMM—a temporal alignment framework that lever-
ages weak but semantically rich supervision from large lan-
guage models (LLMs). Given temporally adjacent clinical re-
ports, LLMs automatically generate (i) coarse-grained trend
labels (e.g., improving or worsening), and (ii) fine-grained
rationales explaining the supporting clinical evidence. These
complementary signals inject temporal semantics without re-
quiring manual annotation, and guide vision-language rep-
resentation learning to capture trend-sensitive cross-modal
alignment and rationale-grounded coherence. Experiments on
multiple medical benchmarks demonstrate that TAMM im-
proves retrieval and classification performance while yield-
ing more interpretable, temporally consistent embeddings.
Our results highlight the potential of leveraging LLM-derived
supervision to equip vision—language models with temporal
awareness critical for clinical applications.

Introduction

Pretraining medical vision—language models has become a
powerful paradigm for learning generalizable cross-modal
representations by aligning radiological images with asso-
ciated free-text reports (Huang et al. 2021; Wang et al.
2022a; Zhou et al. 2022; Wan et al. 2023; Zhou et al. 2023).
These methods typically operate on static image—text pairs
drawn from individual patient visits, using contrastive objec-
tives (Cheng et al. 2023; Zhou et al. 2023) or masked mod-
eling (Moon et al. 2022; Zhang et al. 2025) to align visual
and textual semantics. While effective for capturing cross-
modal correspondences at a single timepoint, such formu-
lations largely ignore the longitudinal nature of real-world
patient data.

In actual clinical practice, diagnosis and treatment deci-
sions are rarely made based on isolated observations. Physi-
cians routinely examine longitudinal records—comparing
past and current imaging studies alongside associated re-
ports—to track disease progression or recovery. This process
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of temporal reasoning is critical for interpreting ambiguous
findings, planning interventions, and evaluating response
to therapy. For instance, determining whether a pulmonary
opacity is resolving or worsening often hinges not on the
current scan alone, but on subtle linguistic trends across time
such as “slightly decreased” or “newly emerged.” Although
large-scale datasets (e.g., (Johnson et al. 2019)) contain
sequences of temporally ordered image—report pairs, most
vision—language pretraining methods ignore this structure,
treating each instance in isolation. Some recent works (Ban-
nur et al. 2023; Yang et al. 2024) attempt to incorporate tem-
poral metadata or time-aware sampling, yet they often lack
direct semantic supervision for modeling clinical evolution.
Designing learning objectives that faithfully reflect medical
trend dynamics remains a key challenge, largely due to the
scarcity of annotated temporal labels.

To address this gap, we propose TAMM, a Temporal
Alignment framework for Medical vision—language
Modeling that introduces LLM-guided temporal supervi-
sion. Given temporally adjacent reports, a large language
model (LLM) automatically derives two complementary
signals: (i) coarse-grained trend labels indicating whether
the patient’s condition improved, worsened, or remained
stable, and (ii) fine-grained rationales that provide textual
evidence supporting the trend. These semantically rich
annotations inject clinically meaningful temporal semantics
into pretraining—without requiring human labeling. TAMM
leverages these signals to jointly model temporal alignment
and cross-modal semantic coherence. It integrates a con-
trastive objective to align image—text representations across
adjacent timepoints, capturing directional progression,
and a rationale-guided objective that explicitly grounds
visual features to clinically salient textual changes. This
dual supervision enables the model to detect fine-grained
temporal semantics, improving robustness to representation
drift and enhancing generalization on temporally structured
tasks.

We evaluate TAMM on multiple medical benchmarks and
show that it consistently improves retrieval and classification
performance while producing more interpretable and tempo-
rally consistent representations. Our contributions are:

* We introduce LLM-guided temporal supervision that en-
ables vision—language models to leverage longitudinal
data without manual annotations.



* We propose TAMM, a unified framework that aligns mul-
timodal representations across time through trend-aware
contrastive learning and rationale-guided grounding.

* We demonstrate that TAMM enhances temporal sensitiv-
ity, coherence, and interpretability in downstream medi-
cal vision—language tasks.

