
Computer Fraud and Security  

ISSN (online): 1873-7056 

 

__________________________________________________________________________________________ 
50 

Vol: 2023 | Iss: 12 | 2023 

 

MuleSoft Batch Processing: High-Volume Streaming Architecture 

Venkata Pavan Kumar Gummadi,  

Independent Researcher, USA 

Email: venkata.p.gummadi@gmail.com 

Abstract:  MuleSoft Batch Processing with streaming capabilities provides enterprise-grade handling of 

high-volume data integration workloads. This journal examines batch processing architecture, streaming 

patterns, performance optimization, PEGA integration, and deployment strategies for organizations 

managing millions of records. MuleSoft 4 enables efficient processing through source-level streaming, 

intelligent record orchestration, and sophisticated error handling without memory exhaustion[1]. The 

document presents architectural patterns, implementation best practices, and real-world performance metrics 

essential for production-grade batch systems. 
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Batch Process:  

 

1. Introduction 

Enterprise organizations face critical challenges when processing large datasets at scale[1]. Traditional batch systems load 

entire files into memory, causing out-of-memory errors when handling millions of records. MuleSoft 4 addresses these 

challenges through native streaming capabilities at the source level, intelligent batch job orchestration, and record-level 

parallelization strategies[2]. 

1.1 Core Problem Statement 

Five primary challenges plague traditional batch processing approaches: 

1. Memory Constraints - Entire datasets loaded into memory cause heap exhaustion 

2. Scalability Limitations - Inefficient resource management limits throughput 

3. Integration Complexity - Coordinating multiple systems requires robust orchestration 

4. Real-Time Demands - Organizations need both responsiveness and bulk efficiency 

5. Reliability Requirements - Failures must be automatically recoverable[1] 

1.2 MuleSoft Solution Framework 

MuleSoft 4 provides a purpose-built framework addressing these challenges through: 
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• Native streaming at source level (files, databases, APIs) 

• Intelligent batch job orchestration with internal queuing 

• Record-level parallelization and aggregation strategies 

• Seamless cloud service and PEGA workflow integration 

• Built-in observability and monitoring capabilities[2] 

2. Batch Processing Architecture Fundamentals 

2.1 Three-Phase Processing Model 

Phase Description 

Input Phase Source connector receives data (file, database, HTTP API) and streams records individually 

Processing Phase 
Records distributed to batch steps for transformation, validation, and API calls with internal 

concurrency 

Completion Phase Statistics aggregated, metrics published, notifications sent to clients and monitoring systems 

 

Table 1: Batch Job Three-Phase Processing Model 

 

2.2 Stream vs Collection Processing 

Stream-based processing is recommended for large datasets[3]. Streaming reads data sequentially in chunks without 

loading the entire payload into memory. This enables processing of multi-gigabyte datasets with memory consumption 

decoupled from data source size, constrained only by processing speed rather than available heap. 
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Collection-based processing loads entire datasets into memory as collection objects, suitable only for datasets under 100 

MB. Out-of-memory failures occur for larger datasets, and all data must complete before processing begins[3]. 

3. Streaming Configuration and Optimization 

3.1 Source-Level Streaming Strategies 

Three streaming strategies enable different trade-offs between efficiency and recoverability: 

1. Non-Repeatable Streams - Most memory-efficient approach 

• Data read once and consumed sequentially 

• No buffering to disk or memory 

• Ideal for single-pass processing 

2. Repeatable File-Store Streams - Balanced approach 

• Data buffered to disk up to configurable threshold 

• Allows re-reading chunks from disk when needed 

• Supports retry scenarios without reloading from source 

3. Repeatable In-Memory Streams - Not recommended 

• Data held in RAM, defeats streaming purpose 

• Use only for guaranteed small datasets 

3.2 Database Streaming Configuration 

Database connectors stream result sets with rows delivered in configurable batches[3]. The batch job processes rows as 

they arrive without loading complete result sets, with result set size decoupled from memory constraints. Recommended 

configuration includes: 

• Streaming enabled: true 

• Fetch Size: 256 rows per fetch (tunable) 

• Timeout: 300 seconds for long-running queries 

• Connection Pool: sized for concurrent reads 

4. Architecture Patterns for High-Volume Processing 

4.1 File-Triggered Batch Pattern 

File-triggered patterns handle nightly file drops containing millions of customer records. The architecture flow includes 

trigger activation, inbound file streaming with DataWeave transformation, batch input with streaming record collection, 

validation steps, cloud synchronization through batch aggregation, error handling, and completion notifications[2]. 

