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Overview 
The CLNQ Gen-2B represents a significant advancement in clinical decision support systems, 
implementing a dual-application architecture that separates the computationally intensive embedding 
precomputation from the real-time clinical analysis. This two-part solution addresses the performance 
bottlenecks of previous generations while maintaining advanced machine learning capabilities for 
clinical decision support. 
Key Innovation: The separation of the learning/training phase (App 1) from the testing/utilization phase 
(App 2) enables sub-second clinical analysis while supporting massive knowledge bases containing 
400,000+ clinical terms. 

System Architecture Overview 
Dual-Application Design Pattern 
The CLNQ Gen-2B implements a two-stage machine learning pipeline: 

1. OƯline Learning Stage (App 1): Multi-core embedding precomputation 
2. Online Inference Stage (App 2): Real-time clinical decision support 

This architecture follows the principle of separation of concerns, where: 
 Heavy computational tasks are performed once oƯline 
 Real-time applications focus on fast inference and user interaction 
 Knowledge base updates trigger only the precomputation stage 

Application 1: OƯline Embedding Precomputer 
Technical Specifications 
File: CLNQ_2B_EmbeddingsPrecomputer.html 
Purpose: One-time preprocessing tool for converting clinical knowledge bases into optimized neural 
embeddings 
Core Architecture 
Multi-Core Processing Engine 
class MultiCoreClinicalEmbeddingPrecomputer { 
    constructor() { 
        this.detectedCores = this.detectCPUCores(); 
        this.workerCount = Math.max(2, Math.min(8, Math.floor(this.detectedCores * 0.6))); 
        this.workers = []; 
        this.workQueue = []; 
        this.completedBatches = []; 
    } 
} 
Key Features: 

 Automatic CPU Detection: Uses navigator.hardwareConcurrency to detect available cores 
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 Conservative Resource Allocation: Utilizes 60% of available cores (max 8 workers) to prevent 
system overload 

 Web Worker Implementation: Each worker runs TensorFlow.js independently for true 
parallelization 

Parallel Processing Workflow 
1. Worker Creation Phase: 

o Creates Web Workers with embedded TensorFlow.js 
o Each worker loads Universal Sentence Encoder independently 
o Implements fault tolerance with timeout and error handling 

2. Work Distribution Phase: 
o Divides clinical texts into batches (25-50 terms per batch) 
o Distributes batches across available workers 
o Monitors progress and reassigns work as needed 

3. Consolidation Phase: 
o Collects embeddings from all workers 
o Validates embedding integrity 
o Exports structured JSON output 

Performance Optimizations 
Batch Processing Strategy: 
createWorkQueue() { 
    this.workQueue = []; 
    let batchId = 0; 
    for (let i = 0; i < this.totalCount; i += this.batchSize) { 
        const batchTexts = this.clinicalTexts.slice(i, i + this.batchSize); 
        this.workQueue.push({ 
            id: batchId, 
            texts: batchTexts, 
            startIndex: i 
        }); 
        batchId++; 
    } 
} 
Memory Management: 

 Automatic tensor disposal after each batch 
 GPU memory monitoring and cleanup 
 Progressive processing to prevent memory overflow 

Input Processing Pipeline 
Knowledge Base Integration 
HPO (Human Phenotype Ontology) Processing: 
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 Extracts terms, definitions, and synonyms from HPO JSON 
 Processes hierarchical relationships 
 Generates embeddings for each semantic unit 

Biomedical Knowledge Base Processing: 
 Parses structured medical terminology 
 Processes condition-symptom relationships 
 Integrates treatment and diagnostic information 

Text Extraction Algorithm: 
extractClinicalTexts() { 
    // Process HPO terms 
    this.hpoData.graphs[0].nodes.forEach((node) => { 
        const name = node.lbl || node.label || ''; 
        const definition = node.meta?.definition?.val || ''; 
        const synonyms = node.meta?.synonyms?.map(s => s.val) || []; 
         
        // Create embeddings for each semantic component 
        if (name) this.addClinicalText(name, 'hpo_term'); 
        if (definition) this.addClinicalText(definition, 'hpo_definition'); 
        synonyms.forEach(syn => this.addClinicalText(syn, 'hpo_synonym')); 
    }); 
} 
Output Specification 
JSON Structure 
The precomputer generates a structured JSON file with the following schema: 
{ 
    "metadata": { 
        "version": "3.0-multicore-precomputed", 
        "timestamp": "2025-06-26T12:00:00.000Z", 
        "totalEmbeddings": 61540, 
        "embeddingDimension": 512, 
        "workersUsed": 6, 
        "detectedCores": 8, 
        "processingTime": 3247.5 
    }, 
    "embeddings": [ 
        [0.123, -0.456, 0.789, ...], // 512-dimensional vectors 
        [0.234, -0.567, 0.890, ...], 
        // ... 61,540 total embeddings 
    ], 
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    "labels": [ 
        { 
            "type": "hpo_term", 
            "id": "HP_0002315", 
            "name": "Headache", 
            "definition": "Pain in the head or neck region" 
        }, 
        // ... corresponding labels for each embedding 
    ], 
    "texts": [ 
        "Headache", 
        "Pain in the head or neck region", 
        // ... original text for each embedding 
    ] 
} 
File Output Options 
Standard JSON: clinical-embeddings-multicore-2025-06-26.json 