Related Work

Temporal Modeling in Multimodal Medical Data. Prior
work on medical vision-language pretraining (VLP) has pri-
marily focused on static cross-modal alignment, typically
aligning single image-report pairs using objectives such as
contrastive learning or masked token reconstruction (Boeck-
ing et al. 2022; Huang et al. 2024; Zhang et al. 2023b; Zhou
et al. 2022; Zhang et al. 2023a; Li et al. 2025). For instance,
MedKLIP (Wu et al. 2023) and MedCLIP (Wang et al.
2022b) incorporate entity-level and descriptive cues, while
MGCA (Wang et al. 2022a) captures intra-modal seman-
tic consistency. MRM (Zhou et al. 2023) further improves
cross-modal understanding by jointly reconstructing masked
image patches and report tokens. However, all these meth-
ods treat each image-report pair independently and overlook
the temporal evolution of disease states across longitudinal
clinical visits. Recent studies have begun to explore tempo-
ral modeling in radiology (Bannur et al. 2023; Yang et al.
2024; Moon et al. 2022). For instance, ALTA (Moon et al.
2022) uses prior-view X-rays for temporal context but is lim-
ited to unimodal setups and lacks an explicit temporal objec-
tive. Med-ST (Yang et al. 2024) introduces cross-modal cy-
cle consistency from historical image-text pairs but focuses
mainly on bidirectional mapping, without explicitly model-
ing semantic progression. Our method addresses these limi-
tations by reorganizing longitudinal data into temporally or-
dered sequences and leveraging LLM-generated trend sig-
nals to supervise representation changes over time.

LLMs and Reasoning-Guided Supervision. LLMs have
shown strong capabilities in biomedical QA, report sum-
marization, and zero-shot clinical reasoning (Singhal et al.
2022; Wang, Zhao, and Petzold 2023; Shaib et al. 2023;
Yunxiang et al. 2023; Moor et al. 2023). Their use as su-
pervisory signals in medical Al is emerging, particularly in
weakly supervised settings (Phan et al. 2024; Wang et al.
2024). Prior studies have explored explanation-driven train-
ing with rationales (Wang et al. 2023; Gai et al. 2024) or en-
forcing consistency via bidirectional reasoning (Sultan et al.
2025; Chen et al. 2023). However, few have extended these
ideas to longitudinal modeling, where temporal supervision
is scarce and disease progression subtle. Our work intro-
duces a novel use of LLMs to generate complementary tem-
poral supervision signals.

Method
Method Overview

We consider a medical dataset D consisting of patient-
specific sequences of diagnostic visits, where each visit con-
tains an image-text pair. Formally, D = {Si,...,S|p}.

where each S; = {(L;+, Tiy) “Sill is a temporally ordered
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sequence of studies for patient <. Here, I; ; and T; ; denote
the image and report at time ¢. Our objective is to pretrain a
vision-language model that leverages such longitudinal data
to learn representations sensitive to semantic trends—such
as clinical improvement or deterioration—across time. To
this end, we propose TAMM, a pretraining framework that
leverages LLMs to provide informative temporal supervi-
sion, as shown in Figure 1. TAMM extracts two types of
signals from temporally adjacent reports: coarse-grained
trend labels (e.g., improved, stable, worsened) and fine-
grained rationales describing the supporting clinical evi-
dence. These signals are integrated into three key compo-
nents. First, LLM-Guided Temporal Signal Extraction de-
rives trend and rationale annotations from neighboring re-
ports. Next, Trend-Aware Representation Alignment aligns
cross-time representation shifts with the extracted trend la-
bels. Finally, Rationale-Conditioned Temporal Representa-
tion Learning uses rationales to guide semantic alignment
across time, grounding visual features to clinically mean-
ingful textual changes.

LLM-Guided Temporal Signal Extraction

Understanding disease progression from longitudinal data
requires identifying subtle and clinically meaningful
changes between visits. However, manual annotation of such
transitions is costly, inconsistent, and infeasible at scale. To
address this, we leverage the zero-shot reasoning capabili-
ties of LLMs to extract semantically meaningful temporal
signals from report pairs.

