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Section 1: The Executive Reality 

1.1 That "Single Pane of Glass" Idea? It's a Mirage. 

In the chaotic landscape of modern enterprise technology, the pressure to integrate Generative AI (GenAI) and 

Retrieval-Augmented Generation (RAG) into core business applications has shifted from a strategic advantage to 

an existential mandate. We see it in every boardroom and every quarterly planning session: the C-Suite, driven by 

a fear of obsolescence and the seductive promise of "intelligence," is pushing engineering leadership to deploy 

vector search capabilities immediately. The directive is pretty clear: enable semantic search, build 

recommendation engines, and power chatbots that "talk to your data." 

However, the path of least resistance, and the one most aggressively marketed by incumbent database vendors, is 

the "Integrated Vector Database" approach. The sales pitch is seductive in its simplicity and targets the CFO's 

desire for consolidation as much as the CTO's desire for speed. The narrative goes like this: "You already run your 

business on Oracle, SQL Server, or PostgreSQL. Just upgrade to the latest version, enable the vector datatype, 

and you have a production-ready AI platform. No new infrastructure, no new vendors, a single pane of glass to 

manage your transactional and AI data." 

As the Manager of XTIVIA’s Virtual-DBA service that keeps the lights on for hundreds of enterprises when 

"revolutionary" technologies go dark, I am compelled to offer a counter-narrative. This "single pane of glass" is 

frequently a single point of failure. The convergence of Online Transaction Processing (OLTP) and Vector Search 

workloads within a single monolithic database engine is creating a silent crisis in data centers worldwide. One 

might call it operation suicide. We are witnessing a resurgence of the "Noisy Neighbor" problem, but this iteration 

is far more insidious than previous multi-tenancy issues. The neighbor isn’t another department or a batch 

reporting job; it’s a mathematical operation so resource-intensive and fundamentally alien to relational 

architecture that it starves mission-critical transactions of the CPU cycles and memory pages they require to 

function. It is the rebirth of the 'Noisy Neighbor' problem, only this time, the neighbor is far more insidious. 

The danger lies in the threat's invisibility during the proof-of-concept (PoC) phase. In a development environment 

with 100,000 rows, vector search feels magical. It’s fast, accurate, and integrated. But data volume has a quality 

all its own. When that same architecture is promoted to production with 50 million vectors, and the marketing 

team runs a semantic search query at 2:00 PM on a Tuesday, the database engine's physics takes over. The latency 

of your Order Management System spikes; the checkout process hangs; the "single pane of glass" shatters. 

1.2 The Real-World Operational Issues 

The core of the conflict is simple, and it's architectural. Relational Database Management Systems (RDBMS) have 

spent forty years optimizing for a specific set of behaviors: ACID compliance, point lookups, B-Tree traversals, and 

sequential logging. Your core business runs on these highly efficient, deterministic, and cache-friendly operations. 

When a customer places an order, the database traverses a balanced tree, touches a minimal number of index 

pages, locks the row, updates it, and commits. It’s like a surgical strike on the storage subsystem. 

Vector search, particularly when utilizing the industry-standard Hierarchical Navigable Small Worlds (HNSW) 

algorithm, is not surgical. It’s a chaotic, resource-heavy traversal of high-dimensional space. Imagine asking a 
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librarian to find a book by smell, not by the Dewey Decimal System. To find the "nearest neighbors" for a RAG 

query, the database engine must calculate the distance between a query vector and thousands of stored vectors. 

This involves complex floating-point computations on arrays of dimensions 768, 1024, or 1536.  Does your head 

hurt yet? 

When these two distinct workloads, the surgical B-Tree lookup and the chaotic Graph traversal, collide on the 

same infrastructure, the results are predictable and possibly devastating: 

1.​ IOPS Bottlenecks: Vector indexes, specifically HNSW, are massive structures that often exceed available 

RAM. Traversing them requires random-access patterns that defeat the standard prefetching algorithms 

designed for relational data. This results in I/O storms that saturate the storage controller, blocking the 

synchronous I/O required for OLTP writes. 

