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ABSTRACT: Modern distributed data engineering pipelines are constrained not by compute power or network 
bandwidth, but by an invisible tax levied on every data movement operation: serialization and deserialization overhead. 
When Python serializes a DataFrame to JSON for transmission across a microservice boundary, when a JDBC driver 
re-encodes columnar analytical data into row-oriented result sets, when Spark workers copy DataFrames across JVM 
heap boundaries - in each case, CPU cycles are consumed, memory is allocated and garbage-collected, and latency 
balloons in proportion to data volume. Apache Arrow Flight, built atop the Apache Arrow columnar memory format 
and gRPC bidirectional streaming, eliminates this tax through a radical architectural commitment: data moves as 
memory pointers, not copies. This paper presents a comprehensive engineering analysis of Apache Arrow Flight - its 
zero-copy columnar memory model, IPC wire format, Flight RPC protocol methods, Flight SQL query interface, and 
the ADBC database connectivity layer that unifies Arrow access across heterogeneous data systems. We benchmark 
Flight against REST/JSON, gRPC/Protobuf, JDBC, and ODBC across throughput, latency, CPU utilization, and 
memory copy metrics, demonstrating 23× throughput improvement and 26× end-to-end latency reduction versus 
REST/JSON baselines. Five production case studies across high-frequency trading, ML training pipelines, BI analytics, 
petabyte-scale ETL, and e-commerce data infrastructure validate that Arrow Flight is not a laboratory optimization but 
a production-ready data transport that fundamentally redefines what is achievable in distributed data engineering at 
petabyte scale. 
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KEY PERFORMANCE RESULTS 
 
23× Throughput vs REST/JSON    26× Latency Reduction      

0 Memory Copies in Flight 
18.7 GB/s peak single-node throughput    475 GB/s 64-node cluster aggregate      
3.2ms HFT tick-to-trade latency 
 

I. THE SERIALIZATION PROBLEM IN DISTRIBUTED DATA ENGINEERING 

 
Every distributed data engineering pipeline built in 2023 contains a hidden performance bottleneck that no amount of 
hardware scaling can resolve: serialization. The act of converting data from its in-memory representation - columnar 
arrays of native types - into a transmittable byte stream (JSON, Avro, Protocol Buffers, Thrift, Arrow, Parquet) 
consumes CPU cycles proportional to data size, allocates intermediate buffer memory that must subsequently be 
garbage-collected, and introduces latency that compounds across every hop in a multi-stage pipeline. In a typical 
enterprise data lakehouse architecture with four or five processing stages, serialization overhead can consume 60–80% 
of total pipeline CPU time - meaning that the majority of compute resources are spent moving data between stages, not 
processing it. 
 
The consequences scale catastrophically with data volume. A pipeline processing 100 million records at 50 bytes per 
record generates 5 GB of raw data. Serialized to JSON, that becomes 12–18 GB. Transmitted to a Spark cluster, it is 
deserialized and re-represented as JVM objects - consuming 3–5× heap space. The Spark driver gathers results, re-
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serializes them for transmission to Python via Py4J, where Pandas deserializes them again. By the time a single record 
has traversed this pipeline, it has been copied 4–6 times, serialized and deserialized 2–3 times, and the original 5 GB of 
raw data has resulted in 80–120 GB of cumulative memory allocation across the pipeline lifecycle. 
"The bottleneck in modern data pipelines is not bandwidth or compute - it is the CPU time spent converting data 

between formats it was never supposed to leave in the first place." 
 

1.1  The Taxonomy of Serialization Overhead 
Serialization overhead in distributed data systems manifests across four distinct categories, each with different 
mitigation strategies and cost profiles: 
 
● Schema Overhead: Every serialized record in JSON or self-describing formats includes field names, type 
annotations, and structural delimiters that duplicate the schema on every row. A 10-column record with 4-byte field 
names adds 40–60 bytes of schema overhead to every row - a 20–40% size amplification on typical numerical 
analytical data. 
● Encoding Inefficiency: Row-oriented serialization formats (JSON, JDBC result sets) interleave values from 
different columns in memory, destroying the columnar locality that modern CPUs exploit through SIMD instructions. 
Analytical queries that scan a single column must load entire rows into cache, wasting 90%+ of cache bandwidth. 
● Memory Allocation Pressure: Deserializing data into language-native objects (Java objects from JDBC, Python 
dicts from JSON) creates millions of small heap allocations that trigger garbage collection pauses. In latency-sensitive 
pipelines, GC pauses of 100–500ms are common during high-volume deserialization. 
● Copy Amplification: Each stage boundary in a multi-process pipeline copies data into a new buffer - the OS 
network stack copies from application buffer to kernel socket buffer; the receiving process copies from kernel buffer to 
application heap; the deserializer copies from the raw byte array to the structured object graph. Three or more full-data 
copies per stage boundary is the norm, not the exception. 
 

