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Abstract

Cardiovascular disease remains the leading cause of global mortality. Progress is hindered
by a critical bottleneck: human interpretation of complex cardiac tests. Artificial intelli-
gence (AI) has emerged as a potential solution, however current vision-language models are
limited to single-modality inputs, and are non-interactive. Here, we present MARCUS (Mul-
timodal Autonomous Reasoning and Chat for Ultrasound and Signals), an agentic vision-
language system designed for end-to-end interpretation of raw electrocardiograms (ECGs),
echocardiograms, and cardiac magnetic resonance imaging (CMR) both independently and
as multimodal input. MARCUS employs a hierarchical agentic architecture comprising
modality-specific vision-language expert models, each integrating domain-trained visual en-
coders with multi-stage language model optimization, and coordinated by a multimodal
orchestrator. Trained on 13.5 million images (0.25 million ECGs, 1.3 million echocardio-
gram images, and 12 million CMR images), and our novel, expert-curated Q&A and free-text
dataset spanning 1.6 million questions, MARCUS achieves state-of-the-art performance sur-
passing frontier models (GPT-5 Thinking and Gemini 2.5 Pro Deep Think). Across internal
(Stanford) and external (UCSF) test cohorts, MARCUS achieves accuracies of 87–91% for
ECG, 67–86% for echocardiography, and 85–88% for CMR interpretation, significantly out-
performing frontier models by 34–45% (P < 0.001). On complex multimodal cases, MAR-
CUS achieved 70% accuracy, almost triple the performance of frontier models (22–28%)
and produced interactive, free-text responses with 1.7–3.0× higher quality scores. Addi-
tionally, our agentic architecture confers resistance to mirage reasoning—the phenomenon
whereby vision-language models derive reasoning traces from unintended textual signals or
hallucinated visual content1. MARCUS demonstrates that combining domain-specific visual
encoders with an agentic orchestrator enables multimodal cardiac interpretation, offering a
foundational tool for cardiologists worldwide. We release our trained models, code, and
benchmark question test set open-source.
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1 Main

Cardiovascular disease remains the leading cause of death worldwide, responsible for more than
20 million deaths annually2. While non-invasive diagnosis depends on the complementary diag-
nostic modalities of ECG, echocardiography, and CMR, the doubling of diagnostic volume over
the past decade has outpaced clinical capacity3–5. With echocardiogram and CMR particularly
data-rich (100 to 1000 images per study), expert human interpretation is time-intensive: 3–5
minutes for ECG6, 20 minutes for echocardiogram7 and >30 minutes for CMR8. Further, re-
cent literature suggests that imaging contains (a) biomarkers of early diseases that routinely go
unreported9–11 and (b) findings imperceptible to the human eye12. Compounding this increased
clinical demand and time-intensive interpretation is the well-documented cardiology workforce
shortage13. With nearly half of all U.S. counties lacking a practicing cardiologist, timely inter-
pretation of ECG, echocardiograms and CMR is expected to worsen14. Together, these factors
underscore a pressing unmet need: scalable, timely, accurate and widely accessible tools that
automatically, and near instantly assess multimodal cardiac data and assist clinicians to manage
cardiac patients.

Artificial intelligence (AI) has emerged as a potential solution. Recent randomized con-
trolled trials (RCTs) have established the utility of large language models (LLMs) in complex
subspecialty care15. For instance, the Articulate Medical Intelligence Explorer (AMIE) upskilled
generalists by reducing clinically significant errors from 24.3% to 13.1%15. However, even these
vanguard systems remain “text-only” reasoning engines, fundamentally disconnected from raw
physiological and imaging data. This limitation necessitates a manual human-text step and
introduces the risk of upstream errors or omissions.

Subsequent advancements have sought to close this gap by developing models that interpret
raw diagnostic signals directly16–18. One example is EchoNext, a convolutional neural net-
work model trained to predict probabilities of cardiac diseases from 12-lead ECG waveforms.
EchoNext advances text-only approaches as it interprets the ECG directly in their raw, 12-
lead form and achieved high accuracy in detecting cardiac disease. Similarly, EchoPrime is
a video-based vision-language foundation model that utilizes contrastive learning to perform
comprehensive assessments of echocardiogram videos. EchoPrime can autonomously digest
echocardiogram videos and generate reports by retrieving the most clinically relevant text from
a corpus of prior interpretations19.

Despite these technical leaps, current vision models have a single-modality ceiling. EchoNext
is architecturally restricted to ECGs, and EchoPrime to echocardiograms. This lack of cross-
modal synthesis represents a critical limitation in clinical utility. These single modality tools
help physicians with discrete tasks (‘Based on this ECG does a patient need an echocardiogram’),
but clinical cardiologists use multimodal data to diagnose, triage and manage a patient. To
further advance clinical implementation, physicians and policy makers have recommended the
next frontier of clinical AI models be multimodal15,20–23.

Further, in our companion work (Mirage)1 we report the widespread phenomenon of “mirage
reasoning” in current vision-language models. We demonstrate that mirage reasoning—where
models derive reasoning traces from unintended text in preference to, and commonly without
any reference at all to, provided images—is pervasive across current frontier models. For clin-
ical application, future AI models must demonstrate not only multimodal synthesis but also
immunity to mirage reasoning.

In this work, we present MARCUS (Multimodal Autonomous Reasoning and Chat for Ul-
trasound and Signals), an agentic vision-language system designed for automated interpreta-
tion and iterative reasoning across the three principal non-invasive cardiac modalities (ECG,
echocardiogram and CMR). MARCUS employs a hierarchical architecture of modality-specific
models, which use a vision transformer encoder and a 3-billion parameter vision-language model
trained through a three-stage optimization pipeline comprising visual encoder pretraining on
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13.5 million clinical images, supervised fine-tuning on 741,000 expert-curated visual Q&A pairs,
and Group Relative Policy Optimization on 879,000 diagnostic questions. Modality-specific
model outputs are then coordinated by an agentic orchestrator to achieve multimodal synthesis
(Fig. 1A). By fusing raw signals into visual tokens via multi-level cross-attention and residual
connections, MARCUS achieves both multimodal synthesis and resistance to mirage reasoning.
To rigorously evaluate MARCUS, we developed a novel benchmark of 1.6 million question-
answer (Q&A) and free-text reasoning tasks derived from 270,000 clinical studies. Validated
against physician-verified reports, this framework quantifies both discrete diagnostic precision
and high-level clinical synthesis, mirroring the iterative cognitive process of cardiologists.

MARCUS was trained on 249,785 ECGs; 1,266,144 echocardiogram images (10,823 stud-
ies), and 12,191,751 CMR images (9,473 studies) all with physician text ground truth reports.
This foundation was refined through multi-stage optimization: supervised fine-tuning on a cu-
rated set of 741,000 visual Q&A pairs (460,000 ECG; 155,000 echocardiogram; 126,000 CMR)
followed by reinforcement learning via 879,000 multiple-choice diagnostic questions (425,000
ECG; 236,000 echocardiogram; 218,000 CMR). We evaluated MARCUS across internal (Stan-
ford) and external (University of California, San Francisco (UCSF)) cohorts, demonstrating
that MARCUS achieves state-of-the-art performance in single modality and multimodal accu-
racy, interactive reasoning (single and multimodal), generalizability and multimodal cardiac
diagnosis. Furthermore, the agentic architecture confers resistance to mirages. Model code,
weights (https://github.com/AshleyLab/MARCUS), and benchmark questions are available
open-source.
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Figure 1: Study design and evaluation framework for MARCUS. a. Overview of the
MARCUS architecture and training pipeline. The model integrates three cardiac diagnostic
modalities: electrocardiography (ECG), echocardiography (Echo), and cardiac magnetic reso-
nance (CMR). ECG data (0.25M ECGs) are processed via a SigLIP vision encoder and a 2-layer
MLP projection into a 3B parameter language model. Echo (1.27M images) and CMR (12.19M
images) data utilize multi-view visual encoders with temporal aggregation and cross-view fu-
sion modules, feeding into a language model optimized via Group Relative Policy Optimization
(GRPO). A Multimodal Orchestrating Agent synthesizes these inputs into a unified text out-
put. The training process employs a multi-stage optimization strategy, including supervised
fine-tuning on 741,000 visual Q&A pairs and GRPO reinforcement learning on 879,000 diagnos-
tic multiple-choice questions. b. Evaluation and validation workflow. The model’s performance
was benchmarked using an internal test set (Stanford) and an external validation cohort (UCSF).
The evaluation encompasses two distinct tracks: (1) Visual Multi-choice Questions across all
three cardiac modalities to assess precision, and (2) Open-ended Clinical Reasoning Text Ques-
tions to evaluate the model’s capacity for expert-level free-text synthesis and interaction.

