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Abstract

Echocardiography analysis demands a dual ca-
pability: rigorous quantitative keyframe local-
ization for evidence verification and compre-
hensive qualitative synthesis for diagnostic re-
porting. However, current Multi-Modal Large
Language Models (MLLMs) struggle to meet
these clinical requirements due to a misalign-
ment with diagnostic workflows, a scarcity of
video instruction data, and the critical chal-
lenge of cyclic temporal ambiguity—where the
repetitive nature of cardiac cycles renders stan-
dard single-frame supervision ill-posed. To
bridge this gap, we introduce EchoMLLM,
a unified framework designed for real-world
echocardiography video understanding. First,
we align model capabilities with clinical needs
by defining two fine-grained tasks: cycle-
and pathology-conditioned keyframe ground-
ing and video report generation. To facilitate
this, we curate EchoMM-120k, a large-scale
instruction dataset specifically constructed to
support temporal localization and professional
reporting. Furthermore, to resolve the cyclic
ambiguity, we propose a multi-stage training
paradigm incorporating a novel cycle-aware
Reinforcement Learning (RL) strategy. By pri-
oritizing logical consistency over rigid index
matching, our approach moves beyond rote
memorization to elicit invariant reasoning. Ex-
tensive experiments demonstrate that EchoM-
LLM reduces temporal grounding errors by up
to 76% and improves report generation quality
by 65% over its backbone, achieving state-of-
the-art performance against both generalist and
medical baselines.

1 Introduction

Echocardiography serves as a cornerstone in car-
diology, capturing rapid temporal dynamics of the
heart through ultrasound videos. Unlike general
video understanding, clinical diagnosis imposes a

*Equal contribution.
†Corresponding author: chenchithu@gmail.com.

dual requirement: rigorous quantitative analysis
and comprehensive qualitative synthesis. Specif-
ically, clinicians must not only scrutinize the full
video to generate diagnostic reports but also pre-
cisely isolate keyframes at specific cardiac phases
(e.g., end-diastole) to serve as verifiable visual ev-
idence. This standard procedure, as illustrated in
Fig. 1(a), ensures diagnostic rigor but remains pro-
hibitively labor-intensive, necessitating the devel-
opment of efficient and automated frameworks.

Recently, Multimodal Large Language Models
(MLLMs) have demonstrated substantial progress
in general video understanding (Bai et al., 2025a;
Yu et al., 2025; Li et al., 2025a; Luo et al., 2025).
However, adaptation to the medical domain re-
mains predominantly confined to static imaging.
Current approaches primarily align 2D images with
text (Li et al., 2023a; Chen et al., 2024; Team
et al., 2025), neglecting critical temporal dynam-
ics. While exceptions like Hulu-Med (Jiang et al.,
2025) explore video understanding, they are lim-
ited to surgical contexts and focus on holistic VQA
tasks. Such methods are incompatible with real-
world echocardiography workflows. Consequently,
the application of MLLMs to echocardiography
video understanding remains underexplored.

Generally, the advancement of this field is im-
peded by three primary challenges: (i) Task mis-
alignment: Existing VQA designs fail to mirror the
real-world diagnostic workflow, preventing mod-
els from learning the coarse-to-fine association
between temporal visual evidence and patholog-
ical semantics; (ii) Data scarcity: There is a lack
of echocardiography video instruction corpora en-
compassing both fine-grained temporal localization
and professional report generation; and (iii) Cyclic
Temporal Ambiguity: The inherent repetitiveness
of cardiac cycles creates substantial visual redun-
dancy, where semantically identical phases (e.g.,
end-diastole) recur across the video. Under such
conditions, the standard paradigm of learning from
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Figure 1: Illustration of how EchoMLLM aligns with the real-world clinical ultrasound diagnostic pipeline. It
automates labor-intensive manual steps by unifying keyframe grounding and report generation to produce
diagnostic reports with visual evidence.

a single deterministic ground truth becomes funda-
mentally ill-posed, leading to rote memorization
rather than invariant reasoning.

To address these challenges, we first bridge
the clinical gap by introducing two tasks aligned
with real-world practice: cycle- and pathology-
conditioned keyframe grounding and video re-
port generation. As illustrated in Fig. 1, these
tasks mirror the diagnostic pipeline of human ex-
perts, allowing seamless integration into routine
clinical workflows. Second, to facilitate these tasks,
we curate EchoMM-120k, a large-scale instruction
dataset specifically constructed for fine-grained lo-
calization and report generation through rigorous
synthesis and data-mining from diverse echocar-
diography sources. Finally, to conquer the cyclic
temporal ambiguity, we devise a multi-stage train-
ing paradigm, combining multi-task Supervised
Fine-Tuning (SFT) for both tasks with a specialized
cycle-aware Reinforcement Learning (RL) strategy
for keyframe grounding. By rewarding logical con-
sistency over rigid index matching, this strategy
incentivizes the model to learn invariant reason-
ing amidst visual redundancy, effectively resolving
the ill-posed nature of single-frame supervision.
The resulting model, EchoMLLM, demonstrates
robust capabilities in these tasks, significantly out-
performing both generalist and medical-specific
MLLMs, paving the way for helpful and trustwor-
thy automated cardiac diagnosis assistants.

Overall, our contributions are threefold:
• We align MLLMs with clinical echocar-

diographic diagnosis by introducing two
fine-grained tasks: cycle- and pathology-
conditioned keyframe grounding and video
report generation, bridging the gap to real-
world workflows.

• We mitigate data scarcity by curating
EchoMM-120k, a large-scale instruction
dataset specifically constructed to support
both fine-grained temporal localization and
professional report generation.

• We propose EchoMLLM, an MLLM for
echocardiography video understanding. By
integrating a cycle-aware temporal reward, it
elicits explicit reasoning and achieves state-of-
the-art performance on both keyframe ground-
ing and report generation tasks.

2 Related Work

Medical Vision-Language Models. Most medi-
cal MLLMs focus on 2D image-text alignment (Li
et al., 2023b; Chen et al., 2024) or general video
QA (Jiang et al., 2025). In cardiology, existing
frameworks (Ouyang et al., 2019; Duffy et al.,
2022; Vukadinovic et al., 2024) generally rely on
global classification or regression metrics. In con-
trast, our work shifts the paradigm from holistic
prediction to fine-grained temporal reasoning, uni-
fying keyframe grounding and report generation
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within a cycle-conditioned framework.

RL-based Medical Reasoning. Recent works
leverage RL (e.g., GRPO) to enhance clinical chain-
of-thought capabilities (Pan et al., 2025; Lai et al.,
2025; Team et al., 2025) or improve spatial visual
grounding (Li et al., 2025b; Xu et al., 2025). How-
ever, applying RL to resolve temporal ambiguity
remains unexplored. We fill this gap by proposing
a cycle-aware RL strategy that rewards logical con-
sistency amidst the repetitive visual redundancy of
echocardiography.

3 Methodology

3.1 Task Definition

To bridge the gap between general video under-
standing and real-world echocardiographic diagno-
sis, we formulate two tasks that mirror the cognitive
workflow of cardiac sonographers.

Cycle- and Pathology-Conditioned Keyframe
Grounding (KG). Unlike standard video ground-
ing which relies on generic text queries, this task
explicitly tackles the cyclic temporal ambiguity in-
herent in echocardiography. Given an ultrasound
video and a specific cycle or pathology query (e.g.,
"locate a representative end-diastolic frame"), the
model is required to output a coarse-to-fine triplet:
(1) the relevant temporal segment (Cycle-level),
(2) the precise timestamp and frame index (Frame-
level), and (3) the associated semantic justification
(Evidence-level). This hierarchy forces the model
to comprehend temporal dynamics throughout the
cardiac cycle, capturing transient visual cues (e.g.,
valve closure, myocardial thickening) and aligning
them with traceable visual evidence, rather than
simply memorizing frame indices. This aligns with
the routine of the expert to find a suitable frame that
satisfies a specific need (e.g., measuring LVIDd).

Given the periodic nature of cardiac cycles, mul-
tiple valid frames may satisfy the same query
(e.g., end-diastole in Cycle 1 vs. Cycle 2). Thus,
the grounding objective is relaxed to identifying
one representative instance. To resolve this inher-
ent one-to-many mapping, we enforce a consistent
cycle-aware paradigm across data construction, re-
ward formulation, and evaluation protocols.

Video Report Generation (RG). Complemen-
tary to fine-grained grounding, this task demands a
holistic synthesis of diagnostic information. Given
an ultrasound video sequence, the model is tasked
with generating a structured, clinically coherent

Figure 2: Task-wise data distribution in the proposed
EchoMM-120K.

report. This requires the model to perform compre-
hensive diagnostic assessment, progressing from a
holistic scan of the view to an in-depth analysis of
cardiac structures, functions, and quantitative met-
rics. By enforcing the generation of key findings
and conclusions, this task elicits the model’s abil-
ity to interpret complex pathological patterns and
produce professional-grade diagnostic summaries.
This emulates the final documentation phase, where
the expert synthesizes scattered visual observations
into a medical record for patient management. Fur-
ther details are provided in the Appendix.

3.2 Construction of EchoMM-120k

The advancement of echocardiographic MLLMs is
currently constrained by a critical scarcity of video
instruction-following data, particularly for the pro-
posed tasks of fine-grained grounding and profes-
sional report generation. Existing resources are pre-
dominantly limited to two forms: they either pro-
vide discrete labels for classification and regression
(e.g., EchoNet-Dynamic (Ouyang et al., 2019)) or
consist of large-scale, unannotated video archives
(e.g., MIMIC-IV-ECHO (Gow et al., 2023)). Con-
sequently, there is a lack of high-quality, multi-
modal video instruction corpora required to train
models for complex temporal understanding and
clinically coherent generation.