 Human-readable format 
 Typical size: 200-500 MB for 60K+ embeddings 
 Compatible with all downstream applications 

Compressed JSON (Optional): clinical-embeddings-multicore-2025-06-26.json.gz 
 Gzip compression reduces size by 70-80% 
 Requires decompression in App 2 
 Recommended for bandwidth-limited deployments 

Performance Metrics 
Benchmark Results (8-core system with RTX 4080): 

 Processing Speed: ~500-800 embeddings per minute per worker 
 Total Time: 30-90 minutes for 60,000+ clinical terms 
 Memory Usage: Peak 8-12 GB RAM, 2-4 GB GPU memory 
 Speedup Factor: 4.5-6x compared to single-threaded processing 

 

Application 2: Optimized Production App 
Technical Specifications 
File: SOCR_CLNQ_2.html 
Purpose: Real-time clinical decision support system using precomputed embeddings 
Core Architecture 
Optimized Loading System 
class OptimizedMLClinicalEngine { 
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    async loadPrecomputedEmbeddings() { 
        const embeddingSources = [ 
            'assets/clinical-embeddings-multicore-2025-06-26.json', 
            'https://supabase-url/storage/v1/object/public/embeddings/clinical-embeddings.json', 
            'https://cdn-url/clinical-embeddings.json.gz' 
        ]; 
         
        for (const source of embeddingSources) { 
            try { 
                const embeddings = await this.loadFromSource(source); 
                if (embeddings) return embeddings; 
            } catch (error) { 
                console.log(`Failed to load from ${source}: ${error.message}`); 
            } 
        } 
         
        // Fallback to generated embeddings 
        this.createFallbackEmbeddings(); 
    } 
} 
Performance Optimizations 
Pre-normalized Embeddings: 
optimizeEmbeddingStorage(embeddingData) { 
    // Pre-normalize embeddings for faster cosine similarity 
    const norms = tf.norm(this.embeddingsTensor, 'euclidean', 1, true); 
    this.normalizedEmbeddingsTensor = tf.div(this.embeddingsTensor, norms); 
     
    // Create categorical indices for faster filtering 
    this.categoryIndices = this.createCategoryIndices(embeddingData.labels); 
} 
Optimized Similarity Computation: 
async findSemanticMatchesOptimized(inputEmbedding, inputText) { 
    // Normalize input embedding 
    const inputNorm = tf.norm(inputEmbedding, 'euclidean', 1, true); 
    const normalizedInput = tf.div(inputEmbedding, inputNorm); 
     
    // Ultra-fast batch similarity computation 
    const similarities = tf.matMul( 
        normalizedInput,  
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        this.normalizedEmbeddingsTensor,  
        false,  
        true 
    ); 
     
    return this.applyIntelligentFiltering(await similarities.array()); 
} 
 

Technical Deep Dive: Embedding Precomputation for AIA Systems 
The Critical Need for Precomputation in Clinical AI 
Computational Complexity Challenge 
Real-time clinical decision support systems face a fundamental computational bottleneck when 
processing large-scale medical knowledge bases. The transformation of unstructured medical text into 
machine-readable semantic representations requires intensive neural network computations that are 
incompatible with real-time user interactions. 
The Scale Problem: 

 HPO Ontology: ~61,000 clinical phenotype terms with definitions and synonyms 
 Biomedical Knowledge Base: 400,000+ medical concepts and relationships 
 Total Processing Load: 500,000+ text fragments requiring vectorization 
 Real-time Constraint: Sub-second response requirements for clinical workflows 

Computational Requirements per Text Fragment: 
// Universal Sentence Encoder processing pipeline 
const textToEmbedding = async (text) => { 
    // 1. Tokenization and preprocessing: ~2-5ms 
    const preprocessed = await preprocessText(text); 
     
    // 2. Neural network forward pass: ~50-200ms per text 
    const embedding = await useModel.embed([preprocessed]); 
     
    // 3. Tensor operations and normalization: ~1-3ms 
    const normalized = tf.l2Normalize(embedding); 
     
    return normalized; // Total: ~53-208ms per text 
}; 
The Real-time Impossibility: 

 500,000 texts × 100ms average = 13.9 hours of sequential processing 
 Even with 8-core parallelization: 1.7 hours minimum 
 Clinical users expect responses in < 2 seconds 
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Memory and Resource Constraints 
Browser Memory Limitations: 

 Typical browser heap limit: 2-4 GB 
 Universal Sentence Encoder model: ~50 MB 
 Active tensor memory during processing: 1-2 GB 
 Simultaneous processing of 500K texts would exceed browser capabilities 

GPU Memory Bottlenecks: 
// Memory usage analysis during real-time processing 
const memoryProfile = { 
    baseModel: 50 * 1024 * 1024,        // 50 MB - USE model 
    inputTensors: 500000 * 512 * 4,     // 1 GB - all input embeddings 
    intermediateTensors: 200 * 1024 * 1024, // 200 MB - computation overhead 
    outputTensors: 500000 * 512 * 4,    // 1 GB - similarity matrices 
    total: 2.25 * 1024 * 1024 * 1024    // 2.25 GB - exceeds typical GPU memory 
}; 
 