1.1 Expert single modality model accuracy exceeds frontier models

We first assessed the accuracy of MARCUS by evaluating the modality-specific expert models
(ECG, echocardiogram and CMR) independently against two frontier models (GPT-5 Think-
ing and Gemini 2.5 Pro Deep Think). We determined the accuracy of MARCUS in answering
modality specific visual multi-choice questions. We utilized a two-stage process to generate
question-answer pairs: a cardiologist-curated Q&A set was used as a template to prompt an
LLM to create modality-specific question and answer sets with the corresponding ground truth
answer extracted from the physician text reports. This same process was used to create a
test visual multi-choice questions dataset at Stanford (internal test cohort, with none of these
questions involved in training) and separately at UCSF (external test cohort), using each in-
stitution’s respective data. Each visual multi-choice was accompanied by an image (ECG) or
video (echocardiogram or CMR) with a corresponding question and 4–5 multiple choice an-
swers, with one correct answer. All test set questions (at both Stanford and UCSF) were never
seen before by any of the models. Across all three modalities, MARCUS demonstrated superior
performance. For electrocardiograms (ECG), the model achieved an accuracy of 87% on the
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internal Stanford held-out test set and 91% on the external UCSF cohort, significantly outper-
forming the frontier models (frontier model accuracy: 35–48% across Stanford and UCSF data;
P < 0.001 vs. MARCUS, Figure 2B). There was no secure HIPAA server to use Gemini at
UCSF so external comparison was only MARCUS vs. GPT-5 (Thinking).

In echocardiography and cardiac magnetic resonance (CMR), the performance gap between
MARCUS and frontier models widened. In echocardiography, which requires temporal reason-
ing, MARCUS achieved a diagnostic accuracy of 67.4% in the Stanford cohort and 86.0% in
the external UCSF cohort (Figure 2B). This contrasted sharply with frontier models (accuracy
24–35%, P < 0.001 vs. MARCUS, Figure 2A and Figure 2B). Similarly, for CMR, MAR-
CUS effectively digested and interpreted entire CMR studies including multi-slice cine and late
gadolinium enhancement (LGE) imaging to achieve an accuracy of 88.0% (Stanford) and 85.0%
(UCSF) (Figure 2B). Conversely, frontier models achieved an accuracy of 47–58% (P < 0.001
vs. MARCUS, Figure 2A and Figure 2B).

Figure 2: Comparative performance evaluation of MARCUS against frontier models.
a. Accuracy (%) of MARCUS, Gemini 2.5 (Deep Think), and GPT-5 (Thinking) on multiple-
choice questions (MCQ) across four domains: Echocardiography (Echo), Cardiovascular Mag-
netic Resonance (CMR), Electrocardiography (ECG), and Multimodal (All). b. Expert-rated
performance on free-text clinical reasoning Visual Question Answering (VQA) tasks, represented
by Mean Likert scores (scale 1–5). Error bars indicate 95% confidence intervals. c. Radar plot
illustrating the holistic performance profile across all evaluation metrics. d. Representative
qualitative examples of VQA and MCQ prompts for Echo, CMR, and ECG, including model-
generated answers.
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1.2 Agentic orchestration enables synthesis of multimodal data

While modality-specific models offer precision across ECG, echocardiogram and CMR individ-
ually, clinical cardiology relies on the synthesis of complementary data streams. To evaluate
this capability, we tested MARCUS on a multimodal visual multiple choice question dataset
that required the simultaneous integration of ECG, echocardiography, and CMR data to reach
a correct conclusion. On this complex benchmark, MARCUS achieved a diagnostic accuracy
of 70.0%, representing a fundamental performance leap over frontier models (Figure 2A). In
contrast, GPT-5 (Thinking) and Gemini 2.5 Pro (Deep Think), when presented with the iden-
tical multimodal inputs and questions, achieved accuracies of 22.5% and 27.5%, respectively
(P < 0.001 vs MARCUS) (Figure 2A). This substantial performance gap (absolute difference
>40 percentage points) highlights the agentic architecture of MARCUS, which decouples visual
perception from clinical reasoning. Unlike standard models that attempt to map all inputs to a
single latent space simultaneously, the MARCUS agentic orchestrator autonomously decomposes
complex clinical queries into modality-specific sub-routines (e.g., “Query ECG Expert: Is low
voltage present?” followed by “Query Echo Expert: Estimate wall thickness” and “Query CMR
expert: Is there late gadolinium enhancement”). By routing these sub-queries to the domain-
specific expert encoders and aggregating their structured outputs, the orchestrator effectively
mitigated the “attention dilution” often observed in frontier models. This approach allowed the
system to preserve fine-grained visual details from specific modalities while constructing a co-
herent global diagnostic context, mirroring the clinical reasoning of a clinician. This capacity for
synthesis was particularly evident in phenotypes where single-modality features are non-specific
in isolation. A representative example is the distinction between constrictive pericarditis and
restrictive cardiomyopathy. Echocardiography can often show biatrial enlargement, preserved
ejection fraction, septal bounce, and respiratory variation in mitral inflow velocities. Confident
diagnosis requires critical information provided by CMR (pericardial thickening, real-time sep-
tal shift during free breathing, lack of late gadolinium enhancement) and ECG (low voltage
with nonspecific repolarization abnormalities). In contrast, frontier models frequently defaulted
to the most salient single-modality feature, ignoring the contextualizing multimodal evidence.
This ability to construct a unified patient representation from fragmented data streams validates
the utility of agentic orchestration for higher-order clinical reasoning.

1.3 MARCUS generates higher-quality, interactive clinical responses across
single-modality and multimodal data

Beyond discrete diagnostic classification, we evaluated the system’s capacity to function as an
interactive clinical consultant: answering open-ended and free-text queries. These open-ended
questions were created in a similar way to the visual multiple choice questions. That is, an
expert cardiologist developed a set of clinically relevant questions that were used as a template
for an LLM to generate a large number of questions. Ground truth answers were extracted from
physician text interpretations of respective ECGs/images/videos. Responses to these questions
from MARCUS and frontier models were compared with ground truth physician text reports
and results were reported via a mean Likert score. Likert score adjudication was completed by
a blinded expert cardiologist (for a subset of questions) and also a separate LLM (that was not
involved in question creation nor MARCUS training).

Across all single-modality tasks, MARCUS consistently generated responses of higher clinical
value than frontier models. For open-ended ECG questions, MARCUS achieved a mean Likert
score of 3.65 on the Stanford test cohort, compared to 2.60 for GPT-5 (Thinking) and 2.55
for Gemini 2.5 Pro (Deep Think) (P < 0.001 vs MARCUS, Figure 2B). These results were
replicated in the external UCSF cohort: mean Likert score for MARCUS: 4.14 and for GPT-5
(Thinking): 2.89, P < 0.001 (Figure 4A). Similar performance margins were observed in the
imaging modalities, with MARCUS outscoring frontier models in echocardiography (MARCUS:
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2.41 vs. 1.97 GPT-5 Thinking and 1.47 Gemini 2.5 Pro (Deep Think), P < 0.001 vs MARCUS,
Figure 2B) and for CMR (MARCUS: 2.91 vs. 2.19 GPT-5 Thinking and 1.95 Gemini 2.5 Pro
(Deep Think), P < 0.001 vs MARCUS, Figure 2B). Results were replicated on the external
UCSF cohort: Mean Likert scores for MARCUS of 3.24 for echocardiogram (vs 2.54 GPT-5
Thinking) and 3.22 for CMR (vs 2.60 GPT-5 Thinking) (Figure 4A).