Given each temporally adjacent report pair (T; ¢, T; +41),
we prompt an LLM to generate two outputs: (1) a discrete
trend label y; ;, € {—1,0,1}, representing worsening, sta-
ble, or improving in patient’s condition; and (2) a natural
language rationale s;%**°" that highlights clinical observa-
tions supporting the assigned label (e.g., “increased effu-
sion” or “reduction in lung opacity”). To enhance reliabil-
ity, we apply a bidirectional prompting strategy: the LLM
is also queried on the reversed report order (T; ;41,T; ) to
produce a counter-trend label yffzunter and rationale sggunter.
We retain only those samples satisfying a directional consis-
tency check: y§9"*" = —y, ;. This filters noisy or ambigu-
ous responses, 7ensuring the extracted signals are semanti-
cally and temporally coherent. The resulting trend labels and
rationales serve as pseudo-supervision for the subsequent
modules in TAMM. The trend labels guide the alignment of
representation shifts across time, while the rationales inform
bidirectional text-guided visual representation.

Trend-Aware Representation Alignment

To model clinically meaningful temporal progression, we
propose a trend-aware representation alignment module that
aligns changes in multimodal representations with pseudo
trend labels derived from LLMs. For each patient sequence
Si = {(Lit, Tiv) L‘ill‘, we use an image encoder fi (ViT-
B/16 (Dosovitskiy et al. 2020)) and a text encoder fr (Bio-
Clinical BERT (Alsentzer et al. 2019)) to extract both global

and fine-grained representations. Specifically,

x{ Xiel = filie), [}, Rie] = fr(Tie), (1)
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Figure 1: Overview of TAMM. Given temporally adjacent image-report pairs, TAMM uses an LLM to extract discrete trend
labels and fine-grained rationales. These signals supervise two key modules: a trend-aware alignment module that aligns rep-
resentation shifts with predicted trends, and a rationale-conditioned module that enforces bidirectional temporal consistency
across modalities. A standard image—text alignment module is jointly trained to learn cross-modal embeddings.
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To capture temporal dynamics, we compute first-order
differences between adjacent timepoints:
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These difference vectors are passed through a shared trend
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gories:

v

where yZ s yz(

= PrOjTREND(AXi,t)a

o(r) _

yz ¢ = Projrrenp (Ari ),

3

t) € R? represent predicted logits for wors-
ening, stable, and improving.
Pseudo labels y; ; € {—1,

0,1} are generated via LLM-

based bidirectional prompting and are mapped to class in-
dices {0,1,2}. We define the classification losses for the

image and text modalities as:

[Si|—1

>

t=1

1

Etrend,img = |S|71
| —

|Si|—1

D

t=1

1
|Si| — 1

Etrend,text =

exp(y s et

2
Z] 0 eXp(y

)
@0y |

“

—log

eXp(yl(? [yi,e+1] )
(r]

—log
2
Z] =0 eXp(yz t

)
&)

19668

The loss averages both modalities:

Ctrend = (Ltrend,img + l:trend,text) .

3 (6)

This trend-aware alignment objective guides the model to
encode temporally sensitive features aligned with clinically
meaningful changes, supporting better longitudinal under-
standing and downstream prediction.

Rationale-Conditioned Temporal Representation
Learning

We introduce a rationale-conditioned temporal representa-
tion learning module that encourages the model to predict
visual features at adjacent timepoints, guided by natural lan-
guage rationales generated by LLMs. For each report pair
(T4, Tit41), the LLM provides two explanations: a for-
ward rationale s;%**°" describing the change from ¢ to t+1,
and a backward (counterfactual) rationale sc‘)“nter describ-
ing the inverse transition. We encode these usmg the same
text encoder fr:

i = fo(siE™"), = fr(s ), (D

it
where ej°", ef3" et € R< are semantic embeddings of
the corresponding rationales. We use these embeddings to
guide the prediction of visual patch features across time.
Given fine-grained image representations X; ;, € RM*9, we
predict features at the adjacent timepoints using a vision-
language fusion model fyr(-,-) (Yan et al. 2025):

)

reason
it

counter
7,t

counter
7,t

reason

Xitr1 = fvom(Xit, eit

counter
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where X; 141, X;; € RMxd are predicted features condi-
tioned on the respective rationales.

To enforce semantic fidelity, we minimize a bidirectional
alignment loss between the predicted and original visual fea-
tures:

[Sil—1

o
|Si| — 1

£consistency -

(HXi,tJrl — Xie1]l5

+ HXM - XmH%) &)

This module promotes temporally coherent visual fea-
tures grounded in reasoning, with a bidirectional design cap-
turing dynamic disease changes for improved interpretabil-
ity and clinical alignment.