2.​ Buffer Pool Eviction: To load the massive vector graphs required for a search, the database must evict 

"cold" pages. In a mixed workload, the "cold" pages are often your historical transaction logs, customer 

master records, or inventory tables that haven't been touched in the last ten minutes. The result is a 

plummet in Page Life Expectancy (PLE) and a sudden, inexplicable slowdown in standard reporting and 

transactional queries. It could be your application that hangs. 

3.​ CPU Starvation: Calculating Cosine Similarity or Euclidean Distance is computationally expensive. While 

a B-Tree lookup is a pointer chase, a vector comparison is a dense mathematical computation. A single 

concurrent vector search can saturate multiple CPU cores, leaving your high-concurrency OLTP threads 

waiting in the scheduler queue for their turn on the processor. 

This report serves as the technical firewall against the marketing hype. It’s a guide to the hidden performance 

costs of enabling vector search on legacy RDBMS platforms. We’ll dissect the ways of failure, analyze the specific 

risks for Postgres, Oracle, and SQL Server, and provide the operational bridges required to navigate this transition 

without sacrificing stability. 

1.3 Just a heads-up on how this applies 

The analysis provided in this document is a necessary technical warning about the risks of running a highly 

demanding vector search workload alongside a mission-critical Online Transaction Processing (OLTP) workload 

on a relational database. It’s not a declaration that this is universally impossible. For smaller datasets, lower 

query-per-second (QPS) requirements, or environments with significant vertical scaling capacity (massive 

RAM/CPU), an integrated approach may be entirely appropriate and beneficial for simplifying your stack. Our 

intent is to share the operational realities, what one might refer to as “the danger”, of unmanaged resource 

contention, urging you to rigorously balance the exciting promise of new AI features against the non-negotiable 

stability requirements of your current OLTP environment. Ultimately, the performance outcome depends on the 

physical capacity of your database server to handle this fundamental architectural conflict.  
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Section 2: The Technical Deep Dive 

To understand why adding vectors to a legacy RDBMS is dangerous, we must move beyond high-level descriptions 

and examine the instruction-level execution of these queries. We must analyze the physics of resource contention 

that occurs when linear algebra meets transactional logic. 

2.1 The Battle for Resources 

The fundamental mismatch between OLTP and Vector Search is a war that begins at the CPU and memory 

controller level. 

2.1.1 The Similarity Math Challenge 

In a standard SQL query, for example, SELECT * FROM Users WHERE UserID = 105, the CPU performs integer 

comparisons. This is an incredibly fast operation, typically requiring a single clock cycle per comparison. The 

database engine compares the integer 105 to the value in the B-Tree index. It’s predictable and lightweight. 

In a vector search, the objective is to find semantic similarity. The most common metric for this is Cosine 

Similarity, which measures the cosine of the angle between two vectors in a multi-dimensional space. The formula 

is: 

For a standard OpenAI embedding model like text-embedding-ada-002, the number of dimensions (n) is 1536. 

This means that every single distance calculation between the query vector and a stored vector requires 1,536 

multiplications and 1,536 additions, followed by normalization steps involving square roots. 

Even with modern CPU optimizations such as SIMD (Single Instruction, Multiple Data) and AVX-512, this is 

computationally expensive. If your database doesn’t use an approximate index (like HNSW) and relies on a full 

table scan or an exact k-Nearest Neighbor (kNN) search, it must perform this calculation against every row in the 

table. For a table with just 1 million rows, a single query demands 1.5 billion floating-point operations. If you have 

50 active users performing searches simultaneously, you’re demanding 75 billion FLOPs from your database 

server. 

A standard Intel Xeon or AMD EPYC CPU hosting a relational database is typically optimized for context 

switching, integer logic, and branch prediction, the workloads of transaction processing. It’s not optimized for 

sustained, massive linear algebra in the same way a GPU is. When the database CPU is monopolized by these 

floating-point calculations, the "scheduler yield" events increase. The thread handling the vector search refuses 

to yield the processor until its quantum is finished, causing the threads handling your simple INSERT or UPDATE 

statements to wait. This manifests as "micro-freezes" in the application, where simple actions like "Add to Cart" 

take 2 seconds instead of 200 milliseconds. 
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2.1.2 The Memory Hierarchy is Crashing 

Relational databases live and die by their management of the memory hierarchy. The goal of the Buffer Pool (SQL 

Server) or Shared Buffers (PostgreSQL) is to keep the "working set" of data in RAM to avoid the latency penalty of 

disk access. 