In the multimodal setting, MARCUS achieved a composite quality score of 3.28 compared
with 2.69 for GPT-5 Thinking and 1.46 for Gemini 2.5 Pro (P < 0.001 vs MARCUS, Fig-
ure 2B). The performance difference likely reflected the agentic orchestrator within MARCUS,
which successfully maintained context across modalities, generating reports that linked spe-
cific imaging findings to clinical recommendations (e.g., recommending the consideration of
implantable cardioverter-defibrillator based on the combined evidence of LGE scarring on CMR
and non-sustained ventricular tachycardia on ECG).

Subcategory analysis revealed that MARCUS demonstrated an advantage that was consis-
tent across individual clinical domains within each imaging modality (Figure 3). For echocardio-
graphy (Figure 3A), MARCUS demonstrated its largest margin over frontier models in valvular
assessment (MARCUS: 3.11 vs. GPT-5: 2.22 and Gemini 2.5 Pro: 1.61) and ventricular func-
tion (MARCUS: 2.87 vs. GPT-5: 2.27 and Gemini 2.5 Pro: 1.73). Performance was more
closely matched across models for quantitative measurements, where all three models scored
lower overall (MARCUS: 1.76, GPT-5: 1.68, Gemini 2.5 Pro: 1.19), suggesting that precise
numerical retrieval from imaging data remains a shared limitation across current systems. For
CMR (Figure 3B), MARCUS performed best on pathology identification (MARCUS: 3.83 vs.
GPT-5: 2.33 and Gemini 2.5 Pro: 2.17) and ventricular function assessment (MARCUS: 3.33
vs. GPT-5: 2.10 and Gemini 2.5 Pro: 1.67). Tissue characterisation was the most competitive
CMR subcategory, with Gemini 2.5 Pro achieving a mean score of 2.87 compared to MARCUS
3.13 and GPT-5 2.40.

MARCUS demonstrated superior performance in ECG interpretation across all subcate-
gories compared to frontier models (Figure 3C). The largest absolute margins were observed
in conduction abnormalities (MARCUS: 3.95 vs. GPT-5: 2.32 and Gemini 2.5 Pro: 2.53),
rhythm interpretation (MARCUS: 3.74 vs. GPT-5: 2.53 and Gemini 2.5 Pro: 2.68), and volt-
age, hypertrophy and strain patterns (MARCUS: 3.83 vs. GPT-5: 2.67 and Gemini 2.5 Pro:
2.50). MARCUS also achieved near-perfect scores for arrhythmia identification (4.50) and
ischaemia/infarction recognition (3.50), significantly outperforming GPT-5 (2.83 and 2.67, re-
spectively) and Gemini 2.5 Pro (3.83 and 3.00).
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Figure 3: Granular performance breakdown across clinical sub-categories in free-
text, open-ended clinical reasoning VQA. a–d. Mean Likert scores (scale 1–5) for MAR-
CUS, Gemini 2.5, and GPT-5 evaluated across specific diagnostic domains within Echocardio-
graphy (a), Cardiovascular Magnetic Resonance (CMR) (b), Electrocardiography (ECG) (c),
and Multimodal integration (d).

1.4 MARCUS maintains superior performance over frontier models across
institutions

A pervasive barrier to clinical AI deployment is performance degradation when algorithms are
applied to new institutions. To assess robustness, we evaluated MARCUS on an external vali-
dation cohort from UCSF, distinct from the Stanford training site. There was no secure HIPAA
server to use Gemini at UCSF so external comparison was only MARCUS vs. GPT-5 (Think-
ing). Despite differences in scanner vendors, imaging protocols, and patient demographics,
MARCUS maintained diagnostic stability. For ECG and CMR, performance remained statis-
tically equivalent across sites (ECG: 87% vs 91%, CMR: 88.0% internal vs. 85.0% external;
P > 0.05, Figure 4B). There was a difference in accuracy between the internal and external co-
hort for echocardiograms: 67.4% vs 86.0%, P < 0.05, possibly pointing to the well-documented
inter-institutional variability in image acquisition and interpretation24,25. However, the greater
accuracy in the external cohort may suggest that MARCUS visual encoders learned invari-
ant biological features rather than overfitting to site-specific artifacts. This robustness was
unique to the agentic architecture; comparative frontier models plateaued at 35–52% accuracy
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regardless of the testing site, MARCUS significantly outperformed these baselines in both en-
vironments (P < 0.001), confirming that the system’s “clinical language” generalizes across
hospital systems.

Figure 4: External validation of MARCUS and GPT-5 across Stanford and UCSF
datasets. a. Visual question answering (VQA) performance, reported as mean Likert score
(scale 1–5). b. Multiple-choice question (MCQ) accuracy (%). MARCUS substantially out-
performs GPT-5 across all modalities and both task types, with consistent performance across
institutions demonstrating robust external generalisability.

1.5 MARCUS outperforms frontier models in discrete diagnosis across all
modalities

A key task of AI systems is to reach discrete diagnoses. We tested if MARCUS had the ability
to reach specific diagnoses across multimodal inputs. Across all modalities, MARCUS achieved
superior diagnostic accuracy compared with Gemini 2.5 Pro and GPT-5 (Figure 5). In multi-
modal cardiovascular assessment (Figure 5A), MARCUS accuracy ranged from 50% (pericardial
effusion) to 100% (mitral regurgitation). CMR performance was highest overall, with MARCUS
achieving 100% in ischemic heart disease and 85–93% across cardiomyopathy, congenital, and
pericardial categories, compared with 0–70% for frontier models (Figure 5B). Echocardiographic
disease classification (Figure 5C) demonstrated strong MARCUS performance in cardiomyopa-
thy (92%) and valvular heart disease (85%), with lower accuracy in congenital heart disease and
pericardial conditions (38% each). ECG interpretation was consistently strong, with MARCUS
achieving 88–100% across all five categories versus 13–71% for comparator models (Figure 5D).
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Figure 5: Discrete disease-category diagnostic accuracy for MARCUS, Gemini 2.5
Pro, and GPT-5 when answering multiple-choice questions (MCQs) on cardiac
imaging. a. Multimodal. b. CMR. c. Echocardiography. d. ECG. The radial gridlines indicate
accuracy levels of 25%, 50%, 75%, and 100%.

1.6 Counterfactual probing by the agentic orchestrator confers mirage resis-
tance for MARCUS

In our companion paper1, we describe ‘mirage reasoning’, the phenomenon in which vision-
language models provide detailed descriptions of images never provided, including the gen-
eration of complex reasoning traces. We find that mirage reasoning is widespread amongst
all vision-language models, fundamentally challenging current assumptions about visual un-
derstanding in these models. Here, we assess MARCUS’s susceptibility to this effect across
each modality-specific expert model independently using the counterfactual probing protocol
described in Methods. When tested in isolation without the agentic orchestrator’s verification,
individual expert models exhibited non-zero mirage rates. When presented with image-absent
queries, the ECG, echocardiography, and CMR expert models generated mirages in 33.0%,
38.5%, and 36.4% of cases on average, respectively. These rates are consistent with the mirage
effect reported across frontier VLMs1. However, when MARCUS was used to process multi-
modal data and thus had the full agentic pipeline engaged, the orchestrator’s counterfactual
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probes successfully identified all occurrences of mirages. After confidence-weighted aggrega-
tion, MARCUS achieved a mirage rate of 0% across all modalities and test cohorts, with no
correctly grounded responses inadvertently suppressed. These results demonstrate that mirage
susceptibility is not an intrinsic limitation of vision-language architectures and can be mitigated
through inference-time verification, provided the system architecture supports counterfactual
probing of its own components.