Technical Architecture of Tensorization Process 

From Unstructured Text to Semantic Vectors 

Stage 1: Knowledge Base Parsing and Extraction 

HPO Ontology Processing: 
extractHPOTerms(hpoJson) { 
    const clinicalTexts = []; 
    const semanticLabels = []; 
     
    hpoJson.graphs[0].nodes.forEach((node, index) => { 
        const hpoId = node.id.replace('http://purl.obolibrary.org/obo/', ''); 
        const primaryTerm = node.lbl || node.label; 
        const definition = node.meta?.definition?.val; 
        const synonyms = node.meta?.synonyms?.map(s => s.val) || []; 
         
        // Primary term vectorization 
        if (primaryTerm && primaryTerm.length > 2) { 
            clinicalTexts.push(primaryTerm); 
            semanticLabels.push({ 
                type: 'hpo_term', 
                id: hpoId, 
                name: primaryTerm, 
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                semantic_role: 'primary_phenotype', 
                confidence: 1.0, 
                hierarchical_depth: this.calculateHierarchicalDepth(node), 
                anatomical_system: this.inferAnatomicalSystem(primaryTerm) 
            }); 
        } 
         
        // Definition vectorization (contextual semantics) 
        if (definition && definition.length > 10) { 
            clinicalTexts.push(definition); 
            semanticLabels.push({ 
                type: 'hpo_definition', 
                id: hpoId, 
                name: primaryTerm, 
                definition: definition, 
                semantic_role: 'contextual_definition', 
                confidence: 0.9, 
                word_count: definition.split(' ').length 
            }); 
        } 
         
        // Synonym vectorization (lexical variants) 
        synonyms.forEach(synonym => { 
            if (synonym && synonym.length > 3) { 
                clinicalTexts.push(synonym); 
                semanticLabels.push({ 
                    type: 'hpo_synonym', 
                    id: hpoId, 
                    name: primaryTerm, 
                    synonym: synonym, 
                    semantic_role: 'lexical_variant', 
                    confidence: 0.8, 
                    levenshtein_distance: this.calculateEditDistance(primaryTerm, synonym) 
                }); 
            } 
        }); 
    }); 
     
    return { clinicalTexts, semanticLabels }; 
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} 
Biomedical Knowledge Base Processing: 
processBiomedicalKB(kbText) { 
    const lines = kbText.split('\n'); 
    const structuredTerms = []; 
     
    lines.forEach((line, index) => { 
        const cleanedLine = line.trim(); 
        if (cleanedLine.length > 3) { 
            // Extract semantic categories 
            const category = this.classifyMedicalTerm(cleanedLine); 
            const complexity = this.assessTermComplexity(cleanedLine); 
             
            structuredTerms.push({ 
                text: cleanedLine, 
                label: { 
                    type: 'biomedical_term', 
                    id: `bio_${index}`, 
                    name: cleanedLine, 
                    category: category, // 'condition', 'symptom', 'treatment', 'anatomy' 
                    complexity: complexity, // 'simple', 'compound', 'technical' 
                    source: 'biomedical_kb', 
                    clinical_relevance: this.assessClinicalRelevance(cleanedLine) 
                } 
            }); 
        } 
    }); 
     
    return structuredTerms; 
} 
 

Stage 2: Neural Embedding Generation 

Universal Sentence Encoder Architecture: The system employs Google's Universal Sentence Encoder, 
a transformer-based model that converts text into 512-dimensional dense vectors capturing semantic 
meaning. 
// Multi-core embedding generation workflow 
class NeuralEmbeddingGenerator { 
    async generateEmbeddingBatch(textBatch, workerId) { 
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        const startTime = performance.now(); 
         
        // Text preprocessing for optimal neural encoding 
        const preprocessedTexts = textBatch.map(text => this.preprocessForUSE(text)); 
         
        // Neural network forward pass 
        const embeddingTensor = await this.useModel.embed(preprocessedTexts); 
        const embeddingArray = await embeddingTensor.array(); 
         
        // Post-processing and normalization 
        const normalizedEmbeddings = embeddingArray.map(embedding =>  
            this.l2Normalize(embedding) 
        ); 
         
        // Memory cleanup 
        embeddingTensor.dispose(); 
         
        const processingTime = performance.now() - startTime; 
         
        return { 
            embeddings: normalizedEmbeddings, 
            processingTime: processingTime, 
            workerId: workerId, 
            batchSize: textBatch.length, 
            avgTimePerText: processingTime / textBatch.length 
        }; 
    } 
     
    preprocessForUSE(text) { 
        // Medical abbreviation expansion 
        let processed = text.toLowerCase(); 
         
        const medicalAbbreviations = { 
            'pt': 'patient', 'hx': 'history', 'dx': 'diagnosis', 
            'tx': 'treatment', 'sx': 'symptoms', 'c/o': 'complains of', 
            'sob': 'shortness of breath', 'cp': 'chest pain', 
            'n/v': 'nausea and vomiting', 'ha': 'headache' 
        }; 
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        // Context enhancement for better embeddings 
        Object.entries(medicalAbbreviations).forEach(([abbrev, expansion]) => { 
            const regex = new RegExp(`\\b${abbrev}\\b`, 'gi'); 
            processed = processed.replace(regex, expansion); 
        }); 
         