Expected performance on standard CloudHub workers demonstrates: 

• Throughput: 50,000 records/minute 

• Memory Peak: 80 MB with size=100 aggregation 

• Total Runtime: 1 million record file processes in ~20 minutes[2] 

4.2 API-Triggered Asynchronous Pattern 

Client applications submit large data uploads via HTTP and request asynchronous processing. The architecture includes an 

API endpoint accepting chunked file uploads, a status endpoint returning processing state with progress metrics, and 

background batch jobs polling for new uploads. 
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The state machine transitions through QUEUED (awaiting processing), PROCESSING (actively processing), 

COMPLETED (all records processed), and FAILED (batch failure) states[2]. 

4.3 Hybrid Real-Time Plus Batch Pattern 

Two-layer architecture captures events in real-time and processes them in bulk nightly. The real-time layer validates and 

persists events to staging tables with immediate acknowledgment. The batch layer executes high-cost transformations 

nightly with bulk loading to core systems[2]. 

Benefits include real-time acceptance without processing latency, efficient bulk processing during off-peak hours, ability 

to batch similar events for more efficient API calls, and better resource utilization across 24-hour cycles. 

5. Batch Aggregation Strategies 

Aspect Fixed-Size Aggregation Streaming Aggregation 

Memory Usage Increases with group size Constant, minimal 

Outbound Calls Fewer, larger payloads More, smaller payloads 

Latency Per Record Higher wait for group Lower immediate 

Target API Compatibility Bulk APIs required Works with any API 

Use Case Salesforce Bulk API Individual record APIs 

 

Table 2: Fixed-Size vs Streaming Aggregation Comparison 

Fixed-size aggregation collects a fixed number of records before sending (e.g., size=50). With 1 million records at size=50, 

this generates 20,000 API calls versus 1,000,000 individual calls, with increased memory usage for large groups but fewer 

outbound calls[3]. 

Streaming aggregation streams records without enforcing fixed collection size. With 1 million records streamed, constant 

memory (1-2 records maximum) is maintained regardless of batch size, though more frequent calls occur[3]. 

6. Error Handling and PEGA Integration 

6.1 Error Classification Framework 

Error Type Cause Strategy Example 

Transient Network, service unavailable Exponential backoff retry HTTP 503, DB timeout 

Functional Business logic failure Route to PEGA, human review Invalid email, duplicate ID 

System Code bug, configuration error Alert and halt batch Null pointer, missing config 

 

Table 3: Error Classification and Handling Strategies 

Three primary error categories guide recovery strategies[4]. Transient errors (HTTP 5xx, network timeouts) are auto-

recoverable through exponential backoff retry with 3 attempts. Functional errors (validation failures, business logic 

violations) require human review and PEGA case creation. Policy violations (fraud detection, duplicate detection) require 

compliance escalation to specialized teams[4]. 
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6.2 PEGA Case Management Integration 

PEGA integration enables case creation from batch exceptions. When batch step validation fails, error handlers construct 

PEGA case payloads with error details and POST to PEGA REST API, storing returned caseID for tracking[4]. Scheduled 

flows poll PEGA case status every 5 minutes, extracting corrected data upon resolution and triggering batch retry with 

updated data. 

Asynchronous callback patterns improve efficiency. PEGA POSTs to MuleSoft callback endpoints upon case resolution 

(RESOLVED or REJECTED), enabling immediate updates without polling latency[4]. 

7. Performance Tuning and Optimization 

7.1 Configuration Parameters 

Parameter Impact Tuning Strategy 

Batch Size Number of concurrent records Increase for throughput; decrease for low memory 

Queue Size Internal buffer before processing Balance responsiveness and memory 

Thread Pool Concurrent workers per step Increase for IO-bound; limit for CPU-bound 

Aggregator Size Records grouped before API call Larger for fewer calls; smaller for faster response 

Timeout Max time per record in step Align with target system SLA 

 

Table 4: Batch Configuration Parameters 

7.2 Memory Optimization Techniques 

Five critical optimization techniques minimize peak memory consumption[3]: 

1. Enable streaming at source - Reduces initial load from O(data size) to O(buffer size) 

2. Transform inside batch steps - Reduces peak memory by 10-100x for large files 

3. Minimize batch variables - Avoid accumulating large collections; use database tables 

4. Use streaming aggregators - Maintains constant memory regardless of batch size 

5. Configure JVM heap settings - CloudHub worker sizing and on-premise heap configuration[3] 

7.3 Throughput Optimization 

Four strategies maximize records processed per second[3]: 

1. Increase parallelization - 3-5x throughput improvement on multi-core systems 

2. Reduce latency per record - Cache reference data; use batch aggregators (2-10x improvement) 

3. Connection pooling - Database and HTTP connection reuse (20-50% improvement) 

4. Monitor and scale - Horizontal scaling with multiple workers (near-linear throughput scaling) 

7.4 Performance Metrics Reference 

Scenario Records Duration Throughput 

1 GB CSV, single worker 1,000,000 25 min 667 recs/sec 
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1 GB CSV, 2 workers 1,000,000 13 min 1,282 recs/sec 

1 GB CSV, 4 workers 1,000,000 8 min 2,083 recs/sec 

Cloud API bulk sync 100,000 5 min 333 recs/sec 

Database streaming insert 10,000,000 90 min 1,852 recs/sec 

 

Table 5: Observed Performance Metrics (CloudHub Standard Worker) 

8. Deployment and Monitoring 

8.1 Deployment Options 

Three deployment models serve different organizational needs[5]: 

• CloudHub (Managed Runtime) - One-click deployment with auto-scaling, integrated monitoring, pay-per-

instance 

• Runtime Fabric (Kubernetes) - Customer-managed infrastructure, high performance, bring-your-own 

infrastructure costs 

• On-Premise (Standalone Runtime) - Full flexibility, manual management, requires external monitoring tools[5] 

8.2 Monitoring and Observability 

Comprehensive monitoring tracks application metrics (records processed, succeeded, failed per step), infrastructure metrics 

(CPU, memory, network IO, disk usage), and alerts for batch duration exceeding 2x baseline, error rate exceeding 5%, or 

memory exceeding 80%[5]. 

Structured logging includes batch ID, record ID, and step name for efficient troubleshooting. Typical SLAs target 95% job 

completion within baseline, 99.9% record delivery success rate, and 1-hour recovery time after failure[5]. 

9. End-to-End Implementation Example 

9.1 CSV to Salesforce Sync with PEGA Integration 

A comprehensive example demonstrates CSV to Salesforce synchronization of 2 million customer records with PEGA case 

management for data quality issues[2]. 

The complete flow includes: 

Scheduler triggers at 2300 UTC, S3 file poll with CSV streaming, CSV to DataWeave mapping to Salesforce schema. 

Validation step for required fields and email format , Deduplication against existing Salesforce accounts. Batch 

aggregator grouping (size=200) for Salesforce Bulk API calls. Error handling with transient/functional error 

classification. PEGA integration for functional errors. Completion phase with statistics aggregation and notification[2] 

Expected performance achieves 35-minute duration for 2 million records, 952 records/second throughput, 150 MB peak 

memory, and 10,000 bulk API calls. Success rate reaches 99.0% with 20,000 failed records routed to PEGA for review[2]. 

10. Best Practices and Anti-Patterns 

10.1 Best Practices Summary 

1. Enable streaming at source for large datasets without memory exhaustion 

2. Move transformations inside batch steps to maintain streaming benefits 

3. Classify errors into transient vs functional for appropriate recovery strategies 

4. Use batch aggregators strategically based on target system requirements 
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5. Implement idempotency to safely retry failed records without duplicates 

6. Integrate with case management (PEGA) for human-in-the-loop workflows 

7. Monitor and alert comprehensively on batch metrics and SLA thresholds 

8. Test with realistic data volumes to understand production characteristics 

9. Document batch architecture and SLAs for operational effectiveness 

10. Implement horizontal scaling for near-linear throughput scaling[1][2] 

10.2 Common Anti-Patterns to Avoid 

1. No streaming configuration leading to out-of-memory errors 

2. DataWeave transformation before batch job (defeats streaming benefits) 

3. Immediate retry without exponential backoff (cascade failures) 

4. No idempotency implementation (record duplicates) 

5. Undifferentiated error handling by type (blocks batch on transient errors) 

6. Unbounded aggregators without memory limits 

7. No monitoring infrastructure (undetected failures) 

8. Blocking on human review instead of async callbacks (reduced throughput) 

9. Single-threaded processing without parallelization 

10. Unmanaged dead-letter queues (failed records without remediation)[1][2] 

11. Industry Applications and Use Cases 

MuleSoft batch processing serves diverse enterprise scenarios. Financial institutions use batch processing for end-of-day 

transaction reconciliation, processing millions of transactions across multiple banking systems. Healthcare organizations 

leverage batch patterns for HIPAA-compliant patient record synchronization across EHR systems. Retail enterprises 

employ batch processing for nightly inventory synchronization across thousands of store locations[2]. 

Government agencies utilize batch processing for census data consolidation, tax record processing, and permit application 

workflows. Manufacturing organizations batch-process supply chain orders, quality control data, and production 

scheduling across global facilities[2]. 

The flexible architecture adapts to various industries and data volumes. Organizations processing 100,000 daily 

transactions apply the same architectural principles as those processing 100 million records nightly. The streaming-first 

approach scales seamlessly from small integrations to enterprise-scale operations. 

Conclusion 

MuleSoft Batch Processing with streaming capabilities provides a comprehensive, production-ready framework for 

enterprise-scale data integration[1]. The streaming-first architecture fundamentally solves traditional batch processing 

challenges—memory constraints, scalability limitations, and integration complexity—that plagued earlier integration 

platforms.  Architecture Excellence: The three-phase processing model (input, processing, completion) combined with 

intelligent queuing provides robust, predictable batch behavior. Source-level streaming configuration decouples memory 

consumption from data size, enabling processing of multi-gigabyte datasets on standard worker instances[2]. Performance 

at Scale: Measured performance metrics demonstrate 1,000+ records/second throughput on single CloudHub workers and 

near-linear scaling with horizontal deployment. Strategic use of batch aggregators reduces API call volume by 50x while 

maintaining constant memory consumption[3]. Resilience and Recovery: Error classification strategies enable automatic 

recovery of transient failures through exponential backoff while routing functional errors to human-in-the-loop workflows 

via PEGA case management[4]. Idempotency patterns ensure safe retry without duplicate record creation. Enterprise 

Integration: PEGA integration provides sophisticated case management for data quality issues. Asynchronous callback 

patterns eliminate polling overhead while enabling rapid error resolution. Both file-triggered and API-triggered patterns 
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support diverse integration requirements[2]. Operational Excellence: Comprehensive monitoring, structured logging, and 

SLA-based alerting provide visibility into batch operations. Deployment flexibility across CloudHub, Runtime Fabric, and 

on-premise runtimes accommodates diverse organizational requirements[5]. For organizations managing high-volume data 

integration across enterprise systems, MuleSoft batch processing represents the optimal balance of simplicity, performance, 

and operational reliability. The proven patterns, performance metrics, and best practices documented in this journal provide 

a roadmap for successful large-scale batch implementations. As enterprises increasingly demand real-time data 

synchronization alongside bulk processing efficiency, MuleSoft's streaming-first batch architecture positions organizations 

to meet both requirements within a unified integration platform[1][2][3][4][5]. 
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