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Abstract. Electrocardiography (ECG) is essential in clinical diagnosis, but exist-

ing ECG interpretation methods still face challenges such as medical hallucina-

tions, limited knowledge updating, and weak evidence-grounded reasoning. To 

address these issues, we propose NeuroECG-RAG, a biomimetic decoupled re-

trieval-augmented framework for intelligent ECG interpretation. It follows a per-

ception–retrieval–reasoning pipeline: an ECG visual expert first converts raw 

ECG images into structured waveform descriptions; then, a biomimetic retrieval 

module performs multi-hop evidence retrieval over an ECG-oriented knowledge 

graph built from Wikipedia and The ECG Made Easy; finally, Qwen3.5 generates 

diagnoses and clinical interpretations under explicit evidence constraints. Exper-

iments on the ECG-Bench core subset show that NeuroECG-RAG achieves the 

best overall performance, with clear advantages in clinical report generation and 

multi-turn reasoning while remaining competitive in classification tasks. Overall, 

this work provides a more reliable and interpretable solution for intelligent ECG 

analysis. 

Keywords: Electrocardiography, Multimodal Large Language Models, Re-

trieval-Augmented Generation, Biomimetic Memory Retrieval, Clinical Rea-

soning. 

1 Introduction 

Electrocardiography (ECG) is a non-invasive and low-cost diagnostic tool widely used 

in clinical practice, especially for detecting cardiac rhythm abnormalities. Unlike natu-

ral images, ECG interpretation depends on fine-grained waveform features, such as P 

waves, QRS complexes, ST-T changes, rhythm regularity, and cross-lead relationships. 

Therefore, intelligent ECG interpretation is not only a visual recognition task, but also 

a knowledge-intensive decision-making process that requires medical criteria, diagnos-

tic thresholds, and clinical reasoning. 

Existing ECG interpretation has been extensively studied with deep learning meth-

ods, including signal-based and image-based diagnostic models [1,2]. These methods 

can be broadly divided into two categories. The first category is end-to-end methods, 

which directly learn the mapping from ECG input to diagnostic output within a single 

parametric model [3,4]. Recent multimodal large language models (MLLMs) have ad-
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vanced cross-modal alignment, instruction following, and long-range reasoning, ena-

bling ECG interpretation to move beyond fixed-label prediction toward open-ended 

tasks such as abnormality question answering, evidence explanation, and report gener-

ation. ECG-specialized models, including PULSE [5], MEIT [6], ECG-R1 [7], and 

GEM [8], further improve waveform understanding by adapting MLLMs to ECG-

specific signal and image representations. 

However, these methods still rely mainly on parametric knowledge and may suffer 

from insufficient knowledge integration and medical hallucinations in complex reason-

ing or knowledge-updating scenarios. 

The second category is decoupled methods, which separate waveform perception, 

evidence retrieval, and language generation into different modules. This design reduces 

error propagation and improves interpretability, knowledge updating, and hallucination 

suppression. In multimodal research, BLIP-2 [9] connects a frozen vision encoder with 

a language model through a lightweight bridge, while ViperGPT [10] decouples visual 

processing from reasoning execution. In the ECG domain, Q-Heart [3] uses historical 

clinical report retrieval and dynamic prompting to improve ECG question answering. 

However, existing decoupled ECG methods still lack a systematic mechanism for 

converting visual perception outputs into structured queries and connecting them with 

external knowledge. Retrieval-augmented generation (RAG) [11,12] provides a useful 

starting point by introducing external evidence into the generation process to improve 

factual consistency and reasoning. Several RAG extensions, such as IRCoT [13], Self-

RAG [14], RAPTOR [15], Adaptive-RAG [16], and HippoRAG [17], have improved 

evidence utilization and multi-hop reasoning. Nevertheless, most RAG methods are de-

signed for text-query–text-knowledge settings and rely on flat vector retrieval, which 

is not directly suitable for ECG interpretation, where evidence comes from waveform 

images and diagnosis often requires multi-hop clinical knowledge integration. 

To address this challenge, we propose NeuroECG-RAG, a biomimetic decoupled 

retrieval-augmented reasoning framework for intelligent ECG interpretation. It follows 

a clinically inspired workflow: first inspect the waveform, then retrieve diagnostic cri-

teria, and finally generate the diagnosis. Specifically, a visual expert converts ECG im-

ages into structured medical descriptions; an open knowledge graph and biomimetic 

memory retrieval module perform multi-hop evidence retrieval; and Qwen3.5 generates 

the final diagnosis under the constraints of visual descriptions, retrieved evidence, and 

task instructions. Compared with existing ECG-RAG methods that mainly rely on 

handcrafted prompts and flat text retrieval, NeuroECG-RAG integrates ECG-specific 

visual understanding with structured retrieval-augmented reasoning, supporting more 

reliable ECG interpretation, report generation, and multi-turn clinical reasoning. 