        // Semantic enrichment 
        if (this.isSymptomTerm(processed)) { 
            processed = `clinical symptom: ${processed}`; 
        } else if (this.isConditionTerm(processed)) { 
            processed = `medical condition: ${processed}`; 
        } else if (this.isTreatmentTerm(processed)) { 
            processed = `medical treatment: ${processed}`; 
        } 
         
        return processed; 
    } 
     
    l2Normalize(vector) { 
        const norm = Math.sqrt(vector.reduce((sum, val) => sum + val * val, 0)); 
        return norm > 0 ? vector.map(val => val / norm) : vector; 
    } 
} 
 

Stage 3: Semantic Relationship Preservation 
Hierarchical Information Encoding: 
preserveSemanticRelationships(embeddings, labels) { 
    // Calculate semantic clusters for related terms 
    const semanticClusters = this.identifySemanticClusters(embeddings, labels); 
     
    // Enhance embeddings with hierarchical information 
    const enhancedEmbeddings = embeddings.map((embedding, index) => { 
        const label = labels[index]; 
        const hierarchicalContext = this.getHierarchicalContext(label); 
        const clusterInfo = semanticClusters[label.id]; 
         
        // Preserve original embedding while adding structural metadata 
        return { 
            vector: embedding, 
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            semanticMetadata: { 
                hierarchicalLevel: hierarchicalContext.level, 
                parentConcepts: hierarchicalContext.parents, 
                childConcepts: hierarchicalContext.children, 
                semanticCluster: clusterInfo.clusterId, 
                clusterCoherence: clusterInfo.coherence, 
                crossReferences: this.findCrossReferences(label, labels) 
            } 
        }; 
    }); 
     
    return enhancedEmbeddings; 
} 
 

Multi-Core Parallel Processing Architecture 
Work Distribution Strategy 
Dynamic Load Balancing: 
class WorkDistributionEngine { 
    distributeWorkload(totalTexts, availableWorkers) { 
        const optimalBatchSize = this.calculateOptimalBatchSize(totalTexts, availableWorkers); 
        const workBatches = []; 
         
        for (let i = 0; i < totalTexts.length; i += optimalBatchSize) { 
            const batch = { 
                id: Math.floor(i / optimalBatchSize), 
                texts: totalTexts.slice(i, i + optimalBatchSize), 
                startIndex: i, 
                estimatedProcessingTime: this.estimateProcessingTime(optimalBatchSize), 
                priority: this.calculateBatchPriority(totalTexts.slice(i, i + optimalBatchSize)) 
            }; 
            workBatches.push(batch); 
        } 
         
        // Sort by priority for optimal processing order 
        return workBatches.sort((a, b) => b.priority - a.priority); 
    } 
     
    calculateOptimalBatchSize(totalTexts, workers) { 
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        const memoryConstraint = 50; // Max texts per batch to prevent GPU memory overflow 
        const parallelismOptimal = Math.ceil(totalTexts.length / (workers * 10)); // Ensure 10+ batches per 
worker 
         
        return Math.min(memoryConstraint, Math.max(10, parallelismOptimal)); 
    } 
     
    calculateBatchPriority(textBatch) { 
        // Prioritize batches with high-value clinical terms 
        const hpoTerms = textBatch.filter(text => this.isHPOTerm(text)).length; 
        const symptomTerms = textBatch.filter(text => this.isSymptomTerm(text)).length; 
        const conditionTerms = textBatch.filter(text => this.isConditionTerm(text)).length; 
         
        return (hpoTerms * 3) + (symptomTerms * 2) + (conditionTerms * 2); 
    } 
} 

Worker Coordination and Fault Tolerance 
Robust Worker Management: 
class WorkerCoordinator { 
    async initializeWorkerPool(workerCount) { 
        const workers = []; 
        const workerPromises = []; 
         
        for (let i = 0; i < workerCount; i++) { 
            const workerPromise = this.createRobustWorker(i); 
            workerPromises.push(workerPromise); 
        } 
         
        // Wait for all workers with timeout and fallback 
        const results = await Promise.allSettled(workerPromises); 
         
        results.forEach((result, index) => { 
            if (result.status === 'fulfilled') { 
                workers.push(result.value); 

                this.log(`脥� Worker ${index + 1} initialized successfully`); 
            } else { 

                this.log(` Worker ${index + 1} failed: ${result.reason}`); 
            } 
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        }); 
         
        if (workers.length === 0) { 
            throw new Error('No workers could be initialized'); 
        } 
         

        this.log(`뜜뜝뜡뜢뜞뜟뜠 Worker pool initialized: ${workers.length}/${workerCount} workers active`); 
        return workers; 
    } 
     
    async createRobustWorker(workerId) { 
        return new Promise((resolve, reject) => { 
            const timeoutId = setTimeout(() => { 
                reject(new Error(`Worker ${workerId} initialization timeout`)); 
            }, 30000); // 30-second timeout 
             
            try { 
                const worker = new Worker(this.generateWorkerBlob(workerId)); 
                 
                worker.onmessage = (e) => { 
                    if (e.data.type === 'ready') { 
                        clearTimeout(timeoutId); 
                        resolve(worker); 
                    } 
                }; 
                 
                worker.onerror = (error) => { 
                    clearTimeout(timeoutId); 
                    reject(error); 
                }; 
                 
                worker.postMessage({ type: 'init' }); 
                 
            } catch (error) { 
                clearTimeout(timeoutId); 
                reject(error); 
            } 
        }); 
    } 
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} 
 