1.2  Why Existing Solutions Are Insufficient 
The industry has attempted to address serialization overhead through incremental improvements to existing formats 
rather than architectural rethinking: 
● Protocol Buffers / gRPC: Binary encoding reduces size 3–5× versus JSON and eliminates parsing ambiguity, but 
still requires per-field encoding and row-oriented deserialization into language-native objects. The fundamental schema 
overhead and copy amplification problems remain. 
● Apache Avro: Schema-separate binary format reduces per-row overhead but retains row orientation and requires 
full deserialization before analytical access. Particularly inefficient for columnar analytical workloads that access a 
small subset of fields. 
● Parquet-over-REST: Sending Parquet-encoded files over HTTP eliminates row-orientation problems but introduces 
multi-second encoding/decoding latency and prevents streaming access - the entire file must be fully encoded before 
transmission begins. 
● Apache Thrift / Cap'n Proto: Zero-copy-capable but language-specific, requiring code generation and lacking the 
cross-language columnar memory model needed for modern multi-language data pipelines. 
None of these solutions addresses the root cause: they all treat serialization as an unavoidable cost to be minimized, 
rather than an architectural mistake to be eliminated. Apache Arrow Flight takes the latter position. 
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II. APACHE ARROW: THE COLUMNAR MEMORY FOUNDATION 

 

 
 

Figure 1 - Zero-Copy architecture comparison: Traditional 3–5 copy pipeline (left) vs. Apache Arrow shared memory 
with pointer passing (right) 

 

2.1  The Apache Arrow Columnar Memory Specification 
Apache Arrow, created in 2016 through collaboration between the Apache Software Foundation and the database and 
analytics community, defines a language-agnostic, columnar, in-memory data format that serves as the universal 
representation for tabular analytical data. The fundamental design principle is deceptively simple: if all data systems 
agree on a single in-memory format, data can be shared between systems as memory pointers rather than byte copies. 
 
The Arrow columnar format organizes tabular data by column rather than by row. All values of column A for all rows 
are stored in a contiguous memory region before any values of column B are stored. This columnar layout enables three 
critical performance properties that row-oriented formats cannot achieve: 
 
  Arrow Columnar Layout: Three Performance Properties 
● SIMD Vectorization: CPU SIMD instructions (AVX-512, NEON) can operate on 8–16 array elements 
simultaneously when data is columnar and contiguous. Row-oriented data scattered across memory cannot be 
vectorized. Arrow queries run 4–8× faster than equivalent row-format queries on modern CPUs. 
● Cache Line Efficiency: Analytical queries that scan a single column (e.g., SUM(revenue)) load only the revenue 
column into CPU cache, not entire rows. For a 100-column dataset accessed via a 3-column query, Arrow wastes 0% of 
cache bandwidth; row format wastes 97%. 
● Compression Ratio: Columnar layout groups similar values together, enabling run-length encoding, dictionary 
encoding, and delta encoding that achieve 5–10× compression ratios on typical analytical data - versus 1.5–2× for row-
oriented compression. 
 
2.2  Buffer Structure and Validity Bitmaps 
Every Arrow array consists of three conceptual buffer layers that together encode values, nullability, and variable-
length type addressing: 
● Validity Bitmap (Buffer 0): A packed bitset where bit i indicates whether row i is null (0) or non-null (1). By 
encoding nullability as a separate bitmap rather than a sentinel value or nullable wrapper type, Arrow enables 
vectorized null-handling with a single bitwise AND operation across batches of 64 rows simultaneously. 
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● Offset Buffer (Buffer 1, variable-length types): For strings, binary, and list types, an INT32 offset array maps each 
row index to a byte offset within the data buffer, enabling O(1) random access to variable-length values without 
scanning preceding values. 
● Data Buffer (Buffer 1 or 2): The contiguous array of fixed-size values (INT32, FLOAT64, BOOL) or the 
concatenated variable-length byte data. For primitive types, this buffer is directly readable by SIMD instructions with 
zero transformation. 
 
This three-layer structure is recursive: Arrow supports fully nested types including structs (multiple child arrays 
mapped to the parent row space), lists (variable-length sequences of any type), maps (key-value pair arrays), unions 
(discriminated values from multiple type schemas), and dense/sparse unions for polymorphic data. All nested types 
maintain the same IPC wire compatibility as primitive types. 
 

 
 

Figure 2 - Arrow columnar memory layout: Primitive (INT32), String (UTF-8 with offsets), and Nested List column 
structures with validity bitmaps and IPC envelope format 

 

2.3  The IPC Wire Format 
The Arrow IPC (Inter-Process Communication) format defines the canonical serialization of Arrow data for 
transmission between processes. Critically, "serialization" here means not encoding or transformation, but simply 
framing the existing in-memory buffers with a compact metadata header. The IPC format consists of: 
● Continuation Token: 8-byte magic sequence identifying the stream as Arrow IPC - enables zero-copy framing 
detection without scanning message content 
● Metadata Length Prefix: 4-byte little-endian integer specifying the size of the following FlatBuffer metadata 
message 
● Schema FlatBuffer: A compact binary-encoded schema definition using Google FlatBuffers - enables zero-copy 
schema access by defining field offsets directly into the binary message without deserialization 
● RecordBatch Metadata: Buffer lengths, offsets, and null counts - sufficient to reconstruct pointer locations without 
any data copying 
● Data Region: The actual columnar buffer contents - in a zero-copy send, this region is the original in-memory  
 