The main contributions of this work are as follows: 

1. A biomimetic decoupled framework for ECG interpretation: We propose 

NeuroECG-RAG, which coordinates an ECG visual expert, the Bio-RAG (Artificial 

Hippocampus), and a reasoning core (Artificial Neocortex) to form a closed-loop pipe-

line of waveform perception, criterion retrieval, and diagnosis generation.  

2. A large-scale structured ECG knowledge graph for multi-hop evidence re-

trieval: We construct a large-scale ECG-oriented open knowledge graph based on Wik-

ipedia and The ECG Made Easy [18], containing phrase nodes, passage nodes, relation 
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edges, synonym edges, and contextual edges, thereby supporting multi-hop associative 

retrieval and context-preserving evidence grounding. 

3. A retrieval-augmented reasoning pipeline for grounded diagnosis genera-

tion: We integrate structured visual descriptions with graph-based retrieval and evi-

dence-constrained generation, allowing the model to produce diagnoses and explana-

tions that are more explicitly supported by external clinical knowledge.  

4. Comprehensive evaluation on ECG-Bench core tasks: Experimental results on 

the core subset of ECG-Bench show that NeuroECG-RAG achieves strong overall per-

formance, with particular advantages in report generation and multi-turn clinical rea-

soning, while maintaining competitive classification capability. 

 

Fig. 1. Framework of NeuroECG-RAG. 

2 Method 

2.1 Structured Textual Description of ECG Images via the Visual 

Expert. 

As shown in Fig. 1, the Visual Expert is built upon ECGInstruct-driven multimodal 

instruction tuning [5], covering waveform recognition, rhythm analysis, morphological 

assessment, and report generation. Since this paradigm has shown stronger fine-grained 

ECG perception and cross-domain generalization than general-purpose multimodal 

models on ECG-Bench, we adopt it as the front-end perception module. 

Instead of reconstructing ECG images into one-dimensional signals before text gen-

eration [19], we directly use an ECG-pretrained multimodal model to generate struc-

tured natural language descriptions from raw ECG images. This avoids the amplifica-

tion of grid artifacts, sampling distortion, and blurring noise often introduced during 

signal reconstruction. It also makes the generated descriptions more semantically 

aligned with triples and entity relations in the knowledge graph. 

For each ECG image, the Visual Expert produces a structured description covering 

rhythm regularity, P-wave visibility and morphology, PR interval, QRS abnormalities, 
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ST–T changes across leads, and potential pacing or conduction-related findings. These 

observations serve as objective waveform evidence and are used to form the joint query 

for subsequent retrieval and reasoning. 

2.2 ECG Knowledge Corpus and Knowledge Graph Construction 

We construct an offline indexing mechanism that integrates an open knowledge graph, 

passage-level representations, and online LLM-based filtering. This structure organizes 

ECG knowledge while preserving both conceptual relations and contextual infor-

mation. 

The knowledge sources include Wikipedia entries related to ECG diagnostic labels, 

arrhythmias, conduction blocks, and ST–T abnormalities, as well as diagnostic descrip-

tions from The ECG Made Easy [18]. They cover rhythm identification, waveform 

morphology, lead distribution, and diagnostic criteria. In total, the corpus contains 

4,043 passages. 

During offline indexing, the corpus is first segmented into semantically complete 

passages. GPT-4o-mini is then used for Open Information Extraction (OpenIE), pro-

ducing schema-free triples. The subjects and objects of triples are treated as phrase 

nodes, predicates as relation edges, and the original passages as passage nodes. This 

enables joint modeling of conceptual knowledge and source context. 

To improve connectivity among different ECG expressions, we compute embedding 

similarities between phrase nodes using NV-Embed-v2 and add synonym edges. For 

       , “ b       f       ,” “       b         ,”     “                   b  ”   f   

to the same d             ,       “            ,” “                      ,”     

“    ≥ 120   ”                        b              . 

The final knowledge graph 𝐺contains phrase nodes, passage nodes, relation edges, 

synonym edges, and contextual edges. It supports multi-hop associative reasoning 

                 f         → f       →                      →               . 

2.3 Biomimetic Memory-Driven Online Associative Retrieval 

In the online retrieval stage, the user query is concatenated with the structured descrip-

tion generated by the Visual Expert to form a joint query 𝑞∗. This integrates visual ob-

servations with task intent. The retrieval process includes five steps: query-to-triple re-

trieval, recognition memory, seed assignment, Personalized PageRank propagation, 

and evidence ranking. 