Structured JSON Output Generation 
Optimized Data Structure Design 
Embedding Storage Format: 
generateOptimizedJSON(embeddings, labels, texts, metadata) { 
    // Create optimized data structure for App 2 consumption 
    const optimizedStructure = { 
        metadata: { 
            version: '3.0-multicore-precomputed', 
            timestamp: new Date().toISOString(), 
            totalEmbeddings: embeddings.length, 
            embeddingDimension: embeddings[0]?.length || 512, 
            processingStatistics: { 
                workersUsed: metadata.workersUsed, 
                detectedCores: metadata.detectedCores, 
                totalProcessingTime: metadata.processingTime, 
                averageTimePerEmbedding: metadata.processingTime / embeddings.length, 
                memoryPeakUsage: metadata.memoryPeak, 
                batchesProcessed: metadata.batchCount 
            }, 
            qualityMetrics: { 
                embeddingNormalization: 'l2_normalized', 
                semanticCoherence: this.calculateSemanticCoherence(embeddings, labels), 
                vocabularyCoverage: this.calculateVocabularyCoverage(texts), 
                hierarchicalCompleteness: this.calculateHierarchicalCompleteness(labels) 
            } 
        }, 
         
        // Primary data arrays (must maintain index correspondence) 
        embeddings: embeddings, // 512-dimensional vectors 
        labels: labels,         // Semantic metadata 
        texts: texts,          // Original text content 
         
        // Optimization indices for App 2 
        indices: { 
            typeIndex: this.createTypeIndex(labels), 
            systemIndex: this.createAnatomicalSystemIndex(labels), 
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            confidenceIndex: this.createConfidenceIndex(labels), 
            hierarchyIndex: this.createHierarchyIndex(labels) 
        }, 
         
        // Precomputed similarity matrices for common queries 
        commonQueries: this.precomputeCommonQuerySimilarities(embeddings, texts), 
         
        // Validation checksums 
        validation: { 
            embeddingChecksum: this.calculateArrayChecksum(embeddings), 
            labelChecksum: this.calculateArrayChecksum(labels), 
            textChecksum: this.calculateArrayChecksum(texts), 
            totalSize: this.calculateTotalSize(embeddings, labels, texts) 
        } 
    }; 
     
    return optimizedStructure; 
} 
 

Index Generation for Accelerated Access 
Categorical Indexing: 
createOptimizationIndices(labels) { 
    const indices = { 
        byType: new Map(), 
        bySystem: new Map(), 
        byConfidence: new Map(), 
        byHierarchy: new Map() 
    }; 
     
    labels.forEach((label, index) => { 
        // Type-based indexing (hpo_term, condition, synonym, etc.) 
        if (!indices.byType.has(label.type)) { 
            indices.byType.set(label.type, []); 
        } 
        indices.byType.get(label.type).push(index); 
         
        // Anatomical system indexing 
        const system = this.inferAnatomicalSystem(label.name, label.definition); 
        if (!indices.bySystem.has(system)) { 
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            indices.bySystem.set(system, []); 
        } 
        indices.bySystem.get(system).push(index); 
         
        // Confidence-based indexing 
        const confidenceBucket = this.getConfidenceBucket(label.confidence || 0.8); 
        if (!indices.byConfidence.has(confidenceBucket)) { 
            indices.byConfidence.set(confidenceBucket, []); 
        } 
        indices.byConfidence.get(confidenceBucket).push(index); 
         
        // Hierarchical depth indexing 
        if (label.hierarchicalDepth !== undefined) { 
            if (!indices.byHierarchy.has(label.hierarchicalDepth)) { 
                indices.byHierarchy.set(label.hierarchicalDepth, []); 
            } 
            indices.byHierarchy.get(label.hierarchicalDepth).push(index); 
        } 
    }); 
     
    // Convert Maps to plain objects for JSON serialization 
    return { 
        byType: Object.fromEntries(indices.byType), 
        bySystem: Object.fromEntries(indices.bySystem), 
        byConfidence: Object.fromEntries(indices.byConfidence), 
        byHierarchy: Object.fromEntries(indices.byHierarchy) 
    }; 
} 
 

Quality Assurance and Validation 
Embedding Quality Assessment 
Semantic Coherence Validation: 
validateEmbeddingQuality(embeddings, labels, texts) { 
    const qualityMetrics = { 
        dimensionalConsistency: this.checkDimensionalConsistency(embeddings), 
        normalizationCorrectness: this.validateNormalization(embeddings), 
        semanticCoherence: this.assessSemanticCoherence(embeddings, labels), 
        vocabularyCompleteness: this.checkVocabularyCompleteness(texts, labels), 
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        duplicateDetection: this.detectDuplicates(texts, embeddings) 
    }; 
     
    // Semantic coherence test 
    const testPairs = [ 
        ['headache', 'cephalgia'], // Synonyms should be similar 
        ['chest pain', 'cardiac pain'], // Related terms should be similar 
        ['fever', 'abdominal pain'] // Unrelated terms should be dissimilar 
    ]; 
     
    testPairs.forEach(([term1, term2]) => { 
        const sim = this.calculatePairwiseSimilarity(term1, term2, embeddings, texts); 
        qualityMetrics.semanticTests = qualityMetrics.semanticTests || []; 
        qualityMetrics.semanticTests.push({ 
            term1, term2, similarity: sim, 
            expected: this.getExpectedSimilarity(term1, term2), 
            passed: this.validateSimilarityExpectation(sim, term1, term2) 
        }); 
    }); 
     