To bridge this gap, we transform and synthesize
these disparate resources to construct EchoMM-
120K, a comprehensive training dataset illustrated
in Fig. 2. For keyframe grounding, we harmonize
four public datasets (EchoNet-LVH (Duffy et al.,
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2022), EchoNet-Dynamic (Ouyang et al., 2019),
EchoCP (Wang et al., 2021), HMC-QU (Degerli
et al., 2024)) into a standardized instruction cor-
pus containing 105K samples. Ground-truth la-
bels are derived via rigorous physiological rules:
for EchoNet-LVH, we define cycle-aware ED/ES
keyframes based on LVID/wall-thickness extrema;
for EchoNet-Dynamic, we utilize LV pixel area
limits for ED/ES and stratify EF values to define
pathology-aware frames (e.g., for CAD or aor-
tic stenosis). to accommodate cardiac periodic-
ity, we not only identify the most representative
keyframe as the primary target but also explicitly
annotate the corresponding frames in all other valid
cycles as a candidate set. This multi-cycle anno-
tation is essential for supporting our subsequent
cycle-aware reward mechanism. Furthermore, we
leverage grayscale intensity variations in EchoCP
for PFO localization and expert segmentations in
HMC-QU for myocardial infarction grounding. We
implement a bi-directional instruction construction
strategy, formatting samples as both "Query →
Grounding" and "Grounding → Description" pairs
to enhance model robustness and diversity.

For report generation, we curated 14,227 video-
report pairs by aligning ultrasound videos from
MIMIC-IV-ECHO with discharge summaries from
MIMIC-IV-Note (Johnson et al., 2023). The align-
ment relies on Subject-ID and a 7-day temporal
window, with redundant studies (within 2 days) fil-
tered. We employ Qwen3-32B to extract clean,
exam-relevant content from the raw discharge
records. To expand coverage, we integrate MIM-
ICEchoQA (Thapa et al., 2025) samples and uti-
lize EchoPrime (Vukadinovic et al., 2024) to dis-
till pseudo-reports for unlabelled videos, applying
strict quality filtering. Finally, the processed re-
ports are paired with multiple corresponding view
videos to facilitate robust multi-view learning. For
more details please refer to the Appendix A.

3.3 Stage 1: Synergistic Multi-Task SFT

We initiate the training with a Supervised Fine-
Tuning (SFT) stage to equip the model with foun-
dational capabilities for both proposed tasks. We
posit that a synergistic relationship exists between
the two proposed tasks: keyframes provide implicit
visual anchors that ground the generation process,
while professional reports offer explicit semantic
details that enrich the feature for grounding.

To exploit this synergy, we construct a mixed

dataset comprising 85K keyframe grounding sam-
ples and 14K report generation samples. We opti-
mize the model using the standard auto-regressive
cross-entropy loss. Upon completion of this stage,
the model achieves a baseline proficiency, capable
of generating coherent clinical reports and perform-
ing basic keyframe localization based on visual
features. This establishes a robust starting point for
subsequent reasoning optimization.

3.4 Stage 2: Cycle-Aware Reinforcement
Learning

Although the SFT model is functional, its fine-
grained grounding capability is constrained by the
cyclic temporal ambiguity inherent in echocardio-
graphy. Due to the high redundancy between con-
secutive frames, the SFT model often relies on rote
memorization of frame indices rather than learning
invariant physiological features, leading to instabil-
ity in complex cyclic scenarios. To further elevate
the model’s performance and elicit explicit reason-
ing, we introduce a second stage utilizing Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024). This stage specifically targets the keyframe
grounding task to resolve subtle visual ambiguities.

CoT-based Initialization. Prior to RL, we per-
form a "cold-start" using 3,500 high-quality sam-
ples derived from the SFT set. We employ the
advanced Qwen2.5-VL-72B to distill Chain-of-
Thought (CoT) rationales, guiding the model to
generate step-by-step analysis (e.g., “The valve
is starting to open...”) before outputting the final
timestamp. This initialization primes the model for
reasoning-based optimization.

GRPO Optimization Objective. We employ
GRPO to estimate gradients based on group-
relative advantages, which avoids the need for a
separate value network and reduces computational
overhead. Formally, for each query q, we sample a
group of outputs {o1, . . . , oG} from the old policy
πθold . The objective function is formulated as:

JGRPO(θ) = Eq∼P (Q),{oi}∼πθold

[

1

G

G∑

i=1

(
πθ(oi | q)
πθold(oi | q)

Ai − βDKL(πθ∥πref)

)]

(1)
where β is the KL-divergence penalty coefficient
to prevent reward hacking. Ai is the advantage

20056



-keytime segment
-timestamp
-keyframe_num
-description

-Left Ventricle: ..., -Left Atrium:
-Resting Segmental Wall Motion Analysis:
-Atrial Septum:...,-Mitral Valve:...,-Tricuspid
Valve:...,-Pulmonic Valve:...,-Pericardium:...

Stage2: Cycle-Aware Reinforcement Learning 

time sequence

index sequencey'

y

Struct.&Term. +2
Completeness +1

Accuracy +1
Conclusion Consist. +3

In the provided cardiac ultrasound video, keyframes? report?

Stage1: Synergistic Multi-Task SFT  

think prompt

<think>To ground the end-
diastole and end-systole
keyframes,...</think>
<anwer>...</anwer>

similarity
reward

timestamp/
index reward

consist.
rewardduration

reward

format
reward

Rf+Rs+Rd+Rt+Ri+Rc a1,...,ai,...,aG JGRPO πθref

ground-truth prediction

keyframes?

keyframe 
label-propagation
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standardized from the group rewards {r1, . . . , rG}:

Ai =
ri − mean(r1, . . . , rG)

std(r1, . . . , rG) + ϵ
(2)

This relative advantage mechanism encourages the
model to prioritize answers that are relatively better
within the sampled group, effectively guiding it
through the ambiguity of visually similar frames.
To operationalize this optimization, we formulate
a cycle-aware reward mechanism to serve as the
evaluation standard for these relative comparisons.

3.5 Cycle-Aware Reward Mechanism

To provide precise guidance signals for the GRPO
algorithm, we design a composite reward function
specifically tailored for fine-grained echocardio-
graphic grounding. It comprises four components:

Format Reward (Rfmt). To enforce struc-
tured reasoning, a reward (e.g., 0.25) is
assigned only if the output follows the
strict format: reasoning process enclosed in
<think>...</think> tags followed by the
answer in <answer>...</answer> tags.

Soft-Margin Temporal Precision Reward.
Standard exact-match supervision is overly
harsh for high-frame-rate videos. We propose a
soft-margin mechanism encompassing Duration
IoU (RIoU), Timestamp Accuracy (Rt), and Index
Accuracy (Ri). For RIoU, we apply a stratified
thresholding function with τh = 0.9 and τl = 0.1
on the IoU between the predicted duration B̃ and

the ground-truth duration B:

RIoU =





1, if IoU(B, B̃) ≥ τh

IoU(B, B̃), if τl < IoU(B, B̃) < τh

0, if IoU(B, B̃) ≤ τl
(3)

For Rt and Ri, to handle temporal redundancy,
we define a tolerance radius r (one-sixth of the
cycle span). We assign stratified rewards inversely
proportional to the normalized distance dr between
the prediction and valid candidate anchors:

Ri/Rt =





1.0, if dr ≤ 0.33

0.6, if 0.33 < dr ≤ 0.67

0.2, if 0.67 < dr < 1.0

0, otherwise

(4)

where dr = mina∈A |p − a|/r, with p being the
prediction and A the set of candidate frames.

Clinical Similarity Reward (Rsim). To ensure
physiological fidelity, we employ an external spe-
cialist model (Duffy et al., 2022; Ouyang et al.,
2019) to extract clinical metrics (LVID, IVS,
LVPW, LV Area) from the predicted frame f̃ and
the ground-truth f . Implementation details are pro-
vided in Appendix B.2. The reward is penalized by
the relative error vector E: Rsim = 1−∥E(f, f̃)∥1.

Consistency Reward (Rcon). To mitigate inter-
nal hallucinations where predicted attributes contra-
dict each other, we evaluate the logical coherence
of the output triplet. We assign a bonus of 0.5 for
each mutually consistent pair among the predicted
duration, timestamp, and frame index.
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Total Reward. The final optimization objective
is the weighted summation of all components:

Rtotal = Rfmt+RIoU+Rt+Ri+αRsim+Rcon (5)

where α is a balancing coefficient empirically set
to 3 to strictly enforce clinical feature alignment.

4 Experiments

4.1 Implementation
We build EchoMLLM upon Qwen2.5-VL-3B (Bai
et al., 2025b). All experiments are conducted using
8 NVIDIA A100 GPUs with 80GB of memory. All
random seeds are fixed during the training proce-
dures to ensure reproducibility. For the SFT stage,
we adopt a learning rate of 5e-6 with a global accu-
mulation batch size of 48. For the CoT-SFT and re-
inforcement learning stages, we employ a learning
rate of 5e-6 and 3e-6 with accumulation batch sizes
of 48 and 32, respectively. The GRPO algorithm in
the reinforcement post-training stage is configured
with a maximum completion length of 1024 tokens
and samples 8 responses per input. Across both
training stages and task types, the sampling frame
rate is set to 150 (exceeding the maximum frame
rate of the actual video data), and the maximum
resolution parameter is configured at 139,552.

4.2 Evaluation Setup
For Keyframe Grounding, we evaluate on the stan-
dard test splits of the respective source datasets,
totaling 11,847 samples. For Report Generation,
we curate a held-out set of 350 randomly sampled
examples. Note that all test instances are processed
using the exact same pipeline as EchoMM-120k.