Overall Objective

TAMM is trained with a unified objective that jointly cap-
tures temporal dynamics and cross-modal alignment. The
temporal loss combines coarse-grained trend supervision
with fine-grained reasoning consistency:

(10)

»thmporal = »Ctrcnd + Acons»cconsistcncya

where \.ons controls the trade-off between the two temporal
signals.

To encourage semantic alignment between images and
reports at each visit, we adopt a CLIP-style symmetric In-
foNCE loss (Radford et al. 2021) over global embeddings.
Let £]"°N°E denote the bidirectional contrastive loss for each
image-report pair (I; 4, T; ), as defined in (Radford et al.
2021). The global alignment loss is computed by averaging
over visits within each patient:

L _ 1 InfoNCE
global — it .
~ |4
7 t

(1D

The overall training objective is:

Ltotal = Eglobal + Etemporab (12)

This joint formulation enables TAMM to learn image-text
representations that are both semantically aligned and tem-
porally coherent with underlying clinical trajectories.

Experiments
Experimental Setting

Pretraining Data. We pretrain TAMM on the MIMIC-
CXR dataset (Johnson et al. 2019), which includes chest
radiographs and paired free-text reports. To support tempo-
ral modeling, we reorganize the data into patient-level se-
quences sorted by study time. Each sequence contains up
to four consecutive image—report pairs (Yang et al. 2024).
Shorter sequences are retained. This restructuring yields ap-
proximately 92,255 sequences for pretraining.

Downstream Tasks. We evaluate TAMM on diverse
vision-language and temporal reasoning benchmarks with
datasets disjoint from pretraining. For cross-modal retrieval,
we use MIMIC-5x200 (Wang et al. 2022b) and report P@1,
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P@2, P@5, and P@10 for both image-to-text and text-to-
image retrieval. For zero-shot classification, we evaluate on
COVIDx (Wang, Lin, and Wong 2020) and RSNA Pneu-
monia (Shih et al. 2019), reporting accuracy and F1 scores.
For temporal image classification, we fine-tune on Chest Im-
aGenome (Wu et al. 2021) and test on MS-CXR-T (Bannur
et al. 2023), using macro-average accuracy over progression
types. For temporal sentence similarity classification, we
conduct zero-shot binary classification on MS-CXR-T (Ban-
nur et al. 2023) sentence pairs, reporting accuracy.

Baselines We compare TAMM against recent state-of-the-
art methods, grouped by whether they incorporate tem-
poral dynamics. Non-temporal vision-language models fo-
cus on static image—text alignment: MGCA (Wang et al.
2022a) aligns radiographs and reports at multiple granular-
ities; MedCLIP (Wang et al. 2022b) enhances contrastive
learning with semantic matching; CARZero (Lai et al. 2024)
utilizes LLM-based prompts and cross-attention for zero-
shot classification; PRIOR (Cheng et al. 2023) integrates
cross-modal reconstruction with global-local supervision;
and MAVL (Phan et al. 2024) employs LLMs and disease
decomposition for better attribute grounding. In contrast,
temporal modeling baselines explicitly model longitudinal
progression: Med-ST (Yang et al. 2024) introduces cycle
consistency across time to capture disease evolution, and
ALTA (Lian et al. 2025) adopts masked pretraining with
temporal views and efficient tuning. These methods provide
strong references to evaluate TAMM’s temporal reasoning
capability.

Implementation Details. We initialize TAMM using pre-
trained MGCA weights for faster convergence and improved
stability. The model is trained for 8 epochs on 4 NVIDIA
A40 GPUs. We use the AdamW optimizer (Loshchilov and
Hutter 2017) with a weight decay of 1 x 10~% and an ini-
tial learning rate of 1 x 10°. A cosine annealing scheduler
with 40% warm-up is applied, gradually reducing the learn-
ing rate to 1 x 10~%. All images are resized to 256 x 256, fol-
lowed by a random crop to 224 x 224 for data augmentation.
For downstream tasks, we either fine-tune a lightweight clas-
sification head or evaluate the pretrained model in a zero-
shot manner, depending on the benchmark. For the cross-
modal retrieval and temporal sentence similarity classifica-
tion tasks, no standard deviation is reported because these
are evaluated in a zero-shot manner on the pretrained model
without additional training. In contrast, the temporal image
classification and zero-shot classification tasks require fine-
tuning a lightweight classification head. For these, we per-
form training with three different random seeds and report
the mean and standard deviation of the results to capture
variability due to training randomness. This evaluation pro-
tocol follows the standard setup used in prior baselines for
fair comparison.