B-Tree indexes are designed to be compact and hierarchical. The root node stays pinned in memory; the 

intermediate branch nodes stay in memory; only the specific leaf nodes required for a query are swapped in and 

out. This locality of reference is key to RDBMS performance. 

HNSW (Hierarchical Navigable Small Worlds) indexes, which are the standard for efficient vector search, function 

differently. They are graph-based structures consisting of layers of linked nodes. To traverse the graph and find 

the nearest neighbor, the database engine must jump from node to node based on proximity in vector space. 

Crucially, semantic proximity does not necessarily correspond to physical proximity on the disk. Two vectors that 

are "close" in meaning (e.g., "apple" and "fruit") might have been inserted months apart and reside on completely 

different data pages on the storage subsystem. 

As the search traverses the graph, it exhibits a highly random access pattern. It pulls in page A, then page Z, then 

page M. This "pointer chasing" across the disk prevents the effective use of OS-level readahead and pre-fetching 

algorithms, which expect sequential data access. 

Furthermore, a single vector search query can drag gigabytes of index data into the buffer pool. Because these 

pages are "recently used," the database's page replacement algorithm (typically Least Recently Used - LRU or a 

Clock Sweep variant) retains them. To make room for this massive graph traversal, the algorithm kicks out the 

"older" pages. In a mixed workload, these "older" pages are often your critical OLTP data, customer tables, order 

histories, and transaction logs, which haven't been accessed in the last few seconds. 

The metric to watch here is Page Life Expectancy (PLE). In a healthy OLTP system, PLE should be measured in 

thousands of seconds, indicating that data stays in memory long enough to be reused. When RAG workloads are 

introduced, we expect PLE to drop to the double digits (e.g., 50 seconds). This indicates that the buffer pool is 

churning violently. The database is constantly reading from disk, evicting data, and reading again. This state, 

known as "buffer thrashing," destroys the performance of every workload on the server, not just the vector 

search. 

2.2 PostgreSQL: The 'Bloat' and 'Build' Headache 

PostgreSQL has emerged as the de facto standard for vector search in the open-source and mid-market 

enterprise world, largely due to the pgvector extension. While pgvector is a marvel of engineering that brings 

vector capabilities to a robust relational engine, its interaction with PostgreSQL's architecture, specifically 

Multi-Version Concurrency Control (MVCC), poses severe operational risks in high-churn environments. 
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2.2.1 The HNSW Build Penalty 

Building an HNSW index in PostgreSQL isn’t a lightweight background task; it’s a heavy-lifting operation that 

dominates the system resources. The construction of the graph requires calculating distances between vectors to 

establish edges, a process that scales super-linearly with the dataset size. 

Benchmarks and operational experience indicate that for moderate datasets (e.g., 1 million rows of 

1536-dimensional vectors), building an index can take minutes, completely pegging the CPU and consuming all 

available maintenance_work_mem. During this build time, the CPU is effectively "redlining." While the index build 

runs on the primary, the resulting WAL replay on a production replica that is also serving read traffic can cause 

latency to spike dramatically. 

A critical failure mode occurs when the HNSW graph size exceeds the configured maintenance_work_mem. For 

performance reasons, the graph construction algorithm prefers to work in memory. If memory is insufficient, the 

process spills to disk (temp files), degrading performance by orders of magnitude. Imagine a 40-million-row table 

index build that should have taken a predictable amount of time getting stuck at ~30% progress for over 8 hours 

because the graph structure exceeded the allocated memory maintenance window, forcing the system into a 

swap spiral. 

2.2.2 The Vacuum and Bloat Nightmare 

PostgreSQL handles data updates using MVCC. When a row is updated, the database doesn’t overwrite the old 

data; it writes a new version of the row (a "tuple") and marks the old version as dead (a "dead tuple"). These dead 

tuples remain on disk until a VACUUM process reclaims the space. 

Vector data introduces a unique challenge to this mechanism. Vectors are large binary blobs. In PostgreSQL, large 

fields are often stored out-of-line using a mechanism called TOAST (The Oversized-Attribute Storage Technique). 