    // Overall quality score 
    qualityMetrics.overallScore = this.calculateOverallQualityScore(qualityMetrics); 
     
    return qualityMetrics; 
} 
 
Cross-Validation Testing: 
performCrossValidation(embeddings, labels, texts) { 
    const validationResults = { 
        synonymSimilarityTest: this.testSynonymSimilarity(embeddings, labels, texts), 
        hierarchicalConsistencyTest: this.testHierarchicalConsistency(embeddings, labels), 
        semanticClusteringTest: this.testSemanticClustering(embeddings, labels), 
        retrievalAccuracyTest: this.testRetrievalAccuracy(embeddings, texts) 
    }; 
     
    // Generate validation report 
    const validationReport = { 
        timestamp: new Date().toISOString(), 
        totalTests: Object.keys(validationResults).length, 
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        passedTests: Object.values(validationResults).filter(r => r.passed).length, 
        overallValidation: this.calculateValidationScore(validationResults), 
        recommendations: this.generateQualityRecommendations(validationResults) 
    }; 
     
    return validationReport; 
} 
 

Integration with App 2: Optimized Inference Pipeline 
How Precomputed Embeddings Enable Real-Time AIA 
Instant Similarity Computation 
 
The Precomputation Advantage: 
// App 2: Real-time analysis using precomputed embeddings 
class OptimizedClinicalInference { 
    async analyzeUserInput(userText) { 
        // Step 1: Generate embedding for user input only (50-200ms) 
        const userEmbedding = await this.generateUserEmbedding(userText); 
         
        // Step 2: Instant similarity computation using precomputed tensors (<50ms) 
        const similarities = tf.matMul( 
            userEmbedding,  
            this.precomputedEmbeddingsTensor,  
            false, true 
        ); 
         
        // Step 3: Extract top matches using optimized indexing (<10ms) 
        const topMatches = this.extractTopMatches(similarities, userText); 
         
        // Total time: ~60-260ms vs. 13.9 hours without precomputation 
        return this.generateClinicalRecommendations(topMatches); 
    } 
     
    // The critical optimization: no real-time embedding generation needed 
    // for the knowledge base - only for user input 
} 
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Memory-Optimized Tensor Operations 
EƯicient Similarity Matrix Computation: 
performOptimizedSimilaritySearch(userEmbedding, precomputedTensor) { 
    // Normalize user input embedding 
    const userNorm = tf.norm(userEmbedding, 'euclidean', 1, true); 
    const normalizedUser = tf.div(userEmbedding, userNorm); 
     
    // Use precomputed normalized embeddings for instant computation 
    const similarities = tf.matMul( 
        normalizedUser,  
        this.normalizedPrecomputedTensor,  
        false, true 
    ); 
     
    // Apply intelligent filtering based on precomputed indices 
    const filteredResults = this.applyContextualFiltering( 
        similarities,  
        this.precomputedIndices 
    ); 
     
    // Cleanup temporary tensors 
    userNorm.dispose(); 
    normalizedUser.dispose(); 
    similarities.dispose(); 
     
    return filteredResults; 
} 
 

Clinical Decision Support Enhancement 
Multi-Dimensional Analysis Pipeline 
Symptom-Condition-Treatment Mapping: 
generateClinicalWorkflow(semanticMatches) { 
    // Leverage precomputed relationships for instant analysis 
    const symptomAnalysis = this.extractSymptoms(semanticMatches); 
    const conditionMapping = this.mapConditions(symptomAnalysis, semanticMatches); 
    const treatmentOptions = this.generateTreatments(conditionMapping); 
     
    // Statistical modeling using precomputed probability distributions 
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    const outcomeStatistics = this.simulateOutcomes(treatmentOptions); 
     
    return { 
        detectedSymptoms: symptomAnalysis, 
        mappedConditions: conditionMapping, 
        treatmentPathways: treatmentOptions, 
        statisticalOutcomes: outcomeStatistics, 
        confidenceMetrics: this.calculateConfidence(semanticMatches) 
    }; 
} 
The precomputation process transforms the impossible task of real-time knowledge base vectorization 
into a manageable workflow where only user input requires neural processing, enabling sophisticated 
clinical AI to operate within the constraints of browser-based applications while maintaining the 
semantic richness necessary for accurate medical decision support. 
 

Clinical Analysis Pipeline 
Multi-Stage Processing 

1. Input Preprocessing: 
o Medical abbreviation expansion 
o Symptom description augmentation 
o Context-aware text preparation 

2. Semantic Matching: 
o Real-time embedding generation for user input 
o Optimized similarity computation against precomputed embeddings 
o Intelligent filtering based on context and confidence 

3. Symptom Extraction: 
o ML-based symptom detection using semantic matches 
o Rule-based extraction for robustness 
o Confidence scoring and anatomical system mapping 

4. Condition Mapping: 
o Neural similarity-based condition identification 
o Symptom-condition relationship analysis 
o Probability estimation with evidence tracking 