Figure 6: Susceptibility of medical expert models to mirage reasoning and its mitiga-
tion via agentic orchestration in MARCUS. A.Mechanism of mirage reasoning. B. Quan-
tification of mirage rates in modality-specific expert models within MARCUS. C. System-level
mitigation via the agentic Orchestrator within MARCUS achieving a zero-percent mirage rate.

2 Discussion

In this work, we present MARCUS, an agentic, multimodal foundation model designed for the
end-to-end interpretation of electrocardiograms (ECGs), echocardiograms, and cardiac mag-
netic resonance imaging (CMR). MARCUS represents an advance on current AI models in
fundamental ways. First, MARCUS is capable of multimodal understanding, compared with
existing, single modality models. Second, it is the first cardiovascular vision-language system
capable of interactive clinical reasoning. Third, the multistage training pipeline employed in
MARCUS (next-token prediction, supervised fine-tuning, and group relative policy optimiza-
tion) coupled with its agentic orchestrator facilitates state-of-the-art performance in single and
multimodality diagnostic accuracy, resistance to mirage reasoning, and produces novel, gen-
erative, non-contrastive output. Fourth, with MARCUS we introduce a large, rigorous Q&A
benchmark curated by expert cardiologists and coupled with ground truths extracted from
physician reports. Finally, MARCUS is trained on the largest corpus of multimodal cardiac
data (13.5 million images) to date. To accelerate research and clinical translation, we have pub-
licly released our trained models, code, multimodal dataset, and visual questions benchmarking
set as an open-source resource for the scientific community.

The substantial performance margin between MARCUS and frontier models, averaging 34–
45 percentage points in single-modality tasks and widening to a 43–48 point gap in multimodal
settings, highlights a critical “clinical data gap” in current AI development. While general-
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purpose frontier models are trained on internet-scale datasets, they remain shielded from the
high-fidelity, longitudinal data stored within hospitals. This “data illiteracy” is most evident in
the diversity of our results: while frontier models struggled with raw signal perception (achieving
only 22–28% accuracy on complex multimodal cases), MARCUS’s exposure to 13.5 million
clinical images allowed it to reach 70% accuracy. This advantage extends beyond discrete
classification into higher-order clinical synthesis; the 1.7× to 5-fold increase in Likert scores
for interactive reasoning suggests that the “intelligence” of a cardiovascular AI is as much a
function of institutional data access as its architectural parameters. Ultimately, these findings
underscore that the next frontier of medical AI must focus on learning directly from the raw,
multi-layered clinical data.

Previous AI models in cardiology have excelled at discrete tasks using single modality in-
puts, such as detecting structural heart disease from ECGs26, automating echocardiographic
measurements27,28, or identifying cardiomyopathies from CMR and echo17,29,30. These models
have used discriminative architectures that output fixed classifications or measurements or are
CLIP-style contrastive models that retrieve historical report phrases. MARCUS advances these
approaches by producing generative, novel and patient-specific output. By using the multi-
stage training of next-token prediction, supervised fine-tuning, and GRPO, MARCUS produces
novel natural language interpretations. This enables interactive clinical reasoning: clinicians
can query the model, request explanations, and engage in iterative diagnostic dialogue. Be-
cause prior cardiology AI systems produce constrained, pre-specified outputs, are not widely
implemented (whereas frontier models are readily accessible to any clinician), and cannot ac-
cept multimodal input, they are not direct comparators for a generative, interactive system.
We therefore selected frontier vision-language models (GPT-5 and Gemini 2.5 Pro) as primary
comparators.

The mirage phenomenon described in our companion paper1 poses a fundamental challenge
for clinical deployment of vision-language models: if a model can generate plausible interpre-
tations without referencing the image, clinicians have no reliable way to distinguish grounded
reasoning from confabulation. Our results suggest that mirage susceptibility is not an intrinsic
limitation of vision-language architectures but rather a consequence of end-to-end systems that
lack intermediate checkpoints for verifying visual grounding. The agentic architecture within
MARCUS provides such checkpoints.

Our work has limitations. Our training data was derived from a single centre. While we
validated performance externally, generalizability to diverse community populations, imaging
protocols, and equipment vendors requires further study. Second, our evaluation centered on
curated multiple-choice and structured clinical reasoning open-ended questions. This format en-
ables rigorous benchmarking, but may not fully capture the heterogeneity of real-world clinical
queries or the ambiguity inherent in many imaging findings. Third, this study is retrospective.
It remains unclear whether MARCUS improves outcomes, reduces diagnostic errors, or short-
ens time to treatment. These remain to be established in prospective trials. Fourth, while our
model’s echocardiographic accuracy exceeded large frontier models, it was lower than ECG and
CMR. This may reflect the greater heterogeneity and operator-dependence of ultrasound imag-
ing. Future work should also include this data. Notably, these limitations are not unique to our
work; single-centre development, curated evaluation datasets, and retrospective design charac-
terize most published AI models, underscoring the need for standardized, multi-institutional
benchmarks and prospective validation frameworks across the field.

In conclusion, MARCUS represents a step towards AI systems that reason across modalities
central to modern cardiovascular care. By moving beyond single-task classification to interac-
tive, multimodal interpretation, this work offers a foundation for the next generation of clinical
decision support; a paradigm where AI augments clinical care and extends specialist-level as-
sessments to patients near-instantly and to those who might not otherwise have access.
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3 Methods

3.1 Overview

We created interactive, vision-to-language models for each of our three cardiac modalities
(ECGs, echocardiograms, and CMRs) separately and a multimodality orchestrating agent that
synthesizes all three data types. The echocardiogram and CMR individual encoder models
followed a similar architecture and comprised four main components: (1) a multi-view visual
encoder that extracts imaging features, (2) a temporal aggregation module that models car-
diac motion, (3) a cross-view fusion mechanism that integrates information across views, and
(4) a language model that generates textual outputs with Group Relative Policy Optimization
(GRPO) (Supplementary Figure 1). The ECG model consisted of three main components: (1)
a SigLIP vision encoder that extracts features from patch-based image representations, (2) a
two-layer MLP projection module that aligns visual embeddings with the language model’s
representational space, and (3) a Qwen2 language model that generates textual outputs. The
study was approved by Stanford’s Institutional Review Board (IRB: 67663, 41045).

3.2 ECG, echocardiogram and CMR data processing

ECG tracings were extracted from institutional XML files and converted to standardized image
representations. Raw signals were reconstructed as images from extracted arrays, maintaining
standard calibration parameters (25 mm/s, 10 mm/mV) as reference. To enable compatibility
with vision transformer architectures, which process images at fixed resolutions (224×224 pixels
per patch), 12-lead ECG data were reformatted into a 4 × 3 grid layout. This transformation
addressed competing constraints: standard ECG images display approximately 2.5 seconds per
lead due to paper width limitations (250 mm at 25 mm/s), whereas comprehensive interpretation
requires visualization of the full 10-second recording. To accommodate the complete recording
within each lead’s allocated pixel space while preserving interpretability, the time axis was
compressed, altering the apparent mm/s ratio in pixel space. Amplitude was similarly scaled to
ensure voltage deflections remained discernible following downsampling, modifying the effective
mm/mV ratio. Spatial relationships between signal and background grid were preserved through
proportional scaling. Although absolute calibration parameters do not directly translate to pixel
space, relative calibration (the relationship between waveform amplitude and grid spacing)
remains consistent across all processed images.

Echocardiographic studies were extracted as DICOM video files comprising multiple acqui-
sition views per study. Unlike CMR, echocardiographic files lacked standardized metadata for
automated view identification. To address this, we developed a view selection pipeline using
visual attention. All videos from a single study were arranged into a composite grid, and an
attention-based mechanism was applied to identify and weight relevant views for each clinical
query. This approach enabled the model to dynamically prioritize diagnostically relevant acqui-
sitions (e.g., apical four-chamber views for left ventricular function, parasternal long-axis views
for aortic valve assessment) without requiring manual annotation or metadata-based filtering.
Each selected video was then decomposed into constituent frames, with frames divided into
16 × 16 patches for processing by the vision encoder. Sequential feeding of frame-level tokens
preserved temporal information through the language model’s positional encoding, enabling
capture of cardiac motion dynamics across the cardiac cycle.