Main Results

To comprehensively evaluate TAMM, we divide our evalu-
ation into two categories: standard vision-language bench-
marks and temporal trend understanding tasks.

1) Standard Vision-Language Benchmarks:



Text — Image

Image — Text

Method P@l P@2 P@5 P@10 P@l P@2 P@5 P@10
MGCA 74.50 76.30 71.16 60.85 63.62 63.88 64.11 61.95
MedCLIP 45.75 47.10 48.63 43.07 50.31 48.37 48.30 48.09
PRIOR 47.13 48.11 47.53 47.24 49.50 52.55 51.95 36.55
MAVL 50.00 50.00 42.91 37.27 50.00 50.00 49.47 50.00
CARZero 52.44 50.00 49.47 50.01 50.00 50.00 51.65 47.38
Med-ST 75.25 76.18 71.36 65.04 64.50 63.97 62.48 59.00
ALTA 69.80 65.85 52.60 37.72 56.80 55.40 46.80 46.80
Our 78.69 79.26 73.07 64.03 66.44 67.63 66.05 62.50

Table 1: Cross-modal retrieval results on the MIMIC-CXR 5x200 benchmark, reported as precision (%) at top-k (P@k). The
best results are in bold, while the second-best results are underlined.

Method RSNA Pneumonia COVIDx
ACC F1 ACC F1
MGCA  85.06 £0.05 76.56 £0.10 92.13 £ 0.10 80.10 + 0.65

MedCLIP 84.17 £0.16 77.38 + 0.35 90.19 + 0.09 75.60 +2.10
PRIOR  81.30 +0.35 72.02 £ 1.09 90.01 + 0.19 87.97 £+ 0.68
MAVL ~ 79.99 +£0.83 73.14 £ 0.48 88.77 £0.92 85.09 + 1.71
CARZero 84.28 +£0.07 76.94 £ 0.40 91.92 +0.20 85.83 +0.98
Med-ST 85.15+0.04 76.96 + 0.25 92.27 + 0.17 80.22 + 0.35
ALTA 84.24 £ 0.20 76.54 £ 0.61 91.53 +0.19 77.62 +1.26
Our 85.48 + 0.05 78.21 + 0.14 93.03 + 0.06 87.32 + 0.38

Table 2: Results for zero-shot classification on the RSNA
Pneumonia and COVIDx datasets, reported as Accuracy and
F1 (%). The best results are in bold, while the second-best
results are underlined.

Cross-modal Retrieval on MIMIC-5x200. We evalu-
ate TAMM’s ability to align visual and textual information
on the MIMIC-5x200 benchmark, a widely used setup for
cross-modal retrieval. As shown in Table 1, TAMM con-
sistently outperforms all baseline methods across all re-
trieval ranks in both text-to-image and image-to-text direc-
tions. This demonstrates TAMM’s robust and comprehen-
sive alignment capabilities. The improvements are not lim-
ited to a single metric or direction, but are broadly observed,
indicating the effectiveness of temporal trend modeling in
enhancing multimodal understanding under real-world clin-
ical settings.

Zero-shot Classification Tasks. To further examine
TAMM’s transferability, we evaluate its visual encoder on
two downstream classification tasks—RSNA Pneumonia
and COVIDx—under a strict zero-shot setting. As reported
in Table 2, TAMM achieves the highest accuracy on both
datasets (85.48% on RSNA Pneumonia and 93.03% on
COVIDx), without any task-specific fine-tuning. It also ob-
tains the best F1 score on RSNA Pneumonia (78.21%) and
competitive performance on COVIDx (87.32%), closely ap-
proaching the top result. These results suggest that TAMM
learns generalizable and discriminative visual features that
effectively transfer to unseen classification tasks.

2) Temporal Trend Understanding Tasks:

Temporal Image Classification. To evaluate the model’s

ability to capture disease progression trends from longitudi-
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nal chest X-rays, we conduct temporal image classification
on the Med-ST benchmark. Specifically, the prediction tar-
get is to classify each case into one of three progression cate-
gories: improving, stable, or worsening, for each pathology.
As shown in Table 3, our method achieves the highest macro
accuracy across all five pathological conditions (Consolida-
tion, Edema, Pleural Effusion, Pneumonia, and Pneumoth-
orax). In each individual category, TAMM consistently out-
performs other methods, achieving the best or second-best
scores. These results clearly demonstrate the effectiveness
of our temporal modeling strategy, which enables the model
to integrate temporal cues and progression semantics into its
decision-making process, making it well-suited for complex
temporal classification tasks.