First, NV-Embed-v2 computes the semantic similarity between the joint query and 

triples in the graph, returning candidate triples as the starting points for graph propaga-

tion: 

   =    ( (q*), ( )),  ∈  (1) 

     =     
 ∈ 

    (2) 



 NeuroECG-RAG 5 

where 𝑀(⋅)denotes the embedding encoder, 𝑡 ∈ 𝑇represents candidate triples in the 

knowledge graph, 𝑠𝑡is the semantic similarity between the joint query and triple 𝑡, and 

TopM⁡(⋅)returns the top 𝑀triples. 

Next, GPT-4o-mini filters the candidate triples and retains only those truly relevant 

to the current query. This step reduces semantic noise from dense retrieval, which is 

important for ECG interpretation because one feature, such as QRS widening, may cor-

respond to multiple diagnostic directions, including bundle branch block, ventricular 

rhythm, or pacing. 

 ρ( ∣q*)= 
ψ
(        ∣q*, ) (3) 

  '={ ∈     | ρ( |q
*)>τ } (4) 

where 𝜌(𝑡 ∣ 𝑞∗)denotes the estimated relevance probability of triple 𝑡, 𝑝𝜓(⋅)is the 

filtering model, 𝜏𝑟is the relevance threshold, and 𝑇′is the filtered triple set. 

After filtering, restart probabilities are assigned to phrase nodes and passage nodes. 

The passage node weight scaling factor is set to 0.05, balancing concept-level propaga-

tion and contextual preservation. Phrase node weights are computed as follows: 

   
' ={  ∈ '∣ ∈  } (5) 

   =
1

|  
' |
∑    ∈  

'     (6) 

Here, 𝑇𝑣
′denotes the filtered triples containing phrase node 𝑣, 𝑠𝑣is the node-specific 

weight, and 𝑤𝑣is the initial seed score of the phrase node. 

To preserve contextual information from the original passages, we further assign 

weighted seed scores to passage nodes and construct a personalized restart distribution 

accordingly:   

   =β⋅    ( (q*), ( )),  ∈V     (7) 

   =
  

∑    ∈V    

 (8) 

where 𝑝 ∈ 𝑉   denotes a passage node, 𝛽 is the scaling factor for passage node 

weights, 𝑉    is the set of all seed nodes, and 𝑟𝑢is the normalized restart probability of 

node 𝑢. 

The system then performs Personalized PageRank propagation over the graph: 

 π=α ⊤π+(1 α)  (9) 

where 𝑊is the transition matrix, 𝑟is the personalized restart distribution, 𝛼 = 0.5is 

the damping factor, and 𝜋is the final stationary node distribution. Compared with flat 

vector retrieval, PPR enables multi-hop propagation along graph edges and activates 

evidence that may not be directly matched but is clinically relevant. Finally, passages 

are ranked by propagated scores, and the top-𝑘 passages are selected as the final evi-

dence set 𝐸. 
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2.4 Evidence-Constrained Diagnosis Generation with Qwen3.5 

In the final stage, Qwen3.5-27B is used as the text generation backbone for diagnosis 

generation and clinical interpretation under explicit evidence constraints. We select this 

model for its strong long-context modeling capability [20], which allows it to integrate 

structured waveform descriptions, retrieved evidence passages, and task instructions in 

retrieval-augmented settings. 

Since this stage no longer requires direct image processing, Qwen3.5-27B is de-

ployed in a text-only manner. This design avoids reintroducing a generic visual path-

way and focuses computation on reasoning over retrieval-augmented textual inputs. 

The input to Qwen3.5-27B consists of system instructions, structured waveform de-

scriptions, retrieved knowledge passages, and the user query. The system prompt re-

q                           z                   ’                                         . 

If the evidence is insufficient, conflicting, or unable to support a confident conclusion, 

the model is instructed to provide a conservative response rather than unsupported spec-

ulation. 

Through this design, Qwen3.5-27B generates diagnoses within the semantic bound-

ary defined by waveform descriptions and retrieved evidence. As shown in Fig. 2, the 

output is no longer unconstrained open-ended generation, but evidence-grounded diag-

nosis generation, reducing the risk of hallucination. 

 

Fig. 2. ECG Evidence-Guided Prompt Design of Qwen3.5 for Different Tasks. 

Overall, Qwen3.5 serves as the reasoning core rather than a general multimodal model. 