CMR studies were extracted as DICOM files with accompanying metadata specifying acqui-
sition parameters, sequence type, and anatomical plane. Unlike echocardiography, CMR meta-
data enabled automated sequence selection: the language model component parsed available
metadata and selected appropriate sequences based on the clinical query (e.g., cine sequences
for functional assessment, late gadolinium enhancement for fibrosis characterization, short-axis
stacks for volumetric quantification). This metadata-driven routing allowed the model to au-
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tonomously identify relevant imaging planes without requiring exhaustive processing of all ac-
quired sequences. Selected sequences were then decomposed into individual slices and frames,
with each frame divided into 16 × 16 patches for vision encoder processing. For multi-slice
acquisitions (e.g., short-axis stacks), spatial relationships across slices were preserved through
sequential token ordering, enabling the model to reconstruct three-dimensional cardiac geome-
try. Temporal dynamics within cine sequences were similarly encoded through positional em-
beddings of frame-ordered tokens.

3.3 Question and answer datasets

We curated large-scale question-answer datasets for each cardiac modality from a single aca-
demic medical center (Stanford University). Source data comprised complete imaging studies:
249,785 ECGs; 1,266,144 echocardiogram images (10,823 echocardiogram studies), 12,191,751
CMR images (9,473 CMR studies) with paired physician reports and linked electronic health
record diagnoses.

Question-answer pairs were generated through a two-stage process. First, an expert car-
diologist developed a template library of 100 clinically relevant question types spanning diag-
nostic findings, quantitative measurements, and clinical recommendations. Second, physician
text reports were processed by a large language model prompted to generate modality-specific
questions, with ground-truth answers extracted directly from the corresponding reports. For
multiple-choice questions, an expert cardiologist reviewed each item and created plausible dis-
tractor options (e.g. “What is the left ventricular ejection fraction?”, correct answer “mildly
reduced” with distractors “normal,” “moderately reduced,” “severely reduced”).

This process yielded 741,000 visual question-answer pairs for supervised fine-tuning (460,000
ECG; 155,000 echocardiogram; 126,000 CMR) and 879,000 multiple-choice diagnostic questions
for GRPO reinforcement learning optimization (425,000 ECG; 236,000 echocardiogram; 218,000
CMR). For external validation, an independent dataset was curated from UCSF using identi-
cal question-generation methodology applied to locally acquired imaging studies and physician
reports.

Open-ended questions were designed to assess clinical reasoning beyond discrete classifi-
cation, requiring models to synthesize findings, generate differential diagnoses, and propose
management recommendations. Ground-truth responses were derived from the assessment and
plan sections of physician reports.

3.4 Model training overview

MARCUS is a generative agentic vision-language model that autonomously interprets ECGs,
full echocardiogram studies (video form), and full CMR studies (also video form) as single-,
dual-, or three-modality inputs. To build MARCUS, we undertook three steps: (1) Pre-training
of modality-specific vision encoders on the full imaging corpus with paired physician text reports
as ground truths; (2) Question and answer specific fine-tuning on our novel Q&A datasets; (3)
Group-Relative Policy Optimization (GRPO) to further enhance model precision by optimizing
reasoning traces that led to correct final diagnoses (Figure 1A).

We constructed MARCUS to be capable of interpreting three modalities individually (ECG,
echocardiogram, and CMR) and collectively (multimodal). To achieve multimodal capacity we
created an agentic orchestrator that incorporates all single modality outputs, and combines the
text output into an overall assessment of the patient (Figure 1A, Supplementary Figure 2).

We evaluated MARCUS on both single-modality and multi-modality tasks. We compared
MARCUS’s performance answering multiple choice and open-ended questions to that of large,
frontier models: GPT-5 (Thinking)31, and Gemini 2.5 Pro (Deep Think)32.
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3.5 Model architecture and training: Single modality ECG model

A vision-language model for ECG interpretation was developed using a LLaVA-based archi-
tecture comprising a SigLIP vision encoder, two-layer MLP projection module, and Qwen2
language model. ECG signals were extracted from XML files, reconstructed as images, and
reformatted into a 4× 3 grid displaying the full 10-second, 12-lead acquisition. Grid lines were
scaled proportionally with the signal to preserve relative calibration between waveform deflec-
tions and background spacing. Each image was divided into patches processed independently
by the vision encoder, with the projection layer transforming patch embeddings into language
model tokens (Supplementary Figure 3).

Training followed a two-stage procedure. First, the language model weights were frozen
while the vision encoder and projection layer were trained, establishing a modality-specific vi-
sual encoder for ECG representation. Subsequently, both vision and language components were
jointly fine-tuned on the complete dataset to produce the vision-language model. The final
model was further fine-tuned using Group Relative Policy Optimization (GRPO), a reinforce-
ment learning technique prioritizing correct answers/final diagnosis. Models were trained on
interleaved ⟨question⟩⟨image⟩⟨answer⟩ sequences pairing clinical queries with ECG images and
expert-derived responses.

3.6 Model architecture and training: Single modality echocardiography and
CMR model

The echocardiography and CMR models followed a similar architectural framework but in-
corporated additional components to handle video-based, multi-view acquisitions. For video
processing, each acquisition was decomposed into constituent frames, with each frame divided
into patches processed by the vision encoder. Patch embeddings were fed sequentially to lever-
age the language model’s positional encoding for temporal representation. The cross-view fusion
mechanism synthesized information across echocardiographic views (e.g., parasternal long-axis,
apical four-chamber) or CMR planes (e.g., short-axis stack, long-axis views) to enable compre-
hensive cardiac assessment (Supplementary Figure 3).

Training mirrored the two-stage approach used for ECG: initial training of the visual com-
ponents with frozen language model weights, followed by joint fine-tuning of all parameters.
Language model outputs were further optimized using Group Relative Policy Optimization
(GRPO). Models were trained on interleaved ⟨question⟩⟨video⟩⟨answer⟩ sequences spanning
multiple-choice questions, quantitative measurements, and free-text interpretive reasoning (Sup-
plementary Figure 3).

3.7 Model architecture: Multimodality

We adopted a modular agentic approach for multimodal integration, wherein modality-specific
models communicate through natural language rather than shared embedding spaces. This
architectural decision was motivated by two considerations. First, the rapid pace of large lan-
guage model development (with new state-of-the-art models released approximately every three
months) necessitates future-proof architectures that can incorporate advances without exten-
sive retraining. Second, while embedding-space approaches (e.g., NExT-GPT, LLaVA-NeXT)
train projection layers to map each modality’s representations into a unified token space, each
new language model introduces a different embedding space and tokenizer, requiring projection
layers to be retrained for compatibility. By using natural language as the interface between
modality-specific models, the agentic framework enables seamless integration of updated or al-
ternative language models without retraining visual encoders or projection modules. Third, the
text-based orchestrator reduces mirages we have observed in other vision language models, as
described in our companion paper (Mirage)1.
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The orchestrator additionally implements a confidence-assessment protocol designed to de-
tect outputs not grounded in the provided imaging data. To guard against mirage reasoning, the
orchestrator subjects each modality expert to a three-step verification procedure at inference
time. First, for each clinical sub-query, the orchestrator generates three semantically equiva-
lent but syntactically distinct rephrasings and routes all variants to the relevant expert model.
Second, the orchestrator issues an image-absent version (mirage-mode) of the same query as a
counterfactual probe that establishes the expert model’s language prior without access to any
visual input. Third, a per-modality confidence score is computed from two signals: the consis-
tency of the expert’s responses across the three rephrased queries, and the divergence between
the image-present responses and the image-absent baseline. High inter-rephrase consistency
coupled with high divergence from the counterfactual baseline indicates visually grounded rea-
soning; conversely, responses that closely resemble the image-absent output, regardless of their
apparent confidence, are flagged as potentially mirage-affected. The orchestrator weights each
modality’s contribution to the final assessment proportionally to its confidence score, and com-
municates residual uncertainty to the user when one or more modalities are flagged.