5. Treatment Generation: 
o ML-enhanced treatment pathway analysis 
o Monte Carlo simulation for outcome prediction 
o Multi-dimensional impact assessment 
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Intelligent Context Analysis 
analyzeInputContext(inputText) { 
    const symptomKeywords = ['pain', 'ache', 'headache', 'nausea', 'fever']; 
    const conditionKeywords = ['diagnosis', 'condition', 'disease', 'syndrome']; 
    const treatmentKeywords = ['treatment', 'therapy', 'medication']; 
     
    return { 
        symptoms: this.calculateKeywordScore(inputText, symptomKeywords), 
        conditions: this.calculateKeywordScore(inputText, conditionKeywords), 
        treatments: this.calculateKeywordScore(inputText, treatmentKeywords) 
    }; 
} 
 

Clinical Decision Support Output 
Hierarchical Workflow Structure 
The system generates a comprehensive clinical decision tree with the following structure: 
{ 
    "workflow": { 
        "id": "optimized_ml_workflow", 
        "type": "symptom_complex", 
        "title": "Optimized ML Clinical Analysis", 
        "children": [ 
            { 
                "type": "diagnosis", 
                "title": "PRIMARY CONDITION", 
                "confidence": 0.85, 
                "children": [ 
                    { 
                        "type": "treatment", 
                        "title": "RECOMMENDED TREATMENT", 
                        "mlScore": 0.92, 
                        "children": [ 
                            { 
                                "type": "outcome", 
                                "statistics": { 
                                    "success": { "mean": 0.85, "se": 0.03 }, 
                                    "cost": { "mean": 1250, "se": 180 }, 
                                    "costBreakdown": { 
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                                        "monetary": { "mean": 1250, "se": 180 }, 
                                        "pain": { "mean": 2.1, "se": 0.4 }, 
                                        "emotional": { "mean": 3.2, "se": 0.6 }, 
                                        "social": { "mean": 1.8, "se": 0.3 }, 
                                        "time": { "mean": 2.5, "se": 0.4 } 
                                    } 
                                } 
                            } 
                        ] 
                    } 
                ] 
            } 
        ] 
    } 
} 
 

Statistical Analysis Engine 
Monte Carlo Simulation: 
runEnhancedSimulations(treatment, condition, numSimulations = 25) { 
    const results = { success: [], cost: [], costBreakdown: {} }; 
     
    for (let i = 0; i < numSimulations; i++) { 
        const mlVariationFactor = 1 + (Math.random() - 0.5) * 0.2; 
        const personalizedFactor = treatment.mlConfidence || 0.7; 
         
        const success = treatment.eƯicacy * personalizedFactor * mlVariationFactor; 
        const totalCost = this.calculateMultiDimensionalCost(treatment, condition); 
         
        results.success.push(Math.max(0, Math.min(1, success))); 
        results.cost.push(totalCost); 
    } 
     
    return this.calculateStatistics(results); 
} 
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System Integration and Deployment 
Deployment Architecture 
Three-Tier Deployment Strategy 

1. Development Tier: 
o Local development with App 1 for embedding generation 
o Testing and validation on development datasets 
o Performance benchmarking and optimization 

2. Staging Tier: 
o Cloud storage for precomputed embeddings 
o Load testing with production-scale data 
o Integration testing with clinical workflows 

3. Production Tier: 
o CDN distribution for global access 
o Multiple fallback sources for reliability 
o Real-time monitoring and performance tracking 

 

Storage Options Configuration 
Local Assets: 
// For development and small deployments 
const localSource = 'assets/clinical-embeddings-multicore-2025-06-26.json'; 
Supabase Storage: 
// For scalable cloud storage 
const supabaseSource = 'https://your-
project.supabase.co/storage/v1/object/public/embeddings/clinical-embeddings.json'; 
CDN Distribution: 
// For global high-performance access 
const cdnSource = 'https://cdn.example.com/clnq/clinical-embeddings.json.gz'; 
Performance Monitoring 
Key Performance Indicators (KPIs) 
Loading Performance: 

 Embedding load time: Target < 10 seconds 
 Fallback activation rate: Target < 5% 
 Memory utilization: Target < 2GB GPU memory 

Analysis Performance: 
 Query response time: Target < 2 seconds 
 Similarity computation time: Target < 500ms 
 End-to-end analysis time: Target < 5 seconds 
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Quality Metrics: 
 Symptom detection accuracy: Target > 85% 
 Condition mapping confidence: Target > 80% 
 Treatment recommendation relevance: Target > 90% 

 

Advanced Features and Capabilities 
Fallback and Recovery Systems 
Graceful Degradation 
async initializeFallbackMode() { 
    // Generate minimal embeddings for basic functionality 
    const fallbackTexts = [ 
        'headache', 'chest pain', 'abdominal pain', 'nausea', 'fever' 
    ]; 
     
    const fallbackEmbeddings = fallbackTexts.map(() =>  
        Array.from({length: 512}, () => Math.random() - 0.5) 
    ); 
     
    this.precomputedEmbeddings = { 
        metadata: { version: 'fallback-mode' }, 
        embeddings: fallbackEmbeddings, 
        labels: fallbackLabels, 
        texts: fallbackTexts 
    }; 
} 
 

Multi-Source Loading Strategy 
The system implements a robust loading strategy that attempts multiple sources in order of preference: 

1. Primary: Local pre-computed embeddings (fastest access) 
2. Secondary: Cloud storage (Supabase, AWS S3, etc.) 
3. Tertiary: CDN distribution (global availability) 
4. Fallback: Generated embeddings (basic functionality) 

 