When you update a vector (e.g., re-embedding a document because the embedding model was upgraded, or the 

content changed), you’re creating massive amounts of dead vector tuples. 

Because HNSW indexes are complex graphs, updating them is computationally expensive. It involves cascading 

modifications throughout the graph structure to maintain the "navigable small world" properties. This leads to a 

phenomenon known as "Write Amplification." A single update to a vector record triggers multiple writes to the 

index and the TOAST table. 

In high-update scenarios, such as a system that frequently ingests new documents or updates existing ones, the 

standard Autovacuum daemon often cannot keep up with the volume of dead vector tuples. This leads to Index 
Bloat. The index grows exponentially in physical size, diluting the density of data pages. An index that should be 

10GB has grown to 50GB, largely due to dead space. This forces the disk subsystem to perform significantly more 

I/O to retrieve the same number of valid vectors. 

To fix this bloat, a DBA typically needs to run a REINDEX or VACUUM FULL. However, VACUUM FULL takes an 

ACCESS EXCLUSIVE lock on the table, blocking all reads and writes. So, in a 24/7 OLTP system, taking the core 

table offline for hours to reclaim space is a non-starter. pg_repack or pg_squeeze can mitigate this with minimal 

locking, but they add their own IO/CPU overhead during execution. 
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2.2.3 The Backup/Restore Time Bomb 

Operational stability is often defined by the Recovery Time Objective (RTO), how quickly we can get back online 

after a disaster. When dealing with vectors, this process becomes a bottleneck. PostgreSQL logical backups are 

created using pg_dump. Plain-text dumps are restored via psql, while custom and directory formats are restored 

using pg_restore; in all cases, the data is logically reconstructed.  

When dealing with vectors, this process becomes a bottleneck. pg_dump serializes vector embeddings using the 

extension’s text I/O representation. During restore via psql for plain dumps or pg_restore for custom formats, the 

data is parsed back into the internal format, and all HNSW indexes are rebuilt from scratch. 

For a database carrying terabytes of vector data (a realistic scenario for enterprise RAG), a full restore can take 

days, not hours.  If your disaster recovery strategy relies on logical dumps, adding massive vector datasets 

effectively guarantees that you will miss your RTO in a catastrophic failure event. Physical backups (WAL 

archiving, pgBackRest) are mandatory, but they also swell in size due to the high volume of WAL records 

generated by vector index maintenance. 

2.3 Oracle Database 26ai: The "Exadata Tax" 

Oracle has aggressively positioned Database 26ai as the ultimate converged database, with "AI Vector Search" as 

a flagship feature. While Oracle's implementation is robust and feature-rich, the architecture reveals a stark 

performance split depending on the underlying hardware wallet. 

2.3.1 The CPU Penalty on Standard Hardware 

On standard hardware, whether that is OCI Base Database Service, standard EC2 instances, or on-premises 

commodity servers, vector searches run on the main database CPU. Oracle has optimized these operations using 

SIMD instructions, but the fundamental contention remains. Every vector search thread is a foreground process 

that competes for CPU cycles with the processes managing user sessions, row locking, and PL/SQL execution. 

If you run a heavy vector search workload on a standard Oracle instance, you will observe a spike in CPU_WAIT 

events. The database is forced to time-slice between processing a high-value trade transaction and calculating the 

cosine similarity of a product description. 

The Oracle Resource Manager (DBRM) is the standard tool to mitigate this. It allows DBAs to create resource 

plans that cap the CPU usage of specific consumer groups. However, configuring DBRM for mixed workloads is 

complex. If you cap the vector workload too aggressively, the latency for AI queries becomes unacceptable. If you 

are too lenient, the OLTP workload suffers from jitter and latency spikes. Furthermore, DBRM controls CPU 

scheduling; it’s less effective at managing memory-bandwidth saturation that occurs when massive vector scans 

flood the system bus. 

2.3.2 The "Smart Scan" Offload and the Cost of Performance 

Oracle’s current “silver bullet” for vector workloads on Exadata is a feature called AI Smart Scan. This technology 

pushes early pruning and approximate vector distance filtering to the Exadata Storage Servers, reducing the 

number of candidate rows sent to the database compute nodes. While this offload reduces CPU and interconnect 
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usage on the database servers, the final HNSW graph traversal and nearest-neighbor ranking still execute in the 

database foreground session, so OLTP and vector queries continue to compete for CPU resources. The database 

node sends the query to the storage cells, which return a pruned candidate set, minimizing data movement and 

improving query performance, but it does not fully isolate vector processing from the primary CPU. 

However, this introduces what one might call the “Exadata Tax.” You are no longer just paying for a database 

license; you’re paying for specialized, premium infrastructure with a storage layer that has its own compute 

capabilities. The pricing for Exadata cloud infrastructure (e.g., Exadata Cloud@Customer or Oracle 

Database@Azure) includes charges for ECPUs on the database servers as well as potential premiums for storage 

capacity and throughput. For an organization running Oracle Standard Edition or Enterprise Edition on 

commodity hardware, enabling 26ai vector search without careful governance is a recipe for CPU saturation. The 

“Game Changer” only delivers its benefits if you invest in the platform it runs on. Without Exadata, vector 

workloads are essentially high-performance computing (HPC) jobs running on a transaction-processing rig, which 

can quickly overwhelm resources. 

2.4 SQL Server: The Architecture Gap (2019/2022 vs. 2025) 

The Microsoft ecosystem is currently fragmented regarding vectors. While the marketing for SQL Server 2025 

(currently in preview) promises native vector support, the vast majority of enterprise workloads are running on 

SQL Server 2019 or 2022. This creates a dangerous "gap year" for architects. 

2.4.1 The Python/CLR Bottleneck (SQL Server 2022) 

In SQL Server 2022 and earlier, there is no native VECTOR data type. To perform vector similarity searches inside 

the database, architects effectively have two poor choices: 

●​ CLR (Common Language Runtime): Write a C# function to calculate Cosine Similarity. 

●​ Python (sp_execute_external_script): Pass the data to the embedded Python runtime (Machine Learning 

Services). 

Both approaches are performance killers for high-throughput systems. 

The overhead of serializing data from the SQL Engine to the external Python process is pretty massive. What we 

are talking about is moving gigabytes of data across a memory boundary for every query. The SQL engine must 

retrieve the data, serialize it into a binary stream, pass it to the satellite Python process, wait for the Python 

process to deserialize it, run the similarity search (often using numpy), serialize the results, and pass them back. 

Benchmarks suggest that this serialization overhead alone makes sp_execute_external_script unviable for 

real-time RAG applications that require sub-second latency. The "time to first byte" is dominated by the 

handshake and data transfer, not the search itself. 

Furthermore, Scalar User-Defined Functions (UDFs) in CLR often force serial execution plans. This means the 

query optimizer cannot parallelize the workload. A single vector search can lock a scheduler to a single core, 

running slowly while other queries wait for that scheduler to free up. 
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2.4.2 The JSON/Varbinary Hack 

Desperate to avoid the overhead of Python, some architects attempt to store vectors as JSON arrays in SQL 

Server 2019/2022. They then use OPENJSON or JSON_VALUE to parse the array and perform math in T-SQL. 

The performance penalty here is two-fold. First, storing floats as text (JSON) causes massive storage bloat (a float 

takes 4 bytes; "0.12345678" takes 10+ bytes). Second, the CPU overhead of parsing JSON text to extract float 

values for every single comparison is astronomical. While Computed Columns can help index specific values, they 

cannot efficiently index the "entire array" for similarity search. 

2.4.3 SQL Server 2025: Too Little, Too Late? 

SQL Server 2025 introduces the native VECTOR data type and DiskANN indexing. DiskANN is a Microsoft 

research project designed to keep the vector index on fast SSDs (NVMe) rather than requiring it to be fully 

resident in RAM. Theoretically, this solves the memory pressure issue. 

However, this shifts the bottleneck from RAM to I/O. If your storage subsystem (SAN/NVMe) is already sweating 

from OLTP writes and log flushes, adding DiskANN read operations will degrade IOPS availability for transaction 

logging. The operational risk moves from "OOM" (Out of Memory) to "I/O Saturation." 