3.8 Evaluation

MARCUS was evaluated across two complementary paradigms: visual multiple-choice accuracy
and open-ended clinical reasoning quality. For multiple-choice evaluation, each modality-specific
model and the multimodal agent were tested on a held-out test question set requiring selection
of a single correct answer from 4–5 options. Accuracy was calculated as the proportion of
correctly answered questions. For open-ended evaluation, models generated free-text responses
to clinical queries, which were compared against ground-truth physician reports using Likert
scores (1–5 scale). Likert adjudication was performed by a blinded expert cardiologist for a
subset of questions and by a separate large language model for the complete dataset.

Performance was benchmarked against two large frontier vision language models: GPT-
5 (Thinking) and Gemini 2.5 Pro (Deep Think). All models received identical inputs and
questions. Statistical comparisons between MARCUS and comparator models used two-sided
paired tests with significance defined as P < 0.05.

Internal validation was performed on held-out Stanford data not used during training. Ex-
ternal validation was conducted on an independent cohort from UCSF, comprising distinct pa-
tients, imaging equipment, and acquisition protocols. No UCSF data were used during model
development, and no additional fine-tuning was performed prior to external evaluation. Gen-
eralizability was assessed by comparing accuracy and Likert scores across sites, with statistical
testing for between-site differences.

To ensure that our evaluation benchmarks measured genuine visual reasoning rather than
exploitation of textual patterns, we applied three complementary strategies. First, each question
was generated in multiple syntactically distinct rephrasings. Second, for a subset of multiple-
choice questions, one answer option was replaced with “none of the other options.” Third,
all models were evaluated in an image-absent condition. Questions that any evaluated model
answered correctly without image access were excluded from the primary performance compar-
isons, following the B-Clean framework1. This filtered evaluation retained 60% of the original
question set.
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Supplementary Information

MARCUS: An Agentic, Multimodal Vision-Language Model for Cardiac Diagnosis and
Management

1 Stanford Data Question Test Set

1.1 Dataset Overview

Model performance was primarily evaluated on a held-out Stanford test set comprising cardiac
imaging studies across four modalities: transthoracic echocardiography (Echo), cardiac mag-
netic resonance imaging (CMR), electrocardiography (ECG), and a multimodal task combining
two or more imaging types. Three models were evaluated: MARCUS, Gemini 2.5 Pro (Deep
Think), and GPT-5 (Thinking).

1.2 Dataset Composition

The Stanford test set included both open-ended visual question answering (VQA) and multiple-
choice question (MCQ) formats (Table S1).

VQA Questions: 100 items per single modality (drawn from 78–82 unique clinical studies).
MCQ Questions: Single-Modality: 50 items per modality (Echo, CMR, ECG) from 41–46

unique studies. Multimodal: 40 items pairing Echo and CMR studies.
The multimodal task required models to integrate information from paired imaging of two

modalities simultaneously to answer a single question.

Supplementary Table 1: Stanford test set composition by modality and question type.

Modality VQA Questions VQA Unique Studies MCQ Questions MCQ Unique Studies

Echo 100 82 50 46
CMR 100 78 50 46
ECG 100 82 50 41
Multimodal 100 — 40 —

Total 400 190

1.3 Question Categories

VQA questions were assigned to clinically relevant categories per modality. Echo categories
included anatomy, valves, measurements, and function. CMR categories included function,
valves, anatomy, measurements, and tissue characterisation. ECG categories included wave
morphology, rhythm, ischaemia/infarction, and voltage/hypertrophy/strain. Multimodal ques-
tions were grouped into seven higher-level categories: ventricular function, valve morphology,
valvular regurgitation, chamber anatomy, flow obstruction, great vessels, and pericardium.

1.4 Model Evaluation

All three models were evaluated on identical question sets. VQA responses were scored on
a 1–5 Likert scale using an automated evaluation framework. MCQ accuracy was computed
by extracting the predicted answer letter and comparing it to the ground-truth answer using
regular expression matching.
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2 UCSF Question External Validation Dataset

2.1 Dataset Overview

To evaluate external generalisability, MARCUS and GPT-5 were assessed on an independent
dataset derived from the University of California, San Francisco (UCSF). The UCSF validation
dataset comprised cardiac imaging studies across three modalities: transthoracic echocardiog-
raphy (Echo), cardiac magnetic resonance imaging (CMR), and electrocardiography (ECG). All
study content including questions, ground-truth answers, and model responses was anonymised
prior to analysis.

2.2 Dataset Composition

The full UCSF dataset encompassed approximately 400–460 unique clinical studies per modality
(Table S2). From each study, multiple questions were generated spanning both open-ended
visual question answering (VQA) and multiple-choice question (MCQ) formats, yielding a total
of 19,841 VQA questions and 19,262 MCQ questions across all three modalities.

Supplementary Table 2: UCSF dataset composition by modality and question type.

Modality Unique Studies VQA Questions MCQ Questions Avg VQA Q/study Avg MCQ Q/study

Echo 411–414 8,119 10,345 19.8 25.0
CMR 455–457 6,874 6,226 15.0 13.7
ECG 406–409 4,572 2,691 11.3 6.6

Total ∼1,274 19,565 19,262

2.3 Model Evaluation

MARCUS was evaluated on a randomly sampled subset of 1,000 questions per modality for
both VQA and MCQ tasks, drawn from the full UCSF dataset. Performance on the complete
dataset was additionally computed for MCQ (Echo: n=10,345; CMR: n=6,226; ECG: n=2,691).
GPT-5 (gpt-5-2025-08-07) was evaluated on a 200-question subset per modality for both task
types. Gemini 2.5 Pro was not evaluated on the UCSF dataset. VQA responses were scored on
a 1–5 Likert scale using the same automated evaluation framework applied to the Stanford test
set. MCQ accuracy was computed by extracting the predicted answer letter and comparing it
to the ground-truth answer using regular expression matching.

3 Architecture and Training Details

3.1 Hyperparameter Table

The hyperparameters used in each of the 3 stages are detailed in Supplementary Table S7.
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Supplementary Table 3: Training hyperparameters for all three stages of the MARCUS training
pipeline.

Parameter Stage 1 (Pretrain) Stage 2 (SFT) Stage 3 (GRPO)

Base model Qwen2.5-VL-3B-Instruct Qwen2.5-VL-3B-Instruct Qwen2.5-VL-3B-Instruct
Trainable Vision encoder + MLP Full model Full model (policy)
Frozen Qwen2 LLM None Reference model
Learning rate 2.0e-4 1.0e-5 1.0e-6
LR scheduler Cosine Cosine —
Warmup ratio 0.05 0.05 —
Epochs 3 5 15
Batch size /device 8 (ECG) 4 (ECG), 2 (Echo/CMR) 32 (train), 16 (val)
Grad. accumulation 4 8 —
Optimizer AdamW AdamW AdamW
Weight decay 0.0 0.01 —
Max grad norm 1.0 1.0 —
Precision BF16 + TF32 BF16 + TF32 BF16
Max tokens 1,024 2,048 5,000 + 512
Validation split — 1% Separate parquet
GRPO group size — — 4
KL loss coeff. — — 0.01 (low var kl)
Entropy coeff. — — 0
Rollout backend — — sglang

3.2 Hardware and Training Times

All training was performed on NVIDIA DGX H100 systems. Stage 1 (vision encoder pretraining)
used 4 H100 80GB GPUs for ECG (∼12 hours) and 8 H100 80GB GPUs for Echo (∼48 hours)
and CMR (∼72 hours). Stage 2 (SFT) used 8 H100 80GB GPUs per modality (∼24 hours
each). Stage 3 (GRPO) used 8 H100 80GB GPUs per modality (∼36 hours each, 15 epochs).
All models used Fully Sharded Data Parallel (FSDP) for distributed training. Training was
launched via torchrun --nproc per node=8 for Stages 1–2 (LLaMA-Factory) and via the verl
trainer with sglang rollout backend for Stage 3.