The Visual Expert converts ECG images into structured semantic representations, Bio-

RAG retrieves relevant medical evidence, and Qwen3.5 performs diagnosis determina-

tion, conflict resolution, and natural language explanation under evidence constraints. 

The final generation objective is formulated as: 

  *=       
 

      θ ( ∣q, , ) (10) 
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where  θ(⋅)⁡denotes the conditional generation probability of Qwen3.5,⁡  denotes a can-

didate answer, and  * represents the optimal output conditioned on the visual descrip-

tion  , the retrieved evidence  , and the user query q. 

3 Experiments 

3.1 Benchmark Datasets 

To reduce computational cost and avoid redundant evaluation bias from using the full 

ECGBench, we evaluate NeuroECG-RAG on a compact core subset covering four rep-

resentative ECG tasks. The subset includes CPSC2018, ECG-QA, PTB-XL Report, and 

ECG Arena, with 2,061, 1,317, 500, and 50 samples, respectively. 

CPSC2018 is used for multi-label abnormality detection across nine diagnostic cat-

egories and evaluates cross-domain diagnostic generalization. ECG-QA contains ECG 

image-based question–answer pairs with 70 question templates, assessing basic ECG 

understanding and abnormality recognition. PTB-XL Report includes 500 physician-

annotated reports and evaluates long-form clinical report generation, focusing on di-

agnostic accuracy, waveform description, and structural completeness. ECG Arena 

consists of 50 manually curated multi-turn clinical dialogues, designed to assess con-

textual consistency, clinical reasoning, and multi-step decision-making in open-ended 

ECG interpretation. 

 

Fig. 3. Example comparison between NeuroECG-RAG and GEM in ECG report generation. 

3.2 Evaluation Metrics 

For abnormality detection and understanding tasks, we use macro-AUC, macro-F1, and 

Hamming Loss for CPSC2018, and accuracy for ECG-QA. For generation tasks, GPT-
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4o is used to evaluate PTB-XL Report outputs against physician-annotated references 

from three aspects: diagnostic accuracy, waveform description, and rhythm analysis. 

Each aspect is scored out of 10, and the averaged score is scaled to 100. For ECG Arena, 

GPT-4o evaluates multi-turn responses in terms of accuracy, completeness, and instruc-

tion adherence, with the final score also scaled to 100. 

3.3 Experimental Settings 

Experiments were conducted on a server equipped with a server equipped with 8 

NVIDIA GeForce RTX 4090 GPUs. The visual perception module employs PULSE 

[5] to generate structured ECG descriptions; during the graph retrieval stage, the GPT-

4o-mini API is used for online triple filtering, while NV-Embed-v2 is used for dense 

retrieval and similarity computation; the reasoning stage adopts Qwen3.5-27B as the 

text generation backbone. 

In the offline graph construction stage, the synonym edge threshold is set to 0.8; the 

damping factor of personalized PageRank is set to 0.5; the passage node weight scaling 

factor is set to 0.05; and 5 phrase nodes are retained as seed nodes during graph propa-

gation initialization. 

For decoding strategies, CPSC2018 and ECG-QA adopt the non-thinking/instruct 

mode with parameters set to temperature = 0.7, top_p = 0.8, and top_k = 20; PTB-XL 

Report and ECG Arena adopt the thinking mode with parameters set to temperature = 

1.0, top_p = 0.95, and top_k = 20. All other parameters remain at their default settings. 

3.4 Experimental Results 

 Table 1 reports the results on the four core tasks. NeuroECG-RAG achieves the best 

overall performance in knowledge-intensive settings, obtaining the highest scores on 

PTB-XL Report and ECG Arena, with 67.5 and 42.8, respectively. It also achieves the 

highest AUC on CPSC2018, reaching 79.2. 

On ECG-QA, NeuroECG-RAG obtains an accuracy of 73.4, which is close to 

PULSE and GEM, with 73.8 and 73.6, respectively. 

Compared with general-purpose MLLMs, NeuroECG-RAG shows clear advantages 

on ECG tasks, indicating that structured ECG perception and evidence-based retrieval 

are more suitable for fine-grained waveform interpretation.  

As shown in Fig. 3, NeuroECG-RAG provides a more evidence-grounded and clin-

ically coherent ECG interpretation than GEM, especially in linking waveform observa-

tions to diagnostic conclusions.  

As shown in Fig. 4, compared with ECG-specialized models such as PULSE and 

GEM, our method performs slightly lower on ECG-QA accuracy and CPSC2018 

F1/HL, but achieves better results in report generation and multi-turn reasoning. This 

suggests that the decoupled RAG framework improves interpretability and complex 

clinical reasoning, while retaining competitive classification performance. 
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Table 1. Experimental Results on Four Core Tasks. 