2.5 The "Noisy Neighbor" Internalized 

The overarching theme here is the internalization of the Noisy Neighbor problem. In a microservices architecture, 

we isolate heavy workloads (Analytics, Search) into separate services (Snowflake, Elasticsearch, Milvus) to 

protect the transactional core (Postgres/Oracle). By adopting "Integrated Vector Search," we’re breaking this 

fundamental architectural principle. We are inviting the heavy analytical workload back into the transactional 

bedroom. 

Key Metrics of Degradation: 

●​ RPO/RTO Variance: Large vector indexes increase backup times and WAL (Write-Ahead Log) generation, 

extending recovery windows and increasing the lag of read replicas. 

●​ Buffer Cache Hit Ratio: High-churn vector traversals evict hot OLTP pages, reducing hit ratios and 

increasing physical I/O latency. 

●​ Wait Statistics: Expect to see spikes in specific wait types: CXPACKET (SQL Server parallelism), 

LWLock:buffer_mapping (Postgres shared buffers contention), and resmgr:cpu quantum (Oracle CPU 

throttling). 
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Section 3: The Operational Fix 

As an architect, standing over a smoking server and saying "I told you so" is not a strategy, no matter how good it 

might make you feel. When the mandate is "Vectors in the Database," we must engineer a defense. Let’s call this 

the "Bridge", a set of operational protocols and architectural patterns that map the theoretical risks to concrete 

service-level mitigations. 

3.1 Mitigation Strategy 1: The Read Replica Firewall 

The Golden Rule: Never run vector searches on the Primary Read-Write (RW) node of a high-transaction system. 

Vector workloads are typically read-heavy (finding neighbors) and CPU-intensive. They must be offloaded to a 

Read Replica. This physically separates the compute resources used for search from the resources used for 

transaction processing. 

●​ PostgreSQL: Use Streaming Replication to a dedicated standby node. Configure the standby with 

hot_standby_feedback = on to prevent query cancellations due to vacuum operations on the primary. 

However, be aware that bloat on the primary (caused by vector updates) will still bloat the WAL stream 

and potentially lag the replica. 

●​ SQL Server: Use Always On Availability Groups. Route all "Intent Read" vector queries to a secondary 

replica. Ideally, this secondary replica should be on separate hardware or a separate VM to ensure it has 

its own dedicated memory and CPU allocation. If it shares a host, the hypervisor's resource contention 

can still bleed through. 

●​ Oracle: Use Active Data Guard. This allows you to offload the read-only vector queries to a standby 

database. While this requires an additional license cost, it’s often cheaper than the downtime caused by a 

primary node crash. 

XTIVIA Service Map: Our Virtual-DBA services teams configure these replication topologies all the time, 

ensuring that the failover logic accounts for the distinct workloads. We monitor replication lag specifically 

induced by heavy vector index updates on the primary, ensuring that the "Bridge" doesn't collapse under the 

weight of that WAL traffic. 

3.2 Mitigation Strategy 2: Resource Governance and Tuning 

If you must run on the same instance (due to cost or complexity constraints), you must put the vector workload in 

a strict resource straitjacket. You cannot rely on the OS to play fair. 

●​ Oracle Resource Manager (DBRM): We create a Resource Plan that strictly caps OTHER_GROUPS (or a 

specific VECTOR_GROUP) at 20-30% CPU. This ensures that even if a developer writes a catastrophic 

unindexed vector scan, it cannot starve the OLTP_GROUP of the cycles needed to commit transactions. 

●​ PostgreSQL Parameter Tuning: 
○​ maintenance_work_mem: Must be tuned high enough to build HNSW indexes in RAM (to avoid the 

temp file disaster), but not so high that it risks OOM kills during concurrent maintenance windows. 
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○​ hnsw.ef_search: This parameter controls the trade-off between accuracy and speed in pgvector. 

Developers often default to high numbers (e.g., 100+). We would tune this down aggressively. A 

value of 40 is often sufficient for RAG recall; higher values burn CPU for diminishing returns. 

○​ max_parallel_workers_per_gather: Restrict this for vector queries to prevent a single query from 

eating all available cores. 

●​ SQL Server Resource Governor: Create a specialized Resource Pool for the login accounts used by the AI 

application. Cap the MAX_CPU_PERCENT and MAX_MEMORY_PERCENT to ensure that the AI workload can 

only consume the "leftovers" of the server capacity, not the main course. 

3.3 Mitigation Strategy 3: The Hybrid "Sidecar" Architecture 

For high-scale use cases (10 million+ vectors, high QPS, or strict latency SLAs), the "Integrated" dream is 

functionally dead. You need a sidecar. You need to architect solutions where the RDBMS remains the source of 

truth for data (User Profiles, Product Inventory, Transaction History), while a specialized Vector Database 

(Milvus, Pinecone, or a dedicated, isolated Postgres instance) handles embeddings. 

The Workflow: 

1.​ Transaction: A user updates a product description. The transaction commits to Oracle/SQL Server (Text 

Data). 

2.​ CDC Trigger: A Change Data Capture (CDC) pipeline (Debezium, GoldenGate, or Logic App) detects the 

change. 

3.​ Embedding: The pipeline calls the embedding model API. 

4.​ Upsert: The embedding is upserted to the Sidecar Vector DB. 

5.​ Query: The Application queries the Vector DB for "Similar Product IDs," then takes those IDs and retrieves 

the full details from Oracle/SQL Server via a standard WHERE ID IN (...) query. 

Benefit: This approach yields zero impact on OLTP performance. It allows you to leverage best-in-class vector 

search speeds (e.g., Milvus can currently handle ~120,000 inserts/sec compared to Postgres's ~15,000) without 

compromising the integrity of the business data. 
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Section 4: The Bottom Line (ROI) 

4.1 The Hidden Cost of "Free" 

The primary argument for using the existing RDBMS for vectors is usually cost: "It's free, we already pay for the 

license." This is a false economy that collapses under scrutiny. 

1. The Hardware Tax: 

To maintain your current OLTP performance baseline while adding vector workloads, you will likely need to 

double your RAM and significantly increase the number of CPU cores. In the cloud (AWS RDS, OCI, Azure SQL), 

this means moving from a db.m6g.2xlarge to a db.m6g.8xlarge. The monthly run-rate increase for the larger 

instance often exceeds the cost of a dedicated, optimized vector service. 

●​ Example: Storing 1 million OpenAI embeddings takes ~6GB of RAM for the vectors alone, plus the HNSW 

graph overhead. If your buffer pool was 64GB and fully utilized, you effectively just reduced your OLTP 

cache by 10-15%. To fix this, you must upgrade the instance. 

2. The Operational Tax: 

Downtime cost is the ultimate metric. If a massive vector index build locks your production table for 20 minutes, 

or if a "death spiral" of CPU contention freezes the checkout process, the ROI you dreamed of collapses instantly. 

●​ Oracle Exadata: While performant, the current pricing model for Exadata cloud infrastructure 

($0.336/ECPU/hr + storage) is premium-tier. You’re paying Ferrari prices to drive to the grocery store if 

you use it solely to fix a vector search bottleneck. 

3. The Engineering Tax: 

There is a non-zero cost to the engineering hours spent troubleshooting "ghost" performance issues. When the 

database slows down, is it a lock? A bad plan? Or did the vector index just flush the cache? The complexity 

involved with diagnosing mixed workloads burns expensive engineering time. 

4.2 The XTIVIA Verdict 

●​ For Small Workloads (< 1M vectors, low query volume): Use the Integrated approach (Postgres pgvector 

or Oracle 26ai) with strict resource governance. It simplifies the stack and is sufficient for many internal 

tools or low-traffic features. 

●​ For Mission-Critical/High-Scale Workloads: Do not mix concerns. Use the RDBMS for what it does best 

(ACID, relational integrity) and offload vectors to a dedicated layer or a strictly isolated replica. The 

operational separation is worth the integration cost. 
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4.3 The "Vacuum" Death Spiral in PostgreSQL 

One of the most insidious potential issues is the interaction between vectors and PostgreSQL's autovacuum. 

1.​ The Trigger: An application updates embeddings (e.g., a user updates their profile text, regenerating the 

vector). 

2.​ The Dead Tuple: Postgres writes the new vector to a new page and marks the old one as "dead." 