3.3 GRPO Reward Function

Group Relative Policy Optimization (GRPO) was implemented using the verl framework with
a binary correctness reward. For each training prompt, the policy generates a group of n=4
candidate responses. Each response is scored by a deterministic reward function: 1.0 if the ex-
tracted MCQ answer letter matches the ground-truth answer, 0.0 otherwise. Answer extraction
uses a cascade of regular expression patterns that match common response formats (e.g., “The
answer is B”, “B. Mild LV dilation”, standalone letter). The group baseline is estimated as the
mean reward across the 4 responses, and the policy gradient is computed relative to this base-
line using a clipped ratio objective analogous to PPO but without a learned value function. A
low-variance KL divergence penalty (coefficient 0.01) regularises the updated policy against the
frozen reference model to prevent reward hacking and mode collapse. Unlike standard PPO,
GRPO eliminates the need for a separate critic network, reducing computational cost while
maintaining stable training dynamics.

3.4 Mirage Analysis

The counterfactual mirage probing protocol operates as follows. For each clinical sub-query,
the orchestrator generates three semantically equivalent but syntactically distinct rephrasings
using predefined templates (e.g., direct question form: “{question}”; descriptive form: “Please
describe {subject} as seen in the provided {modality} data.”; imperative form: “Based on the
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{modality} provided, answer the following: {question}”). All three rephrasings are sent to
the relevant expert model together with the image or video. The orchestrator then sends the
original query without any visual input as a counterfactual probe.

Two scores are computed: (1) inter-rephrase consistency, defined as the mean pairwise Jac-
card token similarity across the three image-present responses; and (2) image-absent divergence,
defined as 1 minus the mean Jaccard similarity between the image-present responses and the
image-absent response. A response is flagged as a potential mirage when the image-absent sim-
ilarity exceeds a threshold of 0.85 (i.e., divergence < 0.15), indicating that the model’s output
did not meaningfully change when visual input was removed. Composite confidence is computed
as the mean of consistency and divergence scores, equally weighted.

4 Supplementary Figures

Supplementary Figure 1: An overview of the vision-language model for each modality
expert. Each ECG trace, echocardiography video, or MRI video is broken into 16×16 patches
and fed into the vision transformer. The vision embeddings are then run through a cross-
attention layer and then integrated into the LLM blocks by (1) concatenation with the text
tokens and (2) residual connections between various depths of the vision transformers (ViT)
and the LLM blocks.
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Supplementary Figure 2: Agentic orchestrator architecture. The orchestrator interacts
with the user, decomposes the questions into sub-questions for each of the single modalities
(if necessary), interacts with the tools (single-modality experts) to infer information from each
modality, combines the observations and findings, manages conflicts, and aggregates the results
into the final answer to return to the user.

Supplementary Figure 3: Multi-stage training pipeline for MARCUS. Stage 1: Pre-
training (Frozen LLM). A specialized visual encoder is pre-trained for distinct cardiac modal-
ities (ECG, Echo, CMR) to extract dense latent representations from medical imaging data.
During this stage, the parameters of the decoder-only large language model (LLM block) are
held frozen to preserve its pre-existing linguistic knowledge while aligning the new visual fea-
tures. Stage 2: Fine-tuning (Active Models). The pre-trained vision encoder and the LLM
block are simultaneously fine-tuned on visual question answering tasks. Stage 3: RL (GRPO
Optimization). Model precision for diagnostics-focused queries is further enhanced through re-
inforcement learning using Group-Relative Policy Optimization (GRPO).
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5 MCQ Accuracy with 95% CI and McNemar p-values

Supplementary Table S3 reports the MCQ diagnostic accuracy for each model across all four
evaluation modalities, with bootstrapped 95% confidence intervals (5,000 resamples) and exact
McNemar’s test p-values for pairwise comparisons between MARCUS and each frontier model.
McNemar’s test was selected because it accounts for the paired structure of the evaluation (all
three models answered the same set of questions), providing a more statistically powerful and
appropriate comparison than unpaired tests.

Supplementary Table 4: MCQ accuracy with bootstrapped 95% confidence intervals and Mc-
Nemar’s exact test p-values.

Modality Model N Accuracy 95% CI / p-value

ECG MARCUS 50 88.0% (78.0–96.0%)
ECG GPT-5 50 48.0% (34.0–62.0%)
ECG Gemini 2.5 Pro 47 46.8% (34.0–61.7%)
ECG MARCUS vs GPT-5 (McNemar p) 50 — <0.001
ECG MARCUS vs Gemini (McNemar p) 47 — <0.001

Echo MARCUS 50 64.0% (50.0–78.0%)
Echo GPT-5 50 34.0% (22.0–48.0%)
Echo Gemini 2.5 Pro 48 22.9% (10.4–35.4%)
Echo MARCUS vs GPT-5 (McNemar p) 50 — 0.007
Echo MARCUS vs Gemini (McNemar p) 48 — <0.001

CMR MARCUS 50 88.0% (78.0–96.0%)
CMR GPT-5 50 58.0% (44.0–72.0%)
CMR Gemini 2.5 Pro 50 44.0% (30.0–58.0%)
CMR MARCUS vs GPT-5 (McNemar p) 50 — <0.001
CMR MARCUS vs Gemini (McNemar p) 50 — <0.001

Multimodal MARCUS 38 73.7% (60.5–86.8%)
Multimodal GPT-5 40 22.5% (10.0–35.0%)
Multimodal Gemini 2.5 Pro 34 29.4% (14.7–44.1%)
Multimodal MARCUS vs GPT-5 (McNemar p) 38 — <0.001
Multimodal MARCUS vs Gemini (McNemar p) 32 — <0.001

6 VQA Likert Scores with 95% CI and Mann–Whitney p-values

Supplementary Table S4 reports mean and median Likert scores for open-ended VQA tasks,
with bootstrapped 95% confidence intervals and two-sided Mann–Whitney U test p-values for
pairwise model comparisons. Mann–Whitney U was selected as the primary test because Likert
scores are ordinal and their distributions were non-normal across most modality–model combi-
nations.
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Supplementary Table 5: VQA Likert score statistics.

Modality Model N Mean 95% CI (mean) Median 95% CI (median) p-value

ECG MARCUS 100 3.65 (3.37–3.91) 4.0 (4.0–4.0) —
ECG GPT-5 100 2.60 (2.34–2.87) 3.0 (2.0–3.0) <0.001
ECG Gemini 2.5 Pro 100 2.55 (2.29–2.81) 2.0 (2.0–3.0) <0.001

Echo MARCUS 100 2.41 (2.14–2.69) 2.0 (2.0–3.0) —
Echo GPT-5 100 1.97 (1.75–2.20) 2.0 (1.0–2.0) 0.041
Echo Gemini 2.5 Pro 100 1.47 (1.31–1.65) 1.0 (1.0–1.0) <0.001

CMR MARCUS 100 2.91 (2.62–3.21) 3.0 (2.0–3.0) —
CMR GPT-5 100 2.19 (1.94–2.45) 2.0 (1.0–2.0) <0.001
CMR Gemini 2.5 Pro 100 1.95 (1.69–2.22) 1.0 (1.0–1.0) <0.001

Multimodal MARCUS 100 3.28 (2.92–3.64) 4.0 (2.0–5.0) —
Multimodal GPT-5 100 2.69 (2.33–3.06) 2.0 (1.0–3.0) 0.036
Multimodal Gemini 2.5 Pro 100 1.46 (1.25–1.70) 1.0 (1.0–1.0) <0.001

7 Per-Category VQA Statistics

Supplementary Table S5 (available as a separate CSV file: Table S5 PerCategory VQA Stats.csv)
reports mean Likert scores, 95% bootstrap confidence intervals, and pairwise Mann–Whitney
p-values for every diagnostic category within each modality. Notable entries include: ECG
devices/pacing (MARCUS mean 5.00, n=3); ECG arrhythmia (MARCUS mean 4.50, 95%
CI 4.17–4.83, n=6); CMR pathology identification (MARCUS mean 3.83, 95% CI 2.67–4.67,
n=6); multimodal LV size (MARCUS mean 5.00, n=5); and multimodal wall motion pattern
(MARCUS mean 1.00, n=7). These extremes illustrate that MARCUS performance is highly
task-specific, with the most pronounced advantages in binary-like recognition tasks and the
largest remaining gaps in continuous quantification tasks.