Category 

Datasets CPSC 2018 ECG-QA 
PTB-XL 

Report 

ECG 

Arena 

Metric AUC FI HL Accuracy 
Report 
Score 

Arena 
Score 

Random 51.2 15.1 28.8 16.2 0 0 

Proprietary 

MLLMs 

GPT-4o 50.9 10.6 18.2 35.2 50.2 33.5 

GPT-4o-mini 49.2 11.0 25.5 14.9 37.1 30.1 

Claude 3.5 

Sonnet 
52.8 11.5 18.9 34.2 43.7 37.1 

Open-source 

MLLMs 

LLaVA-One-
Vision-72B 

51.5 12.8 29.4 25.0 40.6 15.5 

Deepseek-
VL-Chat-7B 

50.7 6.0 20.0 21.1 15.6 15.3 

Mantis-8B-

siglip-Llama3 
51.3 19.1 48.5 23.8 16.0 13.6 

ECG-

specialized 

MLLMs 

PULSE 76.9 57.6 8.6 73.8 61.3 38.9 

GEM 79.1 61.1 8.1 73.6 67.1 40.0 

Ours 
NeuroECG-

RAG 
79.2 59.8 8.9 73.4 67.5 42.8 

3.5 Ablation Experiments 

 

Fig. 4. Comparison of Key Capability Dimensions among NeuroECG-RAG, GEM, and 

PULSE. 

To examine the contribution of each core component, we design five ablation variants, 

as shown in Table 2. Removing the visual expert and using only Bio-RAG with 
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Qwen3.5 results in a weak text-only baseline, since the system can only retrieve evi-

dence from the user query and cannot reliably activate ECG-specific diagnostic nodes. 

The visual Expert + Bio-RAG variant mainly reflects the capability of the visual 

expert itself. It performs well on basic abnormality recognition, achieving 57.6, 73.8, 

61.3, and 38.9 on CPSC2018, ECG-QA, PTB-XL Report, and ECG Arena, respec-

tively, but remains limited in report generation and multi-hop reasoning due to the lack 

of full evidence integration. 

Adding Qwen3.5 to the visual expert improves PTB-XL Report and ECG Arena 

scores to 62.2 and 39.0, suggesting that Qwen3.5 helps organize long-form explana-

tions. However, performance slightly drops on CPSC2018 and ECG-QA, indicating 

that additional abstraction may lose fine-grained threshold-sensitive ECG details. 

When standard flat vector retrieval is added, the model further improves on PTB-

XL Report and ECG Arena, reaching 63.4 and 41.1, but decreases on CPSC2018 and 

changes little on ECG-QA. This suggests that standard RAG provides useful textual 

evidence for generation and reasoning, but may introduce noise for label prediction 

tasks that depend on precise waveform features. 

The full model, Visual Expert + Bio-RAG + Qwen3.5, achieves the most balanced 

performance, with scores of 59.8, 73.4, 67.5, and 42.8 across the four tasks. Compared 

with standard RAG, its gains come from structured association and multi-hop propaga-

tion rather than retrieval alone: the visual expert provides medical anchors, Bio-RAG 

organizes evidence chains through triple filtering and Personalized PageRank, and 

Qwen3.5 generates diagnoses under explicit evidence constraints. 

Table 2. Ablation Study Results.  

Class 
CPSC 

2018 
ECG-QA 

PTB-XL 

Report 

ECG 

Arena 

Bio-RAG+Qwen3.5 50.0 64.22 0 0 

Visual Expert+Bio-RAG 57.6 73.8 61.3 38.9 

Visual Expert+Qwen3.5 57.2 72.9 62.2 39.0 

Visual Expert+RAG+Qwen3.5 56.8 73.1 63.4 41.1 

Visual Expert+Bio-RAG+Qwen3.5 59.8 73.4 67.5 42.8 

4 Conclusion 

In this study, we propose NeuroECG-RAG, a biomimetic decoupled retrieval-aug-

mented framework for intelligent ECG interpretation. It decomposes ECG understand-

ing into structured perception, knowledge retrieval, and evidence-constrained reason-

ing. A visual expert first extracts fine-grained waveform features from ECG images, 

which are then linked to an open knowledge graph for multi-hop evidence retrieval. 



 NeuroECG-RAG 11 

The retrieved evidence is finally used to generate diagnoses under explicit constraints. 

Experiments show that NeuroECG-RAG performs well in report generation, multi-turn 

question answering, and complex clinical reasoning, while reducing hallucination risks. 

Overall, this work offers a more interpretable and scalable solution for intelligent ECG 

interpretation. 
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