We employ the following metrics with full defi-
nitions detailed in Appendix B.

Keyframe Grounding. We evaluate this task
from two complementary dimensions: index error
and clinical similarity. (1) Index Error (Idx). We
compute the Mean Absolute Error (MAE) between
the predicted frame index and the nearest valid can-
didate frame in the ground truth, adopting a mini-
mum distance principle to account for cardiac peri-
odicity. (2) Clinical Similarity. Since temporal dis-
tance does not always correlate with diagnostic ac-
curacy, we further evaluate the functional similarity
between the predicted and ground-truth frames. We
adopt the most appropriate metric for different task
by computing the Relative Metric Error for geo-
metric indicators like Left Ventricular Area (Area),
Left Ventricle Internal Diameter (LVID), Ejection

Fraction (EF), pixel intensity (PI) and visual co-
sine similarity (Sim) for texture-based pathologies
(e.g., Myocardial Infarction).

Report Generation. Given the limitations of
traditional n-gram metrics in medical contexts, we
adopt an LLM-as-a-judge paradigm. We employ
GPT-4 to evaluate generated reports on a 0–5 scale
across four clinical dimensions: (1) Structure &
Terminology, (2) Completeness, (3) Accuracy, and
(4) Conclusion Consistency.

We compare the proposed EchoMLLM
against state-of-the-art medical MLLMs includ-
ing Lingshu-3B/7B (Team et al., 2025) and
Hulu-Med-3B/7B (Jiang et al., 2025), advanced
general-purpose MLLMs such as Qwen2.5-VL-3B
and Qwen3-VL-4B (Bai et al., 2025a), as well as
proprietary models GPT-4o and Gemini-2.5-Pro.

4.3 Main Results

Quantitative Results on Keyframe Ground-
ing. As reported in Table 1, EchoMLLM estab-
lishes a new state-of-the-art across both cycle- and
pathology-conditioned benchmarks. Most notably,
compared to its backbone Qwen2.5-VL-3B, our
model reduces frame index errors by approximately
76% on the LVH-Cycle task (from 17.35 to 4.18)
and 73% on EF estimation (from 20.60 to 5.48),
effectively resolving the invalid (“N/A”) predic-
tions caused by cycle inconsistency. EchoMLLM
also demonstrates marked superiority over GPT-4o
in complex scenarios (LVH: 4.18 vs. 7.41) and
achieves the lowest errors on clinical metrics (e.g.,
Amyloid Area error of 0.11 vs. baselines >0.15;
PFO Intensity error of 1.96 vs. >2.24). Further-
more, the RL stage proves essential for precision,
reducing index errors by 8.9% and clinical met-
ric errors by up to 23.5% compared to the SFT
baseline, validating the effectiveness of our reward-
driven optimization.

Quantitative Results on Report Generation.
As shown in Table 2, EchoMLLM achieves best-in-
class performance with an average score of 2.56,
ranking first across all four evaluation dimensions.
In direct comparison with the generalist Qwen2.5-
VL-3B (Avg: 1.55), EchoMLLM delivers a sub-
stantial performance leap of +1.01 points repre-
senting a 65% relative improvement. Moreover,
EchoMLLM outperforms the strongest proprietary
baseline, Gemini-2.5 Pro (Avg: 2.00), by +0.56
points (≈28%), and surpasses the top open-source
medical model, Lingshu-32B (Avg: 1.85), by +0.71
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Table 1: Keyframe grounding results. We report the Frame Index Error (Idx) and Clinical Similarity metrics
across Cycle- and Pathology-conditioned benchmarks. EchoMLLM significantly outperforms both proprietary and
open-source models. Note that for all metrics, lower values indicate better N/A: invalid EF calculations caused by
predicting paired frames across inconsistent cardiac cycles.
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Methods Cycle-conditioned Pathology-conditioned

Dy-cycle LVH-cycle EF AS Amyloid MI PFO LVH

API-based

GPT-4o 5.11 0.18 7.41 0.13 5.94 0.15 0.05 5.64 0.16 5.37 0.15 19.21 0.25 67.89 0.36 2.66 4.38 0.11

Open-source

Qwen2.5-VL-3B 14.51 0.19 17.35 0.14 20.60 0.07 N/A 14.78 0.19 15.42 0.19 7.38 0.12 125.61 0.54 3.57 19.73 0.13
Qwen2.5-VL-7B 14.96 0.19 17.08 0.13 20.54 0.07 N/A 14.94 0.19 15.41 0.19 7.38 0.12 95.96 0.39 3.57 19.61 0.13
Qwen3-VL-4B 16.26 0.19 18.86 0.13 28.82 0.09 N/A 15.37 0.08 12.12 0.18 25.90 0.82 91.13 0.45 2.24 28.19 0.16
Hulu-Med-4B 13.95 0.19 16.34 0.13 20.59 0.07 N/A 14.91 0.19 15.34 0.19 7.38 0.12 95.85 0.38 3.77 19.55 0.13
Hulu-Med-7B 14.21 0.19 16.60 0.13 20.59 0.07 N/A 14.94 0.19 15.40 0.19 7.38 0.12 95.96 0.39 3.57 19.62 0.13
Hulu-Med-32B 14.51 0.19 16.62 0.13 20.59 0.07 N/A 14.94 0.19 15.41 0.19 6.79 0.11 95.96 0.39 3.57 19.62 0.13
Lingshu-7B 14.84 0.19 17.04 0.13 20.59 0.07 N/A 15.05 0.19 15.44 0.19 7.15 0.12 95.96 0.39 3.31 19.56 0.13

EchoMLLM (SFT) 6.73 0.14 6.52 0.10 4.52 0.14 0.07 3.22 0.15 4.27 0.14 2.38 0.11 83.85 0.31 4.82 3.85 0.08
EchoMLLM (SFT+RL) 5.14 0.12 4.18 0.10 5.48 0.10 0.07 4.67 0.11 4.29 0.11 2.55 0.06 64.14 0.25 1.96 4.63 0.08

Table 2: Report generation results. Metrics include
Fmt. (Structure & Terminology), Comp. (Complete-
ness), Acc. (Accuracy), Consis. (Conclusion Consis-
tency), and Avg. (Average score).

Models Fmt. Comp. Acc. Consis. Avg.

API-based

GPT-4o 1.98 0.39 0.22 0.18 0.69

GPT-4-turbo 2.34 0.57 0.26 0.21 0.85

Gemini2.5-pro 3.55 1.53 1.58 1.42 2.02

Open-source

Qwen2.5-VL-3B 2.60 1.27 1.17 1.14 1.55

Qwen3-VL-4B 1.92 0.94 0.89 0.80 1.14

Lingshu-7B 3.07 1.32 1.21 1.19 1.70

Lingshu-32B 3.29 1.54 1.32 1.27 1.86

Hulu-Med-7B 2.23 0.79 0.97 0.85 1.21

Hulu-Med-32B 2.82 1.20 1.09 1.02 1.53

EchoMLLM 4.07 2.50 1.82 1.84 2.56

points (≈38%). These consistent gains verify that
our cycle-aware training paradigm enables the gen-
eration of professionally structured, accurate, and
logically consistent diagnostic reports. We further
strengthen the reliability analysis of the report gen-
eration by computing fine-grained max / mean /
standard deviation statistics across repeated 3 runs,
thereby providing a more precise estimate of eval-
uation stability and reducing the possibility that
the observed performance differences arise from

incidental variation or scoring randomness. The
resulting detailed results in Table 6 of Appendix B,
where the consistently small deviations further sup-
port the robustness and repeatability of our conclu-
sions.

Human Evaluation. To further validate the clin-
ical reliability of EchoMLLM beyond automatic
metrics, we conduct a double-blinded evaluation
with senior cardiologists. As detailed in Table 9
and Table 10, EchoMLLM achieves consistently
higher clinician preference in keyframe grounding,
reaching a win rate (WR) of ∼65% and an adjusted
win rate (AWR) of up to 85.12%.

For report generation, EchoMLLM substantially
outperforms all baselines across all evaluation di-
mensions, achieving an average score of 4.31/5,
significantly higher than both open-source and pro-
prietary models. These results further confirm that
our method not only improves quantitative per-
formance but also yields clinically preferred and
higher-quality outputs in real-world settings.