Arrow array, transmitted without any copying via OS-level sendfile() or memory-mapped file sharing 
The key insight is that for zero-copy IPC within the same machine, the Data Region never moves at all. The producer 
registers the memory region with the Arrow IPC facility; the consumer receives a message containing pointer offsets 
into that shared region. The "transmission" is the exchange of a sub-kilobyte metadata message, not the movement of 
gigabytes of data. 
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III. ARROW FLIGHT RPC: THE STREAMING TRANSPORT LAYER 

 

 
 

Figure 3 - Arrow Flight RPC architecture: Client API methods (left), gRPC/HTTP2 streaming transport (center), and 
server components (right) 

 
Apache Arrow Flight is the network transport layer built specifically to carry Arrow IPC data across machine 
boundaries at wire speed. Where the Arrow IPC format eliminates copies within a single machine, Arrow Flight 
eliminates the serialization overhead that typically occurs when data crosses a network: instead of encoding data as 
JSON or Protobuf for transmission, Flight streams Arrow IPC messages directly - the same binary format already in 
memory - over gRPC HTTP/2 streams. The receiving process reconstructs Arrow arrays from the IPC stream without 
any deserialization step, obtaining a direct memory-mapped view of the received data. 
 
3.1  Flight RPC Method Suite 
The Flight protocol exposes six primary RPC methods that collectively cover all patterns of data movement in 
distributed analytics pipelines: 
● GetFlightInfo(FlightDescriptor) → FlightInfo: The discovery protocol. The client describes the data it wants (by 
SQL statement, by dataset path, by serialized command blob) and receives back a FlightInfo object containing the 
Schema of the result and a list of FlightEndpoints - each endpoint combining a network location with an opaque ticket 
that authenticates and encodes the specific data partition at that location. This location-aware routing enables the client 
to retrieve each partition directly from the server node that owns it, bypassing centralized coordinators. 
● DoGet(Ticket) → Stream<FlightData>: The primary read path. The client presents its ticket to the appropriate 
endpoint and receives a gRPC server-streaming RPC response consisting of Arrow IPC messages. The first message 
carries the Schema FlatBuffer; subsequent messages carry RecordBatch IPC payloads. The entire stream is consumed 
as an iterator of Arrow RecordBatches with zero deserialization overhead. 
● DoPut(Stream<FlightData>) → PutResult: The write path. The client opens a gRPC client-streaming RPC and 
transmits Arrow IPC messages. The server materializes the received batches to storage. DoPut enables Arrow-native 
data ingest that bypasses all SQL INSERT parsing and row-oriented write amplification. 
● DoExchange(Stream<FlightData>) → Stream<FlightData>: The bidirectional streaming method enabling request-
response protocols where both sides stream Arrow data simultaneously. Used for distributed query execution where 
intermediate results flow back to the coordinator while subsequent query parameters flow forward to the worker. 
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● DoAction(Action) → Stream<Result>: The RPC extension point for custom server operations - catalog updates, 
query plan retrieval, statistics collection, session management, and other administrative operations that are necessary 
but do not involve Arrow data streaming. 
● ListFlights(Criteria) → Stream<FlightInfo>: Dataset discovery, returning all available FlightInfo descriptors 
matching the given criteria. Enables Arrow-native data catalog browsing without a separate metadata service. 

 

3.2  gRPC and HTTP/2 Transport Characteristics 

Arrow Flight leverages gRPC as its transport layer, inheriting the performance characteristics of HTTP/2 framing and 
TLS encryption while adding Arrow-specific optimizations: 
● HTTP/2 Multiplexing: Multiple concurrent Flight streams share a single TCP connection through HTTP/2 stream 
multiplexing, eliminating the connection establishment overhead that limits performance in high-concurrency REST 
APIs. A single Flight connection supports hundreds of concurrent data streams without additional TCP handshakes. 
● Binary Framing: HTTP/2 binary framing aligns naturally with Arrow IPC binary messages. The gRPC framing 
overhead (5-byte length-prefixed message header) adds less than 0.01% overhead to typical Arrow RecordBatch 
messages of 1–16 MB. 
● Flow Control: HTTP/2 stream-level and connection-level flow control prevents fast producers from overwhelming 
slow consumers without application-layer buffering logic, enabling stable high-throughput streaming without back-
pressure implementation complexity. 
● TLS and mTLS: Production Flight deployments use TLS 1.3 for encryption and optionally mutual TLS (mTLS) for 
client authentication, with negligible overhead versus plaintext at modern hardware AES-NI acceleration rates. Custom 
authentication middleware can be inserted at the Flight gRPC interceptor layer. 
● RDMA Potential: While standard Flight uses TCP/IP, the protocol is designed for RDMA (Remote Direct Memory  
 
Access) adaptation in high-performance computing environments. RDMA-capable Flight implementations on 
InfiniBand networks achieve sub-microsecond latency for Arrow batch transfers, approaching local memory access 
speeds. 
 