3.​ The Bloat: Vector data is large (TOASTed). The dead tuples occupy massive space. 

4.​ The Scan: Autovacuum wakes up to clean the table. Because the table is now massive (due to the vector 

size), the vacuum scan takes significantly longer and uses substantial I/O. 

5.​ The Lock: If the table is under heavy load, Autovacuum might be blocked or yield. 

6.​ The Crash: The transaction ID (XID) wraparound horizon approaches, or the index becomes so bloated 

that queries time out. The DBA is forced to run VACUUM FULL, which locks the table exclusively and 

causes an outage. 

XTIVIA Recommendation: For Postgres vector workloads, aggressive autovacuum settings 

(autovacuum_vacuum_scale_factor = 0.01) and partitioning the vector data into separate tables (or partitions) are 

mandatory to minimize the blast radius of maintenance operations. 

4.4 Security Risks: The Hidden Data Leakage 

Finally, we must address the security implications of "Embeddings in the Database." Embeddings are not opaque. 

Research shows that "Vector Inversion Attacks" can reconstruct personal or proprietary information from 

embeddings themselves. 

●​ The Risk: If you mix vectors with RDBMS data, you are often granting the same broad read permissions to 

the AI service account. 

●​ The Threat: A SQL Injection attack that extracts vectors could allow an attacker to reverse-engineer 

sensitive customer data, even if the text columns were masked, because the vectors are the semantic 

representation of that data. 

●​ The Fix: Row-Level Security (RLS) must be applied to the vector columns specifically. Ideally, vectors 

should be stored in a separate schema with restricted permissions, accessible only to the embedding 

service, not the general reporting users 

A Strategic Perspective 

This white paper represents XTIVIA's expert perspective, drawn from decades of experience managing and 

troubleshooting enterprise-scale RDBMS environments under stress. Our core recommendation is one of 

operational separation to protect Service Level Agreements (SLAs). We are advocating for a strategy of 

containment, not dismissal, but for taking the time to think before you leap. 

We know that for shops with massive, specialized infrastructure (such as Oracle Exadata or similarly powerful 

cloud instances) and expert DBA teams, the challenges mentioned, like Buffer Pool Eviction, CPU Starvation, and 

Index Bloat, can be engineered around and managed. Furthermore, your specific vector search use case (volume, 

velocity, and latency tolerance) may perfectly align with the capacity of your existing infrastructure. 
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Consider this report a guide for setting realistic expectations. Before committing to the "Integrated Vector 

Database" approach for high-scale or mission-critical applications, measure the cost of contention and compare it 

against the cost of a dedicated, specialized vector layer. The goal is to ensure your pursuit of innovation does not 

lead to the unintended, silent degradation of your core business processes. 

Final Recommendation 

Do not let the "Single Pane of Glass" shatter your Service Level Agreements (SLA). The physics of computing does 

not care about marketing promises. Vector search, right now, is a high-compute, high-memory, random-access 

workload. Relational transactions are low-latency, sequential, cache-dependent workloads. Mixing them right 

away without a rigorous containment strategy is operational suicide. 

At XTIVIA, we bridge this gap not by believing the hype, but by measuring the IOPS. We configure the limits, we 

build the replicas, and we ensure that when your AI starts thinking, your database doesn't stop working.  We help 

you think things through. 

About XTIVIA​
XTIVIA is a global IT solutions and consulting firm specializing in data, integration, and digital transformation. 

With deep expertise in MuleSoft and enterprise integration, XTIVIA helps organizations modernize platforms, 

reduce risk, and accelerate innovation at scale. 

XTIVIA does what it takes to ensure customer success through adaptive technology solutions. Our earned 

reputation is for delivering the right IT solutions and support that meet our customers’ specific requirements, 

regardless of project complexity. Our passion, combined with a dedicated leadership team and unparalleled 

technical staff, creates customer relationships that stand the test of time.  

If you can imagine the business outcome, 
XTIVIA can create it with intelligent 
technology and AI-powered solutions.  

xtivia.com/blog  

https://virtual-dba.com/blog/ 

linkedin.com/company/XTIVIA   

youtube.com/c/XTIVIA 
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