4.4 Ablation

We analyze the impact of different training stages
in Table 3. While SFT and CoT-SFT establish a
solid foundation for perceptual alignment and ex-
plicit reasoning, the RL stage proves critical for
fine-grained refinement. By leveraging coarse-to-
fine reasoning patterns, the RL stage consistently
reduces errors across both cycle-conditioned and
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Table 3: Ablation Studies of the proposed EchoMLLM.
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Methods Cycle-conditioned Pathology-conditioned

Dy Cycle LVH Cycle EF AS Amyloid MI PFO LVH

Specific Training Stages

EchoMLLM (SFT) 6.73 0.14 6.52 0.10 4.52 0.14 0.07 3.22 0.15 4.27 0.14 2.38 0.11 83.85 0.31 4.82 3.85 0.08

EchoMLLM (CoT-SFT) 5.11 0.18 7.41 0.13 5.94 0.15 0.05 5.64 0.16 5.37 0.15 19.21 0.25 67.89 0.36 2.66 4.38 0.11

EchoMLLM (SFT+RL) 5.14 0.12 4.18 0.10 5.48 0.10 0.07 4.67 0.11 4.29 0.11 2.55 0.06 64.14 0.25 1.96 4.63 0.08

Specific RL Configs

EchoMLLM-e2 5.82 0.11 5.47 0.08 7.72 0.10 0.10 5.33 0.11 6.43 0.10 3.55 0.06 108.53 0.25 1.55 6.29 0.08

EchoMLLM-derup 5.88 0.11 5.57 0.08 7.90 0.10 0.10 5.38 0.11 6.49 0.10 14.11 0.20 110.80 0.31 2.23 6.36 0.08

EchoMLLM-term-only 20.17 0.15 10.08 0.11 6.35 0.10 N/A 15.37 0.08 12.12 0.18 25.90 0.82 91.13 0.45 2.24 5.57 0.09

EchoMLLM-eq 12.43 0.15 11.09 0.10 17.39 0.09 N/A 13.49 0.15 15.90 0.15 9.05 0.53 95.85 0.38 3.77 12.18 0.11

EchoMLLM-consist 6.89 0.11 5.86 0.08 8.59 0.10 0.11 6.95 0.11 6.71 0.11 5.09 0.30 126.55 0.31 3.19 7.20 0.08

EchoMLLM-th18 6.08 0.12 6.69 0.09 7.55 0.10 0.11 6.23 0.11 7.47 0.11 10.63 0.11 94.93 0.34 4.61 6.69 0.09

EchoMLLM-th14 7.31 0.11 5.77 0.08 7.25 0.10 N/A 7.08 0.11 6.89 0.11 7.71 0.08 123.42 0.30 4.76 5.77 0.08

EchoMLLM 5.14 0.12 4.18 0.10 5.48 0.10 0.07 4.67 0.11 4.29 0.11 2.55 0.06 64.14 0.25 1.96 4.63 0.08

pathology-conditioned tasks. For example, on the
LVH Cycle task, the frame index error decreases
from 6.52 (SFT) and 7.41 (CoT-SFT) to 4.18 with
RL. Similarly, clinical metrics are improved, with
Area error reduced to 0.11 and PFO Intensity sig-
nificantly decreasing from 4.82 to 1.96. These im-
provements validate the effectiveness of our reward-
driven optimization strategy in enhancing physio-
logical fidelity alongside temporal precision.

Furthermore, we investigate specific RL config-
urations to address the challenge of "reward hack-
ing" induced by cardiac periodicity. We observe
that over-optimizing for temporal precision with-
out adequate constraints leads to model collapse.
Specifically, using a purely temporal reward (“-
term_only”) causes the frame index error to spike
dramatically (e.g., Dy Cycle: 20.17 vs. 5.14 in the
full model), as the model exploits cyclic ambigu-
ity. Similarly, naively extending training epochs (“-
e2”) or reducing dataset size (“-derup”) leads to de-
graded performance across multiple tasks, indicat-
ing overfitting or insufficient regularization. Our fi-
nal configuration, which balances cycle-aware tem-
poral rewards with clinical similarity constraints,
successfully mitigates this hacking phenomenon
and achieves the best overall performance.

4.5 Case Study

We qualitatively compare temporal grounding re-
sults on EchoNet-LVH lvh_cycle in Fig. 4,
where the goal is to identify end-diastole (ED) and

end-systole (ES) keyframes. We report predictions
from Qwen2.5-VL-3B, our SFT model, and the
RL-enhanced model against the Ground Truth.

Cardiac periodicity: SFT vs. Baseline. The
Qwen2.5-VL-3B baseline predicts both ED and
ES near the beginning of the sequence. While the
ED prediction coincides with the GT in this case,
it reflects a bias toward early frames rather than
modeling cardiac periodicity. In contrast, the SFT
model selects ED/ES frames from later cycles that
exhibit phase-consistent morphology, indicating an
improved understanding of the cardiac motion.

Reasoning-aware grounding: RL vs. SFT.
The RL-enhanced model further refines temporal
grounding by reasoning over the cardiac cycle. It
first identifies a plausible temporal segment and
then selects ED and ES at frames where ventricular
dimensions reach their extrema. Compared to SFT,
the predicted ED frame shows a larger left ventricu-
lar internal diameter (LVID), and the predicted ES
frame corresponds to a more contracted ventricle.
This leads to better alignment between temporal
localization and clinically meaningful phase defini-
tions, illustrating how RL reduces phase ambiguity
beyond supervised training.

5 Conclusion

In this work, we present EchoMLLM, a uni-
fied framework designed to automate the clinical
echocardiography workflow by integrating fine-
grained keyframe grounding with professional re-
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Qwen2.5-vl-3b

In the provided cardiac ultrasound video, please ground the keyframes for both the diastole and systole.

LVID:54.67
IVS:33.15
LVPW:33.39

LVID:52.44
IVS:34.24
LVPW:31.69

LVID:89.91
IVS:27.02
LVPW:25.86

Task: lvh_cycle

{"duration": [0.0, 6.96], "timestamp": "00:00.20", "keyframe_num": 4, "description": "In this echocardiographic 
video, the duration from 0.00 to 6.96 seconds indicates that the keyframe timestamp is 00:00.20, and the 
keyframe index is 4. The grounded keyframe is in diastole."}, {"duration": [0.0, 6.96], "timestamp": "00:06.16", 
"keyframe_num": 123, "description": "In this echocardiographic video, the duration from 0.00 to 6.96 seconds 
indicates that the keyframe timestamp is 00:06.16, and the keyframe index is 123. The grounded keyframe is in 
systole."}

LVID:91.13
IVS:26.21
LVPW:25.22

systole:123

unit: pixel

diastole:1 systole:2

RL

SFT

diastole:4

Response: {"duration": [0, 1.5], "timestamp": "00:00.00", "keyframe_num": 1, "description": "The image shows the heart in 
diastole with the left ventricle appearing slightly enlarged."}, {"duration": [1.5, 3.0], "timestamp": "00:01.5", "keyframe_num": 
2, "description": "The image shows the heart in systole with the left ventricle contracting."}

LVID:78.96
IVS:30.14
LVPW:27.91

LVID:83.18
IVS:29.19
LVPW:26.00

Response: <think>To ground the keyframes for both diastole and systole in this cardiac ultrasound video, I would begin by analyzing the temporal duration of the cardiac 
cycle as indicated in the ground-truth answer. Focusing on the segment from 0.38 to 1.52 seconds, I would observe the dynamic changes in cardiac structures such as the 
left ventricle, left atrium, interventricular septum, and valve apparatus during this period. At timestamp 00:00.76 (frame 38), corresponding to diastole, I would expect to 
see the left ventricle in a relaxed state with maximum filling, characterized by an enlarged cavity size and open mitral valve. The myocardial walls would appear thin and 
compliant, indicating normal diastolic function. Moving to timestamp 00:01.08 (frame 54) during systole, I would anticipate a contracted left ventricle with reduced cavity 
volume, closed mitral valve, and open aortic valve, reflecting effective ejection of blood. The analysis of wall motion, contractility, and ejection fraction at these keyframes 
would help confirm the presence or absence of any abnormalities, ensuring accurate grounding of the diastolic and systolic phases.</think>n<answer>{"duration": [0.38, 
1.52], "timestamp": "00:00.76", "keyframe_num": 38, "description": "In this echocardiographic video, the 0.38 to 1.52 second duration identifies the keyframe at timestamp 
00:00.76 (frame 38) for the complete video. The grounded keyframe indicates heart failure with reduced ejection fraction. The grounded keyframe is in diastole."}, 
{"duration": [0.38, 1.52], "timestamp": "00:01.08", "keyframe_num": 54, "description": "In this echocardiographic video, the 0.38 to 1.52 second duration identifies the 
keyframe at timestamp 00:01.08 (frame 54) for the complete video. The grounded keyframe indicates heart failure with reduced ejection fraction. The grounded keyframe is 
in systole."}</answer>"

LVID:65.37
IVS:31.89
LVPW:34.04

LVID:64.70
IVS:31.95
LVPW:33.07

Response: {"duration": [0.36, 1.58],  "timestamp":  "00:01.58",  "keyframe_num": 79,  "description":  "In this echocardiographic 
video, the duration from 0.36 to 1.58 seconds indicates that the keyframe timestamp for the entire video is 00:01.58, corresponding 
to keyframe number 79. The grounded keyframe is in diastole."}, { "duration": [0.36, 1.58],  "timestamp":  "00:00.36",  
"keyframe_num": 18,  "description":  "In this echocardiographic video, the duration from 0.36 to 1.58 seconds indicates that the 
keyframe timestamp for the entire video is 00:00.36, corresponding to keyframe number 18. The grounded keyframe is in systole."}

4 16 39 56 73 86 108 12321
frame no.

18 38 54

diastole:79 systole:18

diastole:38 systole:54

diastole
systole

GT
LV

RV

AO

LA

79

Figure 4: Qualitative comparison on EchoNet-LVH. We compare the Ground Truth (GT) with predictions from
baseline, our SFT and RL-enhanced model. EchoMLLM leverages cycle-aware reasoning to identify a temporally
consistent keyframe pair, resulting in physiologically accurate clinical measurements (LVID, IVS, LVPW).

port generation. To address the data scarcity in
this domain, we curate EchoMM-120k, a large-
scale, cycle-annotated instruction dataset. Tech-
nically, we propose a novel multi-stage training
paradigm that incorporates a cycle-aware reinforce-
ment learning strategy. This approach effectively
resolves the temporal ambiguity inherent in peri-
odic cardiac monitoring and enforces physiological
fidelity through clinical similarity rewards. Exten-
sive experiments demonstrate that EchoMLLM sig-
nificantly outperforms state-of-the-art proprietary
and open-source models, establishing a new bench-
mark for interpretable and accurate cardiac video
understanding. We believe this work serves as a
foundational step toward reliable, automated diag-
nostic assistants in cardiology.
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Limitation
Despite the strong empirical performance of
EchoMLLM, a main limitation arises from the
scarcity of triplet-aligned echocardiography data
(video, keyframes, and reports) due to strict clinical
privacy regulations. Consequently, EchoMLLM re-

lies on a task-decomposed formulation, utilizing
multi-task learning rather than fully unified end-
to-end supervision. While this approach yields
strong performance by mimicking clinical work-
flows, it remains a multi-stage pipeline potentially
subject to inter-task error propagation. Future work
aims to curate more comprehensive datasets where
keyframes are explicitly linked to report sections.
This would enable unified supervision, facilitating
a truly end-to-end system and further reducing cas-
cading errors for robust clinical deployment.

Ethics Statement

This work involves the development of a Multi-
Modal Large Language Model (MLLM) for
echocardiography analysis. We strictly adhere to
the ACL Ethics Policy and address the potential
ethical implications as follows:

Data Privacy and Usage. Our model is trained
and evaluated on publicly available, de-identified
datasets, including MIMIC-IV-ECHO , EchoNet-
Dynamic , EchoNet-LVH , HMC-QU , and EchoCP.
Access to the MIMIC-IV suite was obtained via
PhysioNet under a signed Data Use Agreement
(DUA) after completing the required CITI human
subjects research training. We have verified that
all utilized data sources strictly follow regulations
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or their respective ethical guidelines regarding pa-
tient anonymity. No private or identifiable patient
information was collected or processed during this
research.

Clinical Safety and Deployment. While EchoM-
LLM demonstrates state-of-the-art performance in
keyframe grounding and report generation, it is
intended solely as a research prototype and an as-
sistive tool for clinicians, not as a standalone diag-
nostic decision-maker. Echocardiography interpre-
tation requires expert judgment, and AI-generated
reports may contain hallucinations or factual er-
rors, although we have mitigated this via our cycle-
aware reward mechanism. We explicitly warn
against the deployment of this system in real-world
clinical settings without rigorous, prospective clini-
cal validation and human-in-the-loop oversight.
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A Detailed Data Construction Pipeline

The construction of the EchoMM-120K dataset fol-
lows a dual-stream pipeline designed to bridge raw
multimodal medical resources with clinical expert-
level understanding. The process is bifurcated into
(1) Fine-grained Keyframe Grounding (KG) and
(2) Temporal-Matched Report Generation (RG).

A.1 Fine-grained Keyframe Grounding (KG)
Data Construction

The KG stream transforms video-level labels into
frame-level reasoning instructions by leveraging
physiological priors and specialist models across
four primary sources.

• EchoNet-LVH (PLAX View): We merged
the training and validation sets (11,657/343
samples). Since official labels only cover
partial frames, we utilized open-source re-
gression weights to predict structural indi-
cators—LVID, IVS, and LVPW—frame-by-
frame. End-Diastole (ED) and End-Systole
(ES) ground truths were defined by global
pixel area extrema and further refined using a
Rank-Sum filtering algorithm (sorting ES by
minimal LVID and ED by maximal LVID) to
select the most representative cardiac cycle.
Relative Wall Thickness (RWT) was calcu-
lated as RWT = 2×PWTd

LV IDd to categorize four
LV geometric patterns.

• EchoNet-Dynamic (A4C View): Left ventric-
ular pixel area (size) serves as the core tem-
poral indicator. We implemented beat-level
Ejection Fraction (EF) estimation by aggre-
gating results from multiple heartbeats to im-
prove stability. For Aortic Stenosis (AS) and
Amyloidosis, we utilized pre-trained models
to obtain video-level confidence scores, align-
ing these with the best cardiac cycle identified
via the Rank-Sum algorithm.

• EchoCP (PFO Diagnosis): Original image
sequences were synthesized into AVI format
at 35 FPS and converted to grayscale. We
computed mean grayscale intensity S(c, t)
for cardiac chambers to characterize contrast
microbubble dynamics. Keyframes were se-
lected based on the Top-2 highest combined
intensity values. Microbubble distribution
was categorized into discrete labels (Max,
Min, Mean) to model temporal differences
in bubble shunts.

• HMC-QU (MI Diagnosis): We leveraged
expert-annotated ED/ES frames and video-
level Myocardial Infarction (MI) labels to
build question-answering pairs. These instruc-
tions guide the model to locate structural and
functional abnormalities associated with in-
farction at critical timestamps.
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Figure 5: The overall construction framework of the keyframe grounding and echo-report datasets construction

A.2 Multimodal Report Generation (RG)
Data Construction

The RG stream curates high-fidelity clinical sum-
maries through a rigorous matching and extraction
pipeline based on the MIMIC-IV database.
• Spatio-Temporal Matching. We use
subject_id and study_id to align
MIMIC-IV-Echo videos with MIMIC-
IV-Note discharge summaries, following
Admission T ime ≤ study_datetime ≤
Discharge T ime. The closest note within a
7-day window is selected.

• Expert Content Extraction. To handle
lengthy discharge notes, we employ expert
models (e.g., Lingshu, Qwen3-32B) to extract
echocardiography-relevant diagnostic findings
while preserving original clinical wording.

• Backtracking & Integration. For MIMICE-
choQA, note consistency is verified using a
word inclusion rate:

|WEchoQA ∩WDischarge|
|WEchoQA|

.

Extracted contents are merged using the priority:
Lingshu > EchoQA > Qwen3-32B > Qwen3-
4B.

• Multi-View Expansion. To simulate real-world
examinations, each report is paired with mul-
tiple video views. For missing standard views

(A4C, A2C, PLAX), we employ EchoPrime
to synthesize additional views, enabling robust
multi-view learning.

A.3 Splitting for the test

We follow the official dataset splits when avail-
able and construct processed splits after preprocess-
ing and filtering. Specifically, for EchoNet-LVH
and EchoNet-Dynamic, frame-level annotations are
first generated, and samples with incomplete mea-
surements are removed to obtain clean training
and test sets. For datasets without official splits
(e.g., EchoCP and HMCQU), we manually define
train/test partitions.

Table 4 summarizes the resulting data distribu-
tion. Raw denotes the original dataset splits, while
Proc. refers to the processed splits used in our ex-
periments. The Test column indicates the number
of evaluation queries. For cycle-level tasks (e.g.,
lvh_cycle and dynamic_cycle), each video typically
corresponds to one test sample. In contrast, for
disease-level tasks (e.g., EF, AS, and amyloidosis),
multiple queries can be generated from a single
video based on different clinical attributes, result-
ing in larger test sets.

Overall, the evaluation covers multiple datasets,
views (PLAX and A4C), and task types, providing
diverse and clinically grounded test scenarios.
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Table 4: Datasets for keyframe grounding. Raw videos follow official splits when available; processed videos
denote clips after preprocessing.

Dataset Task View Size Raw (Tr/Val/Te) Proc. (Tr/Te) Test

EchoNet-LVH
lvh_cycle PLAX

12k 10490/1167/343
10134/299 299

lvh_disease PLAX – 897

EchoNet-Dynamic

dynamic_cycle A4C

10k 7465/1288/1277

8748/1277 1277
ef_disease A4C – 3122
as_disease A4C – 3444
amyloid_disease A4C – 2628

EchoCP pfo_disease A4C 60 N/A 48/12 138

HMCQU MRI_disease A4C 163 N/A 156/7 42

A.4 The supplement for the construction of
the queries

This section provides a supplementary description
of the query construction used in our evaluation.
Table 5 summarizes the query templates associated
with each evaluation task. For each task, we define
a set of sub-query categories that capture differ-
ent semantic aspects of the target clinical concept,
and these categories are used to systematically con-
struct the final prompts.

B Details of the Evaluation Metrics

To comprehensively evaluate the performance of
multi-modal models in cardiac ultrasound video
analysis tasks, we propose a unified evaluation
framework covering keyframe and timestamp
grounding, frame similarity, and consistency.
For each input video V , let P denote the model’s
prediction set and G denote the ground-truth set.
We conduct quantitative evaluation through the fol-
lowing three dimensions.

B.1 Keyframe Grounding

This metric aims to measure the ability of the model
in grounding key cardiac phases (e.g., End-Diastole
[ED], End-Systole [ES]) using the indicator of rel-
ative error. Given the periodic nature of ultrasound
videos, we adopt the minimum distance principle,
allowing the model’s predictions to align with any
valid candidate cycle except the ground-truth. Let
the predicted index of the keyframe be f̂ . Let the
set of candidate keyframes provided by the ground-
truth be Cf = {c1, c2, . . . }

Minimum Frame Error This calculates the L1

distance between the predicted frame and the near-

est candidate ground-truth frame:

Eframe = min
c∈Cf

∣∣∣f̂ − c
∣∣∣ (6)

For dual-phase tasks (e.g., calculating Ejection
Fraction requires locating both ED and ES), we
calculate the error for both phases and report the
arithmetic mean:

Eavg_frame =
1

2
(EED

frame + EES
frame) (7)

B.2 Clinical Similarity
Beyond keyframe grounding, the similarity of the
identified frames with the ground truth in terms of
clinical measurement is crucial. We design task-
specific metrics to evaluate this consistency across
different datasets.

(1) Relative Metric Error We compute the rel-
ative error between the measurement on the pre-
dicted frame f̂ and the ground-truth frame f∗. Let
M(·) be the function that extracts specific clinical
measurements. The error is defined as:

Erel =
1

|M|
∑

m∈M

∣∣∣m(f̂)−m(f∗)
∣∣∣

|m(f∗)|+ ϵ
(8)

where M is the set of task-specific metrics and ϵ is
a small constant (e.g., 10−6) for numerical stability.
We instantiate M for each dataset as follows:

• EchoNet-LVH (lvh_disease,
lvh_cycle): The metric set M in-
cludes three morphological indicators: Left
Ventricle Internal Diameter (LVID), Interven-
tricular Septum (IVS), and LV Posterior Wall
(LVPW). We report the mean relative error of
these three metrics at both End-Diastole (ED)
and End-Systole (ES) phases.
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• EchoNet-Dynamic (All tasks) & EchoCP
(pfo_disease): For these tasks, the fun-
damental component of M is the Left Ven-
tricular (LV) area size (measured in pixels) at
the ED and ES phases. We further extend M
for specific tasks to align with their clinical
definitions:

1. For ef_disease, we additionally in-
corporate the Ejection Fraction (EF)
relative error derived from the predicted
cardiac cycle.

2. For pfo_disease, given that the di-
agnosis relies on a saline contrast "bub-
ble study" where microbubbles pass-
ing through the shunt manifest as high-
intensity signals, we introduce a pixel
intensity relative error. This metric cap-
tures the brightness shifts within the LV
cavity, which geometric area alone can-
not reflect.

(2) Visual Cosine Similarity For the
MI_disease task in the HMC-QU dataset,
where pathological patterns are texture-dependent,
we compute the cosine similarity between the
grayscale pixel vectors of the predicted frame f̂
and the ground-truth frame f∗. Let vf̂ ∈ RHW

and vf∗ ∈ RHW denote the vectorized (flattened)
grayscale images after spatial alignment (e.g.,
resizing to the same resolution). The visual
similarity is:

Svis(f̂ , f
∗) =

v⊤
f̂
vf∗

∥vf̂∥2 ∥vf∗∥2
. (9)

A higher Svis indicates that the predicted frame
is more visually consistent with the ground-truth
frame. We further convert similarity to an error
term:

Evis = 1− Svis(f̂d, f
∗
d ) + Svis(f̂s, f

∗
s )

2
. (10)

B.3 Report Generation
For report generation task, we employ a com-
prehensive multi-dimensional evaluation to assess
the quality of generated echocardiography reports
against ground-truth references. Given the struc-
tured clinical nature of medical report generation,
traditional NLP metrics (e.g., BLEU, ROUGE) are
insufficient to capture clinical accuracy and safety.
Therefore, we leverage GPT-4.1 as an expert evalua-
tor to conduct fine-grained assessments across four

critical dimensions: (1) Structure & Terminology,
evaluating the logical organization, appropriate use
of medical terminology, and professional format-
ting; (2) Completeness, measuring the coverage of
essential findings and the presence of critical clin-
ical information; (3) Accuracy, assessing factual
correctness, precise numerical values, and accurate
descriptions of pathological severity; and (4) Con-
clusion Consistency, examining the alignment be-
tween diagnostic conclusions and supporting find-
ings. Each dimension is scored on a 0-5 scale with
detailed clinical reasoning, where higher scores
indicate better alignment with clinical standards.
This LLM-as-a-judge approach enables nuanced
evaluation that reflects real-world clinical require-
ments beyond surface-level textual similarity. The
detailed evaluation prompt for report generation
is shown in Table 7 , and the quantitative results
are summarized in Table 6, where EchoMLLM
consistently outperforms both open-source and pro-
prietary baselines..

C More Examples of EchoMLLM

To further substantiate the robustness of EchoM-
LLM, we present expanded qualitative compar-
isons across diverse tasks. As shown in Fig. 6
(Dynamic Cycle), EchoMLLM successfully identi-
fies a functional cardiac cycle with significant LV
area reduction, whereas the baseline predicts static
frames with negligible contraction. For pathology-
conditioned grounding (Fig. 7), our model explic-
itly reasons about wall thickness and cavity size
to correctly identify "Concentric Remodeling,"
demonstrating superior diagnostic logic over base-
lines. Finally, in report generation (Fig. 8), EchoM-
LLM generates professional-grade documentation
with rigorous structure and fine-grained clinical
details (e.g., wall motion scores), significantly out-
performing the superficial outputs of generalist
MLLMs.

D Manual scoring

To strengthen clinical rigor beyond LLM-based
judging, we conducted an independent double-
blinded clinician evaluation with senior cardiol-
ogists from Class-A tertiary hospitals via a Gradio-
based platform. For keyframe grounding in Ta-
ble 9, clinicians performed side-by-side compar-
isons between EchoMLLM and baselines and re-
ported Win/Loss/Tie/Skipped; we summarize re-
sults using WR (Win Rate = Win/Total) and AWR
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Qwen2.5-vl-3b

In the provided cardiac ultrasound video, please ground the keyframes for both the diastole and systole.

size: 599.0

{"duration": [0.0, 3.44], "timestamp": "00:00.94", "keyframe_num": 47, "description": "In this echocardiographic video, 
the duration from 0.00 to 3.44 seconds indicates that the keyframe timestamp is 00:00.94, and the keyframe index is 47. 
The grounded keyframe is in diastole."}, 
{"duration": [0.0, 3.44], "timestamp": "00:03.14", "keyframe_num": 157, "description": "In this echocardiographic video, 
the duration from 0.00 to 3.44 seconds indicates that the keyframe timestamp is 00:03.14, and the keyframe index is 157. 
The grounded keyframe is in systole."} size: 1409.0

unit: pixel

RL

SFT

Response: {"duration":[0,1.5],"timestamp":"00:00.00","keyframe_num":1,"description":"Diastole: The left ventricle is in a relaxed state with a slightly 
open mitral valve and a closed tricuspid valve."}, {"duration":[1.5,3.0],"timestamp":"00:1.50","keyframe_num":2,"description":"Systole: The left 
ventricle contracts, causing the mitral valve to close and the tricuspid valve to open, propelling blood out of the heart."}

size: 1330.0 size: 713.0

Response: <think>To ground the keyframes for both diastole and systole in the provided cardiac ultrasound video, I would begin by analyzing the critical temporal 
duration of 0.0 to 1.4 seconds, which encompasses the complete cardiac cycle. Within this timeframe, I would focus on identifying the specific frames that best represent 
the end-diastolic and end-systolic phases. Observing the left ventricle's size and shape, as well as its wall motion, I would note that at timestamp 00:01.00 (frame 50), the 
ventricle is maximally filled with blood, indicating the end-diastolic phase, where the ventricular walls appear relaxed and the chamber is at its largest. Conversely, at 
timestamp 00:01.40 (frame 70), the ventricle is at its smallest volume, with thickened walls and reduced cavity size, signifying the end-systolic phase. These observations 
align with the expected changes in cardiac function during these phases, including ejection fraction and contractility. By integrating these dynamic features with relevant 
clinical parameters like E/A ratio and myocardial strain, I can confidently ground the keyframes for diastole and systole within the video.</think>n<answer>[{"duration": 
[0.00, 1.40],"timestamp": "00:01.00","keyframe_num": 50,"description": "In this echocardiographic video, the 0.00 to 1.40 second duration identifies the keyframe at 
timestamp 00:01.00 (frame 50) for the complete video. The grounded keyframe indicates heart failure with reduced ejection fraction. The grounded keyframe is in 
diastole."},{"duration": [0.00, 1.40],"timestamp": "00:01.40","keyframe_num": 70,"description": "In this echocardiographic video, the 0.00 to 1.40 second duration 
identifies the keyframe at timestamp 00:01.40 (frame 70) for the complete video. The grounded keyframe indicates heart failure with reduced ejection fraction. The 
grounded keyframe is in systole."}]</answer>"

size: 1370.0 size: 1324.0

Response: {"duration": [0.36, 1.84],"timestamp": "00:01.84","keyframe_num": 92,"description": "In this echocardiographic video, 
the duration from 0.36 to 1.84 seconds indicates that the keyframe timestamp for the entire video is 00:01.84, corresponding to 
keyframe number 92. The grounded keyframe is in diastole."},{"duration": [0.36, 1.84],"timestamp": "00:00.36","keyframe_num": 
18,"description": "In this echocardiographic video, the duration from 0.36 to 1.84 seconds indicates that the keyframe timestamp for 
the entire video is 00:00.36, corresponding to keyframe number 18. The grounded keyframe is in systole."}

Task: dynamic_cycle
  candidate_index: [[47,36],[48,66],[94,81],[95,112],[143,160]]
  candidate_time: [[0.94,0.72],[0.96,1.32],[1.88,1.62],[1.9,2.24],[2.86,3.2]]
  dynamic_cycle_gt: [47,157]

size:1342.0 size: 680.0

GT

RA

RV

LV

LA

diastole:47 systole:157

diastole:1 systole:2

diastole:50 systole:70

diastole:92 systole:18

Figure 6: A qualitative case study on the EchoNet-Dynamic dynamic_cycle task. The figure compares the
ground truth (GT) annotations with predictions from Qwen2.5-VL-3B, the SFT model, and the proposed RL-
enhanced model.

(Absolute Win Rate = Win/(Win+Loss)). For report
generation in Table 10, clinicians rated random-
ized, anonymized reports on a 0–5 Likert scale
over ST (Structure & Terminology), CP (Com-
pleteness), AC (Accuracy), and CC (Conclusion
Consistency), and we report the Mean as the av-
erage across these dimensions. As shown in the
table below, EchoMLLM achieves higher clinician
preference in grounding (WR ≈ 65%, AWR up to
85.12%) and substantially stronger report quality
(Mean 4.31/5).
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Qwen2.5-vl-3b

In the provided cardiac ultrasound video, please ground the end-diastole and end-systole keyframes 
within the single cycle that best indicates this person has Concentric Remodeling.

LVID52.3003
IVS91.9427
LVPW43.8373

{"duration": [7.16, 10.02], "timestamp": "00:07.16", "keyframe_num": 143, "description": "In this echocardiographic video, 
the duration from 7.16 to 10.02 seconds indicates that the keyframe timestamp is 00:07.16, and the keyframe index is 143. 
The grounded keyframe indicates this person has Concentric Remodeling. The grounded keyframe is in diastole."}, 
{"duration": [7.16, 10.02], "timestamp": "00:08.81", "keyframe_num": 176, "description": "In this echocardiographic video, 
the duration from 7.16 to 10.02 seconds indicates that the keyframe timestamp is 00:08.81, and the keyframe index is 176. 
The grounded keyframe indicates this person has Concentric Remodeling. The grounded keyframe is in systole."}

LVID:116.7014
IVS:27.7054
LVPW:29.8745

unit: pixel

systole:2

RL

SFT

Response: {"duration": [0.42, 3.16], "timestamp": "00:02.86", "keyframe_num": 143, "description": "In this echocardiographic video, the duration from 0.42 to 
3.16 seconds indicates that the keyframe timestamp for the entire video is 00:02.86, corresponding to keyframe number 143. The grounded keyframe indicates 
this person has Concentric Remodeling. The grounded keyframe is in diastole."}, {"duration": [0.42, 3.16], "timestamp": "00:03.16", "keyframe_num": 158, 
"description": "In this echocardiographic video, the duration from 0.42 to 3.16 seconds indicates that the keyframe timestamp for the entire video is 00:03.16, 
corresponding to keyframe number 158. The grounded keyframe indicates this person has Concentric Remodeling. The grounded keyframe is in systole."}

LVID:90.8709
IVS:36.5972
LVPW:34.3270

LVID:72.4857
IVS:64.3570
LVPW:34.7147

Response: <think>To identify the end-diastole and end-systole keyframes indicative of concentric remodeling in the provided echocardiographic video, I would begin by 
focusing on the critical temporal duration from 0.46 to 3.58 seconds as specified in the ground-truth answer. Within this timeframe, I would carefully analyze the cardiac 
structures, particularly the left ventricle, for any signs of concentric remodeling. Concentric remodeling is characterized by a thickening of the left ventricular walls while 
maintaining a relatively normal cavity size, which can be visually confirmed by observing the interventricular septum and posterior wall thickness during diastole and 
systole. At the timestamp of 00:01.02 (keyframe number 51), the left ventricle appears to be in diastole, with the walls showing increased thickness but no significant 
dilation, suggesting normal filling capacity despite the hypertrophy. Moving to the timestamp of 00:01.40 (keyframe number 70), the left ventricle is in systole, where the 
thickened walls exhibit good contractility, indicating preserved ejection fraction and systolic function. By comparing these two keyframes across the entire cardiac cycle, 
one can confirm the presence of concentric remodeling through consistent wall motion abnormalities, chamber dimensions, and functional parameters such as ejection 
fraction and fractional shortening. This step-by-step analysis allows me to logically conclude the presence of concentric remodeling based on the visual information 
provided in the ultrasound video.</think>n<answer>[{"duration": [0.46, 3.58], "timestamp": "00:01.02", "keyframe_num": 51, "description": "In this echocardiographic 
video, the duration from 0.46 to 3.58 seconds indicates that the keyframe timestamp for the entire video is 00:01.02, corresponding to keyframe number 51. The grounded 
keyframe indicates this person has Concentric Remodeling. The grounded keyframe is in diastole."}, {"duration": [0.46, 3.58], "timestamp": "00:01.40", "keyframe_num": 
70, "description": "In this echocardiographic video, the duration from 0.46 to 3.58 seconds indicates that the keyframe timestamp for the entire video is 00:01.40, 
corresponding to keyframe number 70. The grounded keyframe indicates this person has Concentric Remodeling. The grounded keyframe is in systole."}]</answer>

LVID:87.4908
IVS:52.2135
LVPW:40.0209

LVID:93.1747
IVS:48.8411
LVPW:38.6872

Response: {"duration": [0.36, 1.58],  "timestamp":  "00:01.58",  "keyframe_num": 79,  "description":  "In this echocardiographic 
video, the duration from 0.36 to 1.58 seconds indicates that the keyframe timestamp for the entire video is 00:01.58, corresponding 
to keyframe number 79. The grounded keyframe is in diastole."}, { "duration": [0.36, 1.58],  "timestamp":  "00:00.36",  
"keyframe_num": 18,  "description":  "In this echocardiographic video, the duration from 0.36 to 1.58 seconds indicates that the 
keyframe timestamp for the entire video is 00:00.36, corresponding to keyframe number 18. The grounded keyframe is in systole."}

systole:54

GT
LV

RV

AO

LA

diastole:143 systole:176

Task: lvh_Pathology
  candidate_index: [[10, 21], [50, 32], [52, 70], [85, 76], [97, 90], [101, 115], [146, 128], [147, 176], [185, 190]]
  candidate_time: [[0.2, 0.42], [1.0, 0.64], [1.04, 1.4], [1.7, 1.52], [1.94, 1.8], [2.02, 2.3], [2.92, 2.56], [2.94, 3.52], [3.7, 3.8]]
  lvh_disease_gt: [143, 176]

diastole:1

LVID:105.3604
IVS:46.2580
LVPW:34.9989

LVID:71.0658
IVS:41.3443
LVPW:42.4211

diastole:51 systole:70

diastole:79 systole:18

Figure 7: A qualitative case study on the EchoNet-LVH lvh_disease task. The figure compares the ground truth
(GT) annotations with predictions from Qwen2.5-VL-3B, the SFT model, and the proposed RL-enhanced model.

Ground-Truth

You are an expert in medical cardiac ultrasound video analysis. I will provide you with an echocardiographic video, you should first analyze in terms of cardiac structures (such as the left ventricle 
and left atrium), function, status, and relevant clinical parameters. Based on the given cardiac ultrasound video, please generate the corresponding ultrasound examination report.

Task: report generation

EchoMLLM

Qwen2.5-VL-3B

Response: “Left Ventricle: Mild left ventricular hypertrophy. No left ventricular thrombus visualized. Resting Segmental Wall Motion Analysis: Total wall motion score is 1.3. Right Ventricle: Normal right ventricular size 
and systolic function. Left Atrium: Normal left atrial size and morphology. Right Atrium: Normal right atrial size and morphology. Atrial Septum: The interatrial septum is normal in appearance. Mitral Valve: The mitral valve 
demonstrates normal function with trace physiologic regurgitation. The mitral valve demonstrates normal leaflet morphology. Aortic Valve: Normal appearance and function of the aortic valve. No significant aortic stenosis or 
insufficiency. Tricuspid Valve: Normal appearance of the tricuspid valve. Normal right ventricular systolic pressure. Pulmonic Valve: Normal pulmonic valve function with trace physiologic regurgitation. Normal pulmonic 
valve appearance. Pericardium: Normal pericardium with no pericardial effusion. Aorta: Normal aortic root. IVC: The inferior vena cava is of normal size. Pulmonary Artery: Normal pulmonary artery size. Pulmonary Veins: 
Pulmonary veins are normal in appearance and pulse Doppler interrogation shows normal systolic predominant flow.”

Response: “Left Ventricle: Left ventricular wall thickness is within upper limits of normal. The left ventricular ejection fraction was estimated to be 94.59 % No evidence of thrombus There is grade I diastolic dysfunction. 
Resting Segmental Wall Motion Analysis: Total wall motion score is 1.55. The entire anterior wall demonstrates normal motion. Right Ventricle: Borderline right ventricular hypertrophy. Left Atrium: Normal left atrial size 
and morphology. Right Atrium: Appropriate right atrial appearance for a transplant recipient. Atrial Septum: The interatrial septum bows from left to right, consistent with elevated left atrial pressure. Mitral Valve: The mitral 
valve demonstrates normal function. Aortic Valve: The peak transaortic gradient is 0.0 mmHg Mild aortic valve regurgitation. Tricuspid Valve: Tricuspid valve appears mildly thickened. Pulmonic Valve: There is trivial, 
physiologic pulmonic regurgitation. Pericardium: Trivial pericardial effusion. Aorta: The aortic root is normal in size. The aortic sinotubular junction is normal in size. There is mild ascending aorta dilation. Aortic arch normal 
in size. IVC: The inferior vena cava is normal in size and shows a normal respiratory collapse, consistent with normal right atrial pressure (3 mmHg) Pulmonary Artery: Estimated pulmonary artery systolic pressure is 36.6 
mmHg Pulmonary Veins: Not well visualized.”

Response: “### Echocardiographic Report\n\n#### Patient Name: [Patient’s Name]\n#### Date: [Date]\n#### Device Used: [Ultrasound Device Model]\n\n---\n\n#### 1. **Echocardiographic Findings**\n\n**View:**\n- 
**Transesophageal View:** Subcostal approach.\n\n**Heart Geometry & Shape:**\n- **Left Ventricle (LV):** The left ventricle appears to be mildly enlarged. There is no evidence of akinesia or hypokinesis, suggesting 
normal systolic function.\n- **Right Ventricular (RV) and Right Atrium (RA):** The right ventricular and right atrium appear to be of normal size and structure without any significant enlargement.\n\n**Cardiac 
Valves:**\n- **Aortic Valve:** The aortic valve appears to be of normal size and shape with no evident regurgitation or stenosis.\n- **Pulmonic Valve:** The pulmonic valve appears to be of normal size and shape with no 
apparent regurgitation or stenosis.\n- **Mitral Valve:** The mitral valve appears to be in a normal position without any leaflet abnormalities such as fusion, prolapse, or severe thickening.\n- **Tricuspid Valve:** The 
tricuspid valve appears to be in a normal position with no obvious leaflet abnormalities or thickening.\n\n**Ejection Fraction:**\n- **Transesophageal Left Ventricular Ejection Fraction (EF):** The EF is within normal 
limits based on grayscale echo analysis (approximately 65-70%).\n\n”

frames

Figure 8: A qualitative case on the MIMIC-IC EchoNote video_to_report task. The figure compares the
ground truth (GT) annotations with predictions from Qwen2.5-VL-3B, the SFT model, and the proposed RL-
enhanced model.
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Table 5: Query templates for each evaluation task. Each task contains multiple sub-query categories used to
construct prompts.