Temporal Sentence Similarity Classification. To further
evaluate the temporal language understanding capability of
TAMM, we conduct zero-shot sentence similarity classifi-
cation on the MS-CXR-T dataset. Specifically, this experi-
ment focuses on examining the text encoder component of
each model to assess its ability to capture semantic changes
and temporal trends in textual descriptions. As presented in
Figure 2, TAMM achieves the highest accuracy (88.88%),
outperforming all baseline methods by substantial margins.
The RadGraph subset used in this experiment poses a rel-
atively complex semantic challenge, further validating the
robustness of our approach. By leveraging temporal mod-
eling, TAMM is able to perceive subtle changes and better
understand the underlying semantic context, thereby demon-
strating its strong potential for temporal language reasoning
in medical applications.

Case Study of Retrieval Qutputs To better illustrate
TAMM'’s semantic understanding capabilities, we present a
case study of text-to-image and image-to-text retrieval ex-
amples in Figure 3. For each retrieval direction, we show
the top two retrieved items. These qualitative results high-
light TAMM’s ability to retrieve semantically and clinically
relevant matches that are better aligned with the query com-
pared to baseline models. Specifically, the retrieved images
exhibit similar pathological patterns, and the retrieved texts
highlight consistent disease descriptions and findings. In
contrast, many baseline methods tend to confuse visually
or semantically similar conditions, such as misidentifying
cardiomegaly as pleural effusion, indicating limited capac-
ity in fine-grained disease understanding. This semantic and



Method Consolidation Edema Pl. Effusion Pneumonia Pneumothorax
MGCA 44.99 4+ 0.47 62.71 +0.24 57.17 £ 0.69 63.73 +0.89 52.16 +1.02
MedCLIP 53.40 4+ 0.87 42.85 £+ 0.01 49.96 £+ 0.28 67.10 + 0.22 55.46 + 0.02
PRIOR 41.85 + 1.51 43.97 +1.03 59.21 +1.19 41.41 +3.24 4533 +2.13
MAVL 43.79 £+ 0.00 42.85 £+ 0.00 48.66 £+ 0.00 67.10 =+ 0.00 55.46 + 0.00
CARZero 48.95 + 1.25 51.92 + 1.64 50.19 £ 1.72 57.44 +1.35 47.84 +1.78
Med-ST 60.57 = 1.18 67.35 +0.32 58.47 + 1.50 65.00 + 0.34 54.18 + 0.81
ALTA 52.76 + 1.86 66.92 £+ 0.89 50.92 +1.72 66.82 +0.19 51.04 4+ 0.41
Our 65.51 +0.83 69.22 £ 0.01 63.18 £+ 0.45 72.71 + 0.77 60.50 4 0.01

Table 3: Temporal image classification results. Accuracy (%) are reported across five conditions. The best results are in bold,

while the second-best results are underlined.
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Figure 2: Accuracy (%) for the temporal sentence similar-
ity classification task. Our model achieves the best perfor-
mance, outperforming all baselines by a clear margin.

pathological consistency demonstrates that TAMM effec-
tively understands disease-relevant features in both modal-
ities and aligns them accurately during retrieval. These vi-
sual comparisons, alongside the quantitative results, pro-
vide strong evidence of TAMM’s superiority in cross-modal
alignment and retrieval accuracy.

Additional case studies, including qualitative results for
temporal image classification and phrase grounding, are pro-
vided in Appendix: Additional Results for Visualization.

Ablation Analysis of Loss Functions

We ablated TAMM’s three core loss components—global
alignment, trend alignment, and trend consistency—across
four downstream tasks: cross-modal retrieval, zero-shot
classification, temporal sentence similarity, and temporal
image classification. Detailed analyses of the first two tasks
are provided in Appendix: Additional Results for Ablation.
Table 4 summarizes the results on the temporal tasks.

As shown in Table 4, removing any loss leads to a con-
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Figure 3: Qualitative results of text-to-image and image-to-
text retrieval tasks. We show the top two retrieved images
and top two retrieved texts for TAMM, with comparisons to
seven baselines.We note the categories below wrongly re-
trieved samples.

sistent performance drop, highlighting their complementary
roles. Temporal modeling tasks are particularly sensitive to
trend-related objectives. The trend alignment loss plays a
central role in capturing disease progression and temporal
similarity; its removal results in substantial accuracy drops
in both temporal sentence and image classification tasks.
The trend consistency loss further supports stable temporal
reasoning by aligning predicted representations across ad-



Method Temporal Sentence Similarity

Temporal Image Classification

Consolidation Edema Pleural Effusion Pneumonia  Pneumothorax
Our 88.88 65.51 69.22 63.18 72.71 60.50
w/o consistency loss 81.57 53.68 55.64 57.91 65.41 52.13
(=7.31) (—11.83) (—13.58) (=5.27) (—=7.30) (—8.37)
w/o trend loss 75.33 51.74 46.62 56.93 64.56 50.75
(—13.55) (—13.77) (—22.60) (—6.25) (—8.15) (=9.75)
w/o global loss 84.44 56.72 57.14 60.58 66.67 54.98
(—4.44) (—8.79) (—12.08) (—2.60) (—6.04) (=5.52)

Table 4: Ablation study on temporal tasks on the MS-CXR-T dataset. Accuracy (%) for temporal sentence similarity and
temporal image classification. Relative changes from the full model are shown below.

jacent timepoints; ablating it also leads to notable degrada-
tion. In contrast, removing the global alignment loss results
in a smaller drop, as it primarily governs modality-invariant
semantics rather than temporal structure. These results in-
dicate that the trend alignment and consistency losses con-
tribute most directly to temporal understanding, while all
three components are necessary for optimal performance.

Sensitivity Analysis

Among TAMM’s three loss terms—global alignment, trend
alignment, and trend consistency—only the consistency loss
is scaled by Acons, due to its inherently larger magnitude
from the L,-based reconstruction objective. The other two
have comparable scales and require no extra weighting. To
determine an appropriate value for the loss weight parame-
ter Acons, we conduct a sensitivity analysis on the MIMIC-
CXR validation set during pretraining. This avoids depen-
dence on any downstream-specific supervision and ensures
the choice is generalizable before fine-tuning. We experi-
ment with Acons € {1, 10, 20, 30} and evaluate retrieval pre-
cision at top-k (P@5 and P@10) for both text-to-image and
image-to-text tasks. Since our retrieval dataset is very large
and cross-modal embeddings cannot be precisely aligned,
we report P@5 and P@10 rather than P@1 or P@2. As
shown in Figure 4, the model achieves the best and most
stable performance when A oy is set to 10 or 20. We choose
Acons = 10 as the default setting, balancing overall accuracy
and stability.

Conclusion

In this work, we propose the TAMM framework, a temporal
vision-language pretraining approach that leverages trend-
aware alignment and consistency-based supervision to en-
hance multimodal representation learning. Rather than ex-
plicitly predicting disease progression labels, TAMM in-
corporates pseudo-trend labels and rationales generated by
LLMs as soft guidance to capture subtle temporal dynamics
and semantic correlations across image-text modalities.
This trend-aware supervision leads to improved perfor-
mance across both Standard Vision-Language Benchmarks
and Temporal Trend Understanding Tasks, such as retrieval,
classification, and sentence similarity. Our results demon-
strate that LLM-guided reasoning can effectively enhance
temporal representation learning, underscoring the value of
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Figure 4: Sensitivity analysis of the loss weight parameter
Acons ON retrieval precision metrics (P@5 and P@10) for
both text-to-image and image-to-text tasks on the MIMIC-
CXR validation set. This evaluation is conducted at the pre-
training stage.

weakly supervised trend modeling for interpretable and ac-
curate cross-modal alignment.

Importantly, the trend labels and rationales are not treated
as hard targets but are integrated into contrastive and re-
construction losses as soft constraints. This design mitigates
sensitivity to noisy annotations and encourages the model
to focus on broader temporal patterns. As a result, TAMM
remains robust and generalizable even under imperfect su-
pervision. Further analysis of noisy label robustness is pre-
sented in Appendix: Analysis of Temporal Supervision with
Noisy Labels.
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