Memory Management and Optimization 
Tensor Lifecycle Management 
optimizeMemoryUsage() { 
    // Dispose unnecessary tensors 



https://socr.umich.edu/GAIM/SOCR_CLNQ_2.html  

https://socr.umich.edu          28 

 

    if (this.embeddingsTensor && this.normalizedEmbeddingsTensor) { 
        this.embeddingsTensor.dispose(); 
        this.embeddingsTensor = null; 
    } 
     
    // Compress label data 
    this.precomputedEmbeddings.labels = this.precomputedEmbeddings.labels.map(label => ({ 
        id: label.id, 
        name: label.name, 
        type: label.type, 
        definition: label.definition?.substring(0, 200) 
    })); 
     
    // Force garbage collection if available 
    if (window.gc) window.gc(); 
} 
 

Security and Privacy Considerations 
Data Protection 
Local Processing: All clinical analysis occurs client-side, ensuring patient data never leaves the user's 
device 
Secure Storage: Embedding files contain only anonymized clinical terminology, not patient-specific 
information 
HIPAA Compliance: The system architecture supports HIPAA-compliant deployments through local-only 
processing 
 

Usage Instructions and Best Practices 
Initial Setup Workflow 
Step 1: Embedding Generation 

1. Prepare Knowledge Base Files: 
2. assets/ 
3. ├── hp.json (HPO ontology) 
4. ├── Biomedical_Knowledgebase.txt 
5. └── additional_terminology.json 
6. Run Precomputer: 

o Open CLNQ_2B_EmbeddingsPrecomputer.html in a modern browser 
o Ensure adequate system resources (8+ GB RAM, modern CPU) 
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o Click "Start Multi-Core Processing" 
o Monitor progress and wait for completion (30-90 minutes) 

7. Export and Validate: 
o Download generated JSON file 
o Run embedding quality tests 
o Verify file integrity and size 

Step 2: Production Deployment 
1. Upload Embeddings: 
2. # Upload to your preferred storage 
3. aws s3 cp clinical-embeddings.json s3://your-bucket/embeddings/ 
4. # or 
5. supabase storage upload embeddings clinical-embeddings.json 
6. Configure App 2: 
7. // Update embedding sources in SOCR_CLNQ_2.html 
8. const embeddingSources = [ 
9.     'assets/clinical-embeddings-multicore-2025-06-26.json', 
10.     'https://your-storage-url/clinical-embeddings.json' 
11. ]; 
12. Test and Deploy: 

o Test loading from all configured sources 
o Verify fallback behavior 
o Deploy to production environment 

 

Operational Best Practices 
Performance Optimization 
Browser Requirements: 

 Modern browser with WebGL support (Chrome 80+, Firefox 75+, Safari 14+) 
 Minimum 4GB system RAM, 8GB recommended 
 GPU acceleration recommended for optimal performance 

Network Considerations: 
 Embedding file size: 200-500MB (uncompressed) 
 Consider compression for bandwidth-limited environments 
 Implement CDN for global deployments 

Maintenance and Updates 
Knowledge Base Updates: 

 Re-run App 1 when HPO or medical terminology is updated 
 Version control embedding files with metadata timestamps 
 Implement A/B testing for embedding quality comparisons 
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Performance Monitoring: 
 Monitor loading times and success rates 
 Track analysis accuracy and user satisfaction 
 Log fallback activation for system health assessment 
  

Technical Specifications Summary 
App 1: Embedding Precomputer (Learner) 
Input Requirements: 

 HPO JSON file (typically 50-100 MB) 
 Biomedical knowledge base text files 
 Minimum 8 GB RAM, 16 GB recommended 
 Modern multi-core CPU (6+ cores recommended) 

Output Specifications: 
 JSON embedding file (200-500 MB) 
 512-dimensional vectors (Universal Sentence Encoder) 
 Comprehensive metadata and validation information 

Performance Characteristics: 
 Processing time: 30-90 minutes for 60K+ terms 
 Multi-core eƯiciency: 4-6x speedup over single-threaded 
 Memory usage: 8-12 GB RAM peak, 2-4 GB GPU memory 

 

App 2: Production Clinical AI (Inferencer)  
Input Requirements: 

 Pre-computed embedding JSON file 
 Minimum 4 GB RAM, 8 GB recommended 
 WebGL-capable browser 

Performance Characteristics: 
 Embedding load time: 5-15 seconds 
 Analysis response time: 1-3 seconds 
 Memory usage: 1-2 GB RAM, <1 GB GPU memory 

Output Capabilities: 
 Real-time symptom detection and analysis 
 Multi-dimensional treatment outcome prediction 
 Comprehensive clinical decision support workflows 
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Overall Summary 
The SOCR CLNQ Gen-2B dual-application architecture represents a significant advancement in clinical 
AI systems, successfully addressing the performance limitations of previous generations while 
maintaining sophisticated machine learning capabilities. By separating the computationally intensive 
embedding generation from real-time clinical analysis, the system achieves: 

 Sub-second response times for clinical queries 
 Scalability to massive medical knowledge bases (400K+ terms) 
 Reliability through multiple fallback mechanisms 
 Maintainability through clear separation of concerns 

 
The SOCR CLNQ architecture serves as a blueprint for deploying advanced AI systems in resource-
constrained environments while maintaining the sophisticated analytical capabilities required for clinical 
decision support. The system's modular design enables continuous improvement of individual 
components without disrupting the overall workflow, making it suitable for long-term deployment in 
evolving clinical environments. 
 