8 MARCUS Failure Case Log

Supplementary Table S6 (available as a separate CSV file: Table S6 MARCUS Failures.csv)
provides the complete log of 209 MARCUS failure cases identified across MCQ and VQA eval-
uation sets (40 MCQ failures; 169 VQA responses with Likert ≤2). This table is intended
to support qualitative review by clinical readers and to facilitate future work on error-specific
model improvements.

9 Statistical Analysis

All statistical analyses were performed using Python 3.9 with scipy 1.7, statsmodels 0.13, and
numpy 1.23. For MCQ accuracy comparisons, we used McNemar’s test for paired binary out-
comes, which appropriately accounts for the correlated structure of the evaluation. Exact
McNemar’s test was used when the number of discordant pairs was fewer than 25; continuity-
corrected McNemar’s test was used otherwise. For VQA Likert score comparisons, we used the
two-sided Mann–Whitney U test, given the ordinal nature of Likert scales and the non-normality
of the distributions.

Confidence intervals for accuracy and mean Likert scores were computed using non-parametric
bootstrap resampling (5,000 resamples, random seed 42) with the percentile method (2.5th and
97.5th percentiles of the bootstrap distribution). All reported p-values are two-sided. The sig-
nificance threshold was set at α = 0.05. No correction for multiple comparisons was applied to
the primary modality-level comparisons, which were pre-specified.
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10 Failure Case Classification

Failure cases were identified using two criteria: (1) for MCQ, any case where the model’s ex-
tracted answer letter (A–E) did not match the ground-truth answer letter; (2) for VQA, any case
assigned a Likert score of ≤2. Error type classification was performed using a keyword-based
heuristic applied to the concatenated model response and evaluator explanation text. The four
categories were: (1) Visual misinterpretation; (2) Reasoning/synthesis error; (3) Modality con-
fusion; (4) Hallucination/fabrication. Cases not matching any keyword category were classified
as Other/Unclassified.

11 MCQ Confusion Matrices per Modality

MARCUS demonstrated near-diagonal matrices across ECG (accuracy 88.0%, 95% CI 78.0–
96.0%) and CMR (88.0%, 95% CI 78.0–96.0%), consistent with high-precision, low-confusion
classification. Echocardiography showed a wider off-diagonal spread (accuracy 64.0%, 95%
CI 50.0–78.0%), reflecting the greater visual ambiguity and temporal complexity of ultrasound-
based assessment. In the multimodal setting, MARCUS maintained substantially more diagonal
structure (73.7%, 95% CI 60.5–86.8%) compared with GPT-5 (22.5%) and Gemini 2.5 Pro
(29.4%), whose matrices were markedly diffuse.

Both frontier models exhibited a notable over-representation in the ‘None of the other op-
tions’ category across modalities, particularly for ECG (GPT-5: 48.0%, Gemini: 46.8%) and
multimodal questions. This pattern is consistent with hedging behaviour in the absence of
visual grounding.
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Supplementary Figure 4: Confusion matrices for MCQ evaluation across modalities.
Rows represent ground-truth answer options (A–E); columns represent predicted answer op-
tions. Cell values show raw counts; colour intensity reflects the row-normalised conditional
probability (0–1 scale). Diagonal cells indicate correct predictions. Three models are shown:
MARCUS (left), GPT-5 (centre), Gemini 2.5 Pro (right).

12 Per-Category VQA Likert Score Heatmaps

Within ECG, MARCUS achieved the highest mean Likert scores in the devices/pacing category
(5.00, 95% CI 5.00–5.00; n=3) and arrhythmia identification (4.50, 95% CI 4.17–4.83; n=6).
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Within echocardiography, the valves category yielded the highest MARCUS mean Likert score
(3.11, 95% CI 2.61–3.61; n=18). Within CMR, MARCUS performed best in pathology identifi-
cation (3.83, 95% CI 2.67–4.67; n=6). Within the multimodal category, MARCUS achieved the
highest scores for LV size (5.00; n=5) and left atrial size (5.00; n=4). The lowest scores were
observed for wall motion pattern (1.00; n=7) and mitral regurgitation quantification (1.29, 95%
CI 1.00–1.71; n=7).
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Supplementary Figure 5: Per-category mean Likert score heatmaps for VQA tasks.
A: ECG categories. B: Echocardiography categories. C: CMR categories. D: Multimodal
categories. Cell values are mean Likert scores (scale 1–5). Colour scale: red (1) to green (5).
All three models (MARCUS, GPT-5, Gemini 2.5 Pro) are shown as column groups within each
panel.
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13 Likert Score Distribution: Violin Plots

For ECG, the MARCUS distribution was right-skewed with a median of 4.0 (mean 3.65, 95%
CI 3.37–3.91), indicating that the majority of MARCUS free-text ECG responses were rated as
good to excellent. For echocardiography, all three models showed distributions skewed toward
lower scores. For CMR, MARCUS showed a wider distribution (mean 2.91, 95% CI 2.62–
3.21, median 3.0). In the multimodal setting, MARCUS demonstrated a bimodal distribution
(median 4.0, mean 3.28, 95% CI 2.92–3.64).
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Supplementary Figure 6: Violin plots of Likert score distributions per modality for
MARCUS (blue), GPT-5 (red), and Gemini 2.5 Pro (green). Individual responses are overlaid
as jittered strip plots (semi-transparent points). Horizontal bars within each violin indicate
the median. Annotated means (µ) are shown above each violin. Likert scale: 1 = poor, 5 =
excellent.
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Supplementary Figure 7: Frequency histograms of Likert score distributions. Bars show
the percentage of responses assigned each integer score (1–5) for MARCUS (blue), GPT-5 (red),
and Gemini 2.5 Pro (green) within each modality. Scores 1–2 indicate clinically inadequate
responses; 3 indicates acceptable; 4–5 indicate good to expert quality.

14 MARCUS Failure Case Analysis: Error Type Distribution

Across MCQ tasks, MARCUS returned 40 incorrect answers from 188 paired comparisons (over-
all failure rate 21.3%), with modality-specific rates of 12.0% for ECG (6/50), 36.0% for echocar-
diography (18/50), 12.0% for CMR (6/50), and 26.3% for multimodal questions (10/38). The
dominant MCQ error type was hallucination/fabrication (n=20, 50.0% of MCQ failures).

For VQA tasks, 169 of the 400 MARCUS responses across modalities received a Likert score
of ≤2, corresponding to a failure rate of 42.3%. Failure rates by modality were: echocardio-
graphy 59.0% (59/100), CMR 43.0% (43/100), multimodal 43.0% (43/100), and ECG 24.0%
(24/100). Modality confusion accounted for 23.1% of VQA failures (n=39), visual misinterpre-
tation for 20.1% (n=34), and reasoning/synthesis errors for 11.8% (n=20).

Taken together, these results highlight echocardiography as the modality where MARCUS
has the greatest potential for improvement, particularly in free-text generation tasks.
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Supplementary Figure 8: Error type distribution for MARCUS failure cases. Left panel:
MCQ failures (n=40 across all modalities), categorised by error type and stratified by modality.
Right panel: VQA failures (Likert ≤2, n=169), with the same stratification.
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