Task (eval_template) Query Type (Sub_Query_Category)

dynamic_cycle Standard_DualPhase
periodic_keyframe_grounding Standard_DualPhase
disease_lvh

• Normal_Geometry
• Concentric_Remodeling
• Concentric_Hypertrophy
• Eccentric_Hypertrophy

disease_ef
• Normal_EF_Value
• Normal_Function_General
• Mild_HFmrEF
• Mild_Impaired_Pumping
• Mild_Damage_Cause
• Reduced_HFrEF
• Reduced_Systolic_Failure
• Reduced_Significantly_Impaired
• Reduced_Severe_Damage_General
• Reduced_Severe_Damage_Etiology

disease_as
• High_Prob_Value
• High_Prob_Anatomy_LVH
• High_Prob_Physiology_Afterload
• Medium_Prob_Value
• Medium_Prob_Anatomy_Suspicious
• Medium_Prob_Physiology_EarlyStage
• Low_Prob_Value_No
• Low_Prob_Anatomy_DoesNot
• Low_Prob_Physiology_NotHigh

disease_amyloid
• High_Prob_Value
• High_Prob_Anatomy
• High_Prob_Physiology
• Medium_Prob_Value
• Medium_Prob_Generic
• Medium_Prob_Anatomy
• Medium_Prob_Physiology
• Medium_Prob_Symptoms
• Low_Prob_Value_No
• Low_Prob_Anatomy_DoesNot
• Low_Prob_Physiology_Normal

disease_pfo
• Shunt_Fraction_High
• Shunt_Fraction_Low
• Bubble_Count_High
• Bubble_Count_Low
• Septum_Mobility
• Septal_Aneurysm
• Risk_Embolism
• Risk_Stroke
• Diagnosis_General
• Visual_Bubble_Distribution

disease_MI
• RWMA
• Remodeling
• Thinning_Fibrosis
• Ischemic_Cardiomyopathy
• Mitral_Regurgitation
• General_Lesion
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Table 6: Report generation performance with mean ± standard deviation. Fmt., Comp., Acc., and Consis. denote
Format, Completeness, Accuracy, and Consistency, respectively. Best results are highlighted in bold.

Category Model Fmt. Comp. Acc. Consis. Avg.

API-based
GPT-4o 1.8895± 0.0703 0.3876± 0.0076 0.2114± 0.0118 0.1724± 0.0067 0.6652± 0.0227
GPT-4-turbo 2.2105± 0.0943 0.5714± 0.0094 0.2514± 0.0070 0.2124± 0.0047 0.8115± 0.0256
Gemini-2.5-pro 3.5152± 0.0218 1.5390± 0.0050 1.6171± 0.0262 1.4276± 0.0088 2.0248± 0.0035

Open-source

Qwen2.5-VL-3B 2.5929± 0.0100 1.2829± 0.0086 1.1800± 0.0057 1.1300± 0.0129 1.5464± 0.0021
Qwen3-VL-4B 1.8819± 0.0295 0.9276± 0.0047 0.8819± 0.0082 0.7781± 0.0082 1.1174± 0.0153
Lingshu-7B 3.0300± 0.0443 1.3114± 0.0057 1.2186± 0.0100 1.1729± 0.0129 1.6832± 0.0132
Lingshu-32B 3.3171± 0.0314 1.5171± 0.0200 1.3157± 0.0071 1.2629± 0.0086 1.8532± 0.0011
Hulu-Med-7B 2.2300± 0.0043 0.8100± 0.0186 0.9514± 0.0229 0.8343± 0.0171 1.2064± 0.0064
Hulu-Med-32B 2.8329± 0.0157 1.1871± 0.0100 1.0714± 0.0171 1.0157± 0.0071 1.5268± 0.0046

EchoMLLM 4.0886± 0.0230 2.4781± 0.0082 1.7924± 0.0153 1.8152± 0.0153 2.5436± 0.0105

Table 7: Evaluation Prompt for Report Generation. This prompt is used by the LLM judge (e.g., GPT-4) to
assess the clinical quality of generated reports against ground truth.

System Instruction:
You are an experienced Senior Cardiac Ultrasound Expert with over 10 years of clinical experience in cardiovascular
diagnostics. You are reviewing an AI-generated echocardiography report. Your primary goal is to critically assess the AI
report’s clinical safety, accuracy, and professionalism from a clinical perspective.

Task:
Please strictly compare the [Ground Truth Report] and the [Generated Report]. Assign a detailed sub-
score (0-5) for each evaluation criterion, accompanied by professional, in-depth reasoning.

Evaluation Dimensions:
• 1. Structure & Terminology (0-5): Proper organization and logical flow; Correct use of medical terminology;

Professional formatting.
• 2. Completeness (0-5): Coverage of all important findings; No missing critical information; Appropriate level of

detail.
• 3. Accuracy (0-5): Factual correctness; Correct negations and affirmations; Accurate severity descriptions; Precise

numerical values.
• 4. Conclusion Consistency (0-5): Agreement with reference report’s diagnosis; Logical consistency between findings

and conclusions; Appropriate clinical impressions.

Scoring Guidelines:
• 5: Excellent - Perfect or near-perfect match with ground truth.
• 4: Good - Minor differences that don’t affect clinical interpretation.
• 3: Acceptable - Some inaccuracies but main points are correct.
• 2: Poor - Significant errors or missing information.
• 1: Very Poor - Major errors that could affect diagnosis.
• 0: Unacceptable - Completely incorrect or irrelevant.

Output Format:
Please output the evaluation result in JSON format:

{
"structure_terminology": <0-5>,
"completeness": <0-5>,
"accuracy": <0-5>,
"conclusion_consistency": <0-5>,
"reasoning": {

"structure_terminology": "<Brief explanation>",
"completeness": "<Brief explanation>",
"accuracy": "<Brief explanation>",
"conclusion_consistency": "<Brief explanation>"

}
}
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Table 8: A Case of Pathology-Aware Keyframe Grounding Reasoning Prompt (Aortic Stenosis).

Prompt:
You are a medical specialist in cardiac ultrasound, with expertise in interpreting and analysing echocardiography videos.
I will provide the following inputs:
– A cardiac ultrasound video of a healthy individual or a patient with aortic stenosis
– A question about grounding keyframes of normal or aortic stenosis conditions within the video
– The groundtruth answer to the keyframe information, where duration indicates the time period that best
demonstrates the disease progression and keyframes in the video, timestamp represents the temporal position of the
keyframe within the video, keyframe_num denotes the sequential frame number of the keyframe in the video, and
description provides a characterization of the corresponding keyframe information

Your task is to simulate a step-by-step reasoning process that determines how to ground keyframes in the ground-truth
answer. However, you must assume you do not know the keyframes’ imformation in advance.
- Carefully analyze both the video and question, while referring to the symptoms/conditions/states provided in the
question to identify normal or diseased cases, which helps ground the keyframes.
- Refer to the content in the ground-truth answer (Do NOT directly copy or repeat any content from the ground-truth
answer) to form a reasoning flow: First, in the cardiac ultrasound video, focus on identifying the critical temporal
duration corresponding to the cardiac motion timeline/trajectory/process as specified in duration, then describe and
analyze the characteristics and manifestations observed during this temporal segment as outlined in description.
Additionally, incorporate reasoning and analysis across the following dimensions: cardiac structures (such as the left
ventricle, left atrium, interventricular septum, and valve apparatus), function (including systolic and diastolic function,
ejection fraction, and contractility), status (such as wall motion abnormalities, chamber dilation, hypertrophy, and
perfusion), and relevant clinical parameters (including ejection fraction, fractional shortening, E/A ratio, and myocardial
strain).
- Reason step-by-step as an ultrasound medical expert would, leveraging the cardiac beating/dynamic features and
visual information in ultrasound video, along with textual cues in question-answer pair, to reach a logical reasoning and
synthesis.
- The reasoning should proceed from observation and analysis to conclusions.
- Output the reasoning in a one paragraph and the reasoning/thinking should not be repetitive, overly redundant and too
long.

Question: {question}
Answer: {answer}

Table 9: Comparison results on the Keyframe Grounding task. WR and AWR denote Win Rate and Adjusted Win
Rate (excluding ties and skipped samples), respectively. Best results are highlighted in bold.

Task Model Pair Win Loss Tie Skip Total WR (%) AWR (%)

Keyframe Grounding EchoMLLM vs. Lingshu 44 10 14 17 68 64.71 81.48
Keyframe Grounding EchoMLLM vs. Qwen2.5-VL 143 25 49 21 217 65.90 85.12

Table 10: Results on the report generation task (0–5 Likert scale). ST, CP, AC, and CC denote Structure, Clinical
Precision, Accuracy, and Coherence, respectively. Best results are highlighted in bold.

Task Model ST CP AC CC Mean

Report Generation Qwen3-VL 3.54 2.67 2.29 1.88 2.59
Report Generation Gemini 2.5 Pro 2.40 1.50 1.50 1.80 1.80
Report Generation GPT-4o 2.00 1.50 1.25 1.00 1.44
Report Generation EchoMLLM 4.76 4.35 4.24 3.87 4.31
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