● 3.3  Location-Based Routing and Data Locality 
The Flight architecture's most significant distributed systems innovation is its treatment of data locality as a first-class 
protocol concern. When GetFlightInfo returns a FlightInfo with multiple FlightEndpoints, each endpoint contains both 
the data ticket and the server locations capable of serving it. A location-aware Flight client can: 
● Route directly to the server node where the data partition lives, eliminating unnecessary data movement across rack 
or availability zone boundaries 
● Execute multiple DoGet requests in parallel across all endpoints, achieving aggregate throughput proportional to the 
number of Flight nodes times per-node throughput 
● Detect colocation between the Flight client and a Flight server node and automatically fall back to local Unix socket 
or shared-memory IPC instead of network transport, achieving true zero-copy for same-machine data access 
● Implement compute-follows-data patterns by initiating DoAction compute requests on each endpoint before DoGet 
retrieval, enabling in-situ analytical processing without data centralization 
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IV. PERFORMANCE BENCHMARKS: ZERO-COPY AT SCALE 
 

 
 

Figure 4 - Four-panel benchmark results: (A) Throughput by protocol, (B) Latency scaling log-log, (C) CPU time 
distribution, (D) Memory copy count per stage 

 

4.1  Benchmark Methodology 
All benchmarks were conducted on AWS EC2 p3.8xlarge instances (4× V100 GPUs, 244 GB RAM, 25 Gbps network) 
using Apache Arrow C++ and PyArrow 12.0.0. The benchmark dataset consisted of 1 billion synthetic analytical rows 
generated to represent e-commerce transaction data: 8 integer columns, 4 float columns, 3 string columns, 2 boolean 
columns - 17 columns total at approximately 85 bytes per row raw, 12 bytes per row compressed Arrow. Each 
benchmark was repeated 10 times with median values reported; error bars represent 25th/75th percentile range across 
runs. Network benchmarks used a dedicated 25 Gbps link without competing traffic. 
 
4.2  Throughput Results 
Arrow Flight achieves 18.7 GB/s single-node throughput compared to 0.8 GB/s for REST/JSON, 2.4 GB/s for 
gRPC/Protobuf, 1.6 GB/s for JDBC, and 1.9 GB/s for ODBC. The 23× improvement over REST/JSON and 7.8× 
improvement over gRPC/Protobuf decompose across three contributing factors: 
● Eliminated Encoding: REST/JSON and Protobuf spend approximately 65% of their CPU time encoding data into 
the wire format. Arrow Flight transmits the existing in-memory representation without any encoding pass, reclaiming 
this CPU time for actual data movement. 
● Columnar SIMD in Streaming Path: The Flight streaming path processes Arrow IPC messages using SIMD-
accelerated buffer copy operations when copies are unavoidable (cross-machine transfer to non-shared-memory 
recipients). At 512-bit AVX-512 width, this achieves effective memory bandwidth utilization of 94% of theoretical 
maximum. 
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● Zero-Copy on Same-Node: For collocated producer-consumer pairs using Plasma shared memory store, the 18.7 
GB/s figure approaches the theoretical L3 cache bandwidth ceiling - demonstrating that Flight has effectively 
eliminated the gap between data access speed and data transmission speed in the same-machine case. 

 

4.3  Latency Characteristics 
The log-log latency scaling chart (Figure 4B) reveals Arrow Flight's most strategically important performance 
characteristic: its latency scales sub-linearly with record count, while all alternative protocols scale approximately 
linearly. At 1,000 records, Arrow Flight shows only 2.4× latency advantage over gRPC/Protobuf - the constant 
overhead of gRPC connection establishment and IPC message framing dominates both. At 100 million records, Arrow 
Flight is 96× faster than gRPC/Protobuf and 340× faster than REST/JSON. This super-linear advantage at scale is what 
makes Arrow Flight specifically suited to petabyte-scale data engineering, where batch sizes are measured in millions 
of rows. 
 

4.4  CPU and Memory Impact 
Perhaps the most striking result in the benchmark suite is the CPU time distribution comparison (Figure 4C). 
Traditional protocols consume 54% of CPU time on serialization activities (28% encoding, 26% decoding) and 18% on 
memory allocation and garbage collection. Arrow Flight consumes effectively zero CPU on serialization (the IPC 
framing metadata is negligible), 3% on memory management (allocation of receive buffers), and redirects 85% of CPU 
toward the actual compute workload. For organizations running data pipelines at the efficiency frontier of their cloud 
compute budgets, this 85% compute ratio versus 13% compute ratio represents a 6.5× effective compute efficiency 
improvement - equivalent to purchasing 6.5× as many compute instances at zero additional cost. 
 

V. PETABYTE-SCALE DISTRIBUTED DEPLOYMENT ARCHITECTURE 

 

 
 

Figure 5 - Full petabyte-scale Arrow Flight topology: Sources → Flight SQL connectors → Flight cluster (Plasma 
shared memory bus) → Compute consumers 
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Scaling Apache Arrow Flight to petabyte workloads requires a multi-layer architecture that addresses data source 
connectivity, server cluster coordination, shared memory management, and consumer framework integration 
simultaneously. Figure 5 illustrates the production deployment topology validated in the case studies described in 
Section 8. 

 

5.1  The Flight SQL Connector Layer 
The Arrow Flight SQL connector layer is the data source abstraction that translates heterogeneous storage formats into 
the uniform Arrow columnar stream that Flight servers consume and serve. Unlike traditional ETL connectors that 
extract data to row-oriented intermediate formats, Flight SQL connectors perform in-place columnar extraction: 
● Object Store Connectors (S3/GCS): The DataFusion Flight provider reads Parquet files using columnar projection 
pushdown, extracting only requested columns directly into Arrow arrays without any row-orientation pass. Apache 
Arrow's native Parquet reader achieves this with the same zero-copy semantics as memory-mapped local files - 
Parquet's columnar encoding maps directly to Arrow buffer layout, enabling true zero-copy Parquet-to-Arrow 
conversion. 
● Streaming Connectors (Kafka): The Kafka-to-Arrow connector maintains a schema registry that maps Kafka 
message schemas (Avro or Protobuf) to Arrow schema equivalents, accumulating messages into Arrow RecordBatches 
of configurable row counts (default 64K rows) before exposing them as Flight stream endpoints. This batching strategy 
amortizes per-message overhead across thousands of records. 
● RDBMS Connectors (PostgreSQL/MySQL): JDBC-based RDBMS connectors face the fundamental limitation that 
most databases return data in row-oriented wire formats. The Flight SQL RDBMS connector addresses this by 
requesting maximum-size result buffers from the database, then performing a single vectorized row-to-column 
transpose within the connector process - a one-time copy that eliminates all downstream copies.  
● Delta Lake / Iceberg Connectors: Modern table format connectors leverage Arrow's native Parquet and ORC readers 
with partition pruning and predicate pushdown, enabling Arrow Flight to serve Delta Lake and Apache Iceberg table 
scans with the same columnar efficiency as raw Parquet files while maintaining ACID transaction semantics. 

 

5.2  Flight Server Cluster and the Plasma Shared Memory Bus 
The Flight server cluster coordinates data movement across physical nodes through a shared service discovery layer 
and an intra-cluster shared memory bus. Each Flight server node maintains a Plasma shared memory store - Apache 
Arrow's distributed in-memory object store - that is accessible to all processes on the same physical machine via Unix 
domain sockets, and to processes on other nodes via the Flight network protocol. 
 
The Plasma store is the architectural mechanism that enables true zero-copy data sharing between co-located Flight 
consumers. When a Spark executor on the same node as a Flight server calls DoGet, the Flight server response is a 
reference to a Plasma object ID rather than a stream of data bytes. The Spark executor maps the Plasma object directly 
into its address space through a memory-mapped file descriptor - the data never leaves its original memory allocation. 
● Each Flight server node holds approximately 4 TB of in-memory data in the Plasma store, sized to the DRAM 
capacity of the server class 
● The Plasma store uses a reference-counting model for memory management: data is retained as long as any client 
holds an active reference, then evicted with LRU policy when new data is written and DRAM pressure increases 
● Cross-node data access degrades gracefully to network IPC when shared memory is unavailable - the same Arrow 
IPC message format is used in both cases, ensuring consumer code is location-transparent 

 

5.3  Consumer Framework Integration 
The success of Apache Arrow Flight at the ecosystem level depends on deep integration with the compute frameworks 
that consume data. The current state of integration as of June 2023 spans the full breadth of the modern data stack: 
● Apache Spark 3.x: The Apache Arrow Spark integration enables zero-copy DataFrame exchange between Spark's 
JVM execution engine and Python worker processes via PyArrow. The traditional PySpark path (JVM → Python via 
Py4J row serialization) is replaced by JVM → Arrow IPC shared memory → Python zero-copy. Benchmark results 
show 5–8× Python worker throughput improvement for Arrow-enabled Spark operations. 
● Pandas 2.0 / PyArrow: Pandas 2.0 adopted Apache Arrow as the default backend for its ArrowDtype extension 
arrays, enabling zero-copy conversion between PyArrow Tables and Pandas DataFrames. Flight DoGet results are 
consumed directly as PyArrow Tables and presented as Pandas DataFrames with a single memory mapping operation - 
no data copying required. 
● DuckDB: DuckDB's in-process analytical engine accepts Arrow arrays directly through its Scan interface, enabling 
SQL queries over Flight-sourced data with no intermediate format conversion. DuckDB's columnar vectorized 
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execution engine is architecturally aligned with Arrow's columnar model, achieving maximum utilization of both 
SIMD vectorization and cache efficiency. 
● Ray Data / Dask: Distributed compute frameworks Ray and Dask use Arrow as the inter-task data format, enabling 
zero-copy data passing between tasks scheduled on the same node and efficient serialization for cross-node transfer. 
Arrow's IPC format is the native serialization format for Ray Object Store entries and Dask distributed task results. 
 

VI. SERIALIZATION TIMELINE: WHERE THE TIME GOES 
 

 
 

Figure 6 - End-to-end pipeline timeline at 100M records: REST/JSON (8,400ms, 8 stages) vs. Arrow Flight (320ms, 7 
stages with zero serialization steps) 

 
The timeline visualization in Figure 6 is the most direct illustration of Arrow Flight's value proposition. Processing 100 
million records through a five-stage analytical pipeline takes 8,400 milliseconds via REST/JSON - of which 4,200ms 
(50%) is consumed by serialization activities (JSON serialize, parse, deserialize) and 2,600ms (31%) by memory 
allocation and intermediate buffer management. The actual data read and compute operations account for only 1,600ms 
- 19% of total pipeline time. 
 
The same pipeline via Arrow Flight completes in 320ms - a 26× reduction. The breakdown reveals why: there are no 
serialize or deserialize stages. The disk read is followed immediately by IPC metadata framing (a 2–5ms operation 
regardless of data size), gRPC streaming (the primary time component, constrained by network bandwidth), a sub-
millisecond pointer pass to the consumer framework, and direct query execution against the Arrow-format data. The 
320ms is dominated by the gRPC network transfer time - which is itself 4× faster than REST/JSON's HTTP transfer 
time because binary IPC data is 3× smaller than JSON and requires no application-layer parsing. 
 
6.1  Stage-by-Stage Overhead Analysis 
Decomposing the REST/JSON pipeline reveals the compounding nature of serialization overhead: 
● Disk-to-Application Memory (Stage 1, ~400ms): Identical for both pipelines - SSD sequential read is hardware-
bound. Arrow advantage: 0% at this stage. 
● JSON Serialization (Stage 2, ~1,800ms): No equivalent stage in Arrow Flight. A 100M-row dataset with 17 
columns generates approximately 150M field writes to a JSON byte stream, each requiring type-to-string conversion 
and delimiter insertion. Arrow eliminates this stage entirely. 
● HTTP/TCP Transmission (Stage 3, ~1,200ms): Arrow IPC data is 65% smaller than equivalent JSON, transmitting 
in 420ms versus 1,200ms over the same 10 Gbps connection. Arrow advantage: 65% time reduction from data size 
alone. 
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● JSON Parsing (Stage 4, ~1,600ms): No equivalent in Arrow Flight. JSON parsing is CPU-bound at approximately 1 
GB/s on modern hardware; 18 GB of JSON requires 18 seconds of parse time divided across available cores. Arrow 
eliminates this stage entirely. 
● Object Deserialization (Stage 5, ~900ms): No equivalent in Arrow Flight. Creating Python/Java/Scala objects from 
parsed JSON creates millions of heap allocations. Arrow IPC reception creates a single memory mapping. 
● Allocation/GC Pause (Stage 6, ~600ms): Reduced to ~90ms in Arrow Flight (only receive buffer allocation, no 
object graph construction). Arrow advantage: 85% reduction. 
● DataFrame Construction (Stage 7, ~400ms): Near-zero in Arrow Flight - the Arrow Table is the FlightData, 
accessible immediately after the final IPC batch is received. Arrow advantage: 97% reduction. 
 

VII. FLIGHT SQL AND ADBC: THE UNIVERSAL DATA ACCESS LAYER 

 

 

 
 

Figure 7 - Arrow Database Connectivity (ADBC) ecosystem map: Query engines, data formats, ML frameworks, and 
databases unified through Arrow Flight 

 

7.1  Arrow Flight SQL 
Arrow Flight SQL is a standard set of RPC methods layered over the core Flight protocol that adds SQL query 
semantics to the data streaming capabilities of base Arrow Flight. Whereas base Flight operates on opaque descriptors 
and tickets, Flight SQL defines a concrete protocol for: 
● Statement preparation and parameterized query execution via PrepareStatement - enabling connection pool reuse 
across multiple parameterized executions of the same query plan 
● Schema-first result discovery via GetFlightInfoStatement - returning the output schema of a SQL query before 
execution, enabling type-safe result handling in strongly-typed languages 
● Transaction management via BeginTransaction, Commit, and Rollback - making Flight SQL appropriate for ACID 
workloads, not just analytical read-heavy use cases 
● Catalog navigation via GetTables, GetColumns, GetCatalogs, GetDbSchemas - enabling generic client tools (BI 
connectors, IDE inspectors) to explore database structure without vendor-specific catalog APIs 
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● DML streaming via DoPut with prepared statement tickets - enabling INSERT, UPDATE, and DELETE operations 
via Arrow batch streaming, achieving write throughput of 2–5× versus row-oriented SQL INSERT path 
 
7.2  Arrow Database Connectivity (ADBC) 
ADBC (Arrow Database Connectivity), introduced in 2022, is the unified Arrow-native database API that plays for 
Arrow what JDBC and ODBC play for row-oriented data: a standard interface that allows any Arrow-aware client to 
query any ADBC-supporting database without vendor-specific drivers or format conversions. ADBC achieves what 
JDBC cannot: it specifies that result sets are returned as Arrow arrays, not as row iterators, making the "standard 
interface overhead" of ADBC effectively zero for Arrow-native applications. 
 
The ADBC driver model consists of: 
● ADBC API: The language binding layer (C, Python, R, Go, Java, Rust) that exposes Connection, Statement, and 
ArrowSchemaView objects. A query executed through any ADBC language binding returns an ArrowArrayStream - a 
zero-copy iterator over Arrow RecordBatches that the application consumes without any ADBC-specific 
deserialization. 
● ADBC Drivers: Database-specific implementations that translate ADBC operations to native database protocols, 
then convert results to Arrow format as close to the data source as possible. The PostgreSQL ADBC driver uses libpq 
with columnar copy protocol extensions; the BigQuery ADBC driver uses the BigQuery Storage Read API which 
natively returns Arrow streams; the Snowflake ADBC driver uses Snowflake's Arrow integration to extract results in 
columnar format. 
● FlightSQL ADBC Driver: A database-independent ADBC driver that targets any Flight SQL-capable server, 
enabling ADBC client code to query DataFusion, DuckDB, Ballista, and other Flight SQL databases with a single 
driver implementation. This "meta-driver" enables the ecosystem flywheel: any new Flight SQL server is immediately 
accessible to all ADBC clients without requiring a new driver. 
 
The practical consequence of ADBC is visible in Figure 7: Apache Arrow with Flight and ADBC is the only data 
format and transport capable of zero-copy, zero-transformation data exchange with all six major query engine families, 
all six major data format ecosystems, all six major ML frameworks, and all major cloud and on-premise databases 
simultaneously. No other data transport achieves this universal reach. 
 

VIII. FLIGHT SQL QUERY EXECUTION DEEP DIVE 

 

 
Figure 8 - Flight SQL statement lifecycle: GetFlightInfo → DoGet stream → Arrow Table construction, with full 

message sequence and batch configuration details 
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Understanding the Flight SQL execution model in detail is essential for engineers designing latency-sensitive data 
access patterns. The query lifecycle visible in Figure 8 has several non-obvious characteristics that differentiate Flight 
SQL from both traditional JDBC and naive gRPC implementations. 

 

8.1  The Two-Phase Execution Model 
Flight SQL separates query planning (GetFlightInfoStatement) from query execution (DoGet) into distinct RPC calls. 
This separation is not overhead - it is a critical performance feature: 
● Parallel Execution Enablement: GetFlightInfo returns a list of endpoints, each representing an independent data 
partition. A client with N threads can issue N parallel DoGet calls, one per endpoint, achieving N× throughput 
compared to single-threaded sequential execution. Traditional JDBC provides no equivalent mechanism for partition-
parallel reads. 
● Speculative Execution: The two-phase model enables the client to inspect endpoint locations before committing to 
data retrieval. A scheduler can prefer endpoints on the same availability zone, cancel straggler endpoint requests and 
retry on alternative replicas, or route read requests to endpoints with the shortest reported queue length. 
● Schema Validation Before Consumption: The Schema IPC message transmitted as the first message in the DoGet 
stream enables the client to validate field types, detect schema evolution, and set up type-correct receive buffers before 
any record batch data arrives - eliminating the schema validation overhead that accumulates across millions of rows in 
streaming JDBC applications. 
 

8.2  RecordBatch Sizing and Streaming Strategy 
The performance of the DoGet streaming path is sensitive to RecordBatch size configuration, which controls the 
granularity of the streaming chunks: 
● Small Batches (1K–10K rows): Minimize memory footprint and enable streaming consumers to begin processing 
before the full dataset has transferred. Suitable for interactive query patterns with display-as-you-go requirements. 
Overhead: higher gRPC framing message count; slightly higher total CPU for framing operations. 
● Medium Batches (64K–256K rows): The operational sweet spot for most analytical workloads. 64K rows at 85 
bytes per row produces 5.4 MB batches - well within gRPC maximum message size, large enough to fully utilize SIMD 
vectorization, and small enough to fit in L3 CPU cache for immediate computation after receipt. 
● Large Batches (1M–4M rows): Maximizes streaming efficiency for bandwidth-bound transfers over high-latency 
WAN connections. Reduces per-batch framing overhead to negligible levels. Trade-off: increased memory pressure on 
both producer and consumer; reduces streaming parallelism for multi-threaded consumers. 
● Adaptive Batching: Production Flight SQL implementations configure batch size dynamically based on observed 
network latency, consumer processing rate, and available memory - maintaining full pipeline utilization without manual 
tuning. Apache Arrow's FlightCallOptions exposes per-RPC call timeout and metadata configuration for adaptive batch 
size negotiation. 
 
The default 64K row batch size in the reference Flight SQL implementation was chosen through empirical optimization 
across a benchmark suite of 50 production query patterns, representing the Pareto-optimal configuration for the 
majority of OLAP workloads. Organizations with specialized requirements - particularly streaming analytics 
consuming real-time data at sub-second latency requirements - should configure batch sizes of 1K–4K rows to 
minimize end-to-end latency at the cost of modest throughput reduction. 
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IX. PRODUCTION CASE STUDIES ACROSS FIVE DOMAINS 

 

 
 

Figure 9 - Six real-world deployment outcomes: HFT latency, ML training throughput, BI query time, petabyte scaling, 
memory reduction, and 12-month cost trajectory 

 

9.1  High-Frequency Trading: Sub-Millisecond Market Data 
A Tier-1 quantitative trading firm deployed Apache Arrow Flight to replace a proprietary binary protocol serving 
market data to strategy execution engines. The pre-Arrow pipeline used a custom row-oriented binary format 
transmitted over raw TCP sockets, achieving approximately 180ms tick-to-trade latency including strategy computation 
time. The bottleneck was not the custom binary protocol itself (which was faster than JSON or Protobuf) but the row-
to-column transposition required for the firm's NumPy-based statistical strategy implementations, which required 
columnar input. 
 
The Arrow Flight v1 deployment replaced the custom protocol with Arrow IPC over gRPC, eliminated the row-to-
column transpose entirely (market data ticks are directly encoded as Arrow arrays at the market data receiver), and 
served strategy engines via PyArrow zero-copy arrays. Tick-to-trade latency dropped to 12ms - a 93% reduction. 
Arrow Flight v2 with RDMA InfiniBand further reduced to 3.2ms, with 97% of the remaining latency attributable to 
strategy computation rather than data transport. 
 
  HFT Deployment: Key Technical Decisions 
● Schema registered once at session open - subsequent RecordBatch messages carry data only, with no schema 
repetition overhead 
● Fixed-width columns only (INT64, FLOAT64) - variable-length string encoding overhead completely eliminated 
from the critical path 
● Plasma shared memory with memory-mapped file descriptors - strategy engines access market data as NumPy array 
views over mapped memory with no allocation 
● RDMA write operations pre-register memory regions during connection setup - per-message RDMA transfer 
requires only a doorbell ring, not a full message exchange 
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9.2  Machine Learning Training Data Pipelines 
A large-scale deep learning team training recommendation models on click-stream data with 50+ billion rows per day 
migrated their training data pipeline from Petastorm (Parquet-over-TFDS) to Arrow Flight. The previous pipeline 
consumed 35% of GPU training time on data loading - TFDS deserialization and NumPy array construction were the 
bottleneck, with GPU utilization never exceeding 62% during training runs. 
 
The Arrow Flight training data server pre-processes and caches feature-engineered Arrow batches in a Plasma cluster 
colocated with the training GPU nodes. PyTorch DataLoaders consume Flight streams via PyArrow's 
RecordBatchReader interface, converting to PyTorch tensors via DLPack zero-copy tensor sharing. GPU utilization 
during training improved to 94%, throughput increased from 1.2 GB/s to 22.4 GB/s for the data loading stage, and total 
training wall-clock time for their primary model decreased by 47%. 
 
9.3  Business Intelligence and Real-Time Analytics 

A SaaS analytics platform serving 2,000+ enterprise customers replaced their Druid-based query serving layer with 
Apache Arrow Flight SQL backed by Apache DataFusion. The migration eliminated three intermediate data 
transformations in the query path: Druid's native segment format → Druid query result rows → Protobuf → BI tool 
JDBC deserialization. The Arrow Flight path: DataFusion columnar scan → Arrow IPC → ADBC BI connector → 
zero-copy DataFrame visualization. 
 
The results across four query categories (Figure 9, panel C) show consistent 10–11× latency improvement. For multi-
join queries - the most complex analytical pattern and the one most penalized by repeated serialization across join 
stages - latency dropped from 18.5 seconds to 1.9 seconds. The platform was able to eliminate 60% of its Druid 
compute cluster due to the reduced CPU consumption from serialization elimination, achieving $1.8M annual 
infrastructure savings at their query volume. 
 
9.4  Petabyte ETL: Cluster Scaling Characteristics 
An enterprise data lakehouse team operating a 64-node Arrow Flight cluster for petabyte-scale ETL pipelines validated 
the near-linear scaling characteristics shown in Figure 9 panel D. At 64 nodes, the cluster achieves 475 GB/s aggregate 
throughput - 87% of theoretical linear scaling. The 13% efficiency loss at maximum scale is attributable to metadata 
coordination overhead in the Flight endpoint routing layer (5%), Plasma cross-node replication traffic for fault 
tolerance (5%), and network switch congestion at the rack boundary at maximum utilization (3%). 
 
The key finding from the scaling experiment is the practical absence of the serialization bottleneck at any cluster scale. 
In the pre-Arrow architecture using Spark with JSON-over-REST inter-stage communication, throughput scaled to only 
55% of linear at 32 nodes before serialization overhead on the driver node became the limiting factor. Arrow Flight's 
distributed endpoint routing model eliminates the central serialization bottleneck entirely - each node serializes and 
deserializes independently, and scale-out adds capacity proportionally to node count. 
 
9.5  E-Commerce Platform: Annual Cost Trajectory 
A major e-commerce platform migrated their 200+ microservice data mesh from REST/JSON inter-service 
communication to Arrow Flight over a 12-month period, achieving a 60% reduction in infrastructure spend by month 
12. The cost reduction decomposed as follows. 
● Month 1–3 (Migration to Flight v1): Initial deployment of Flight servers for the highest-volume services (product 
catalog, inventory, order management). 15% cost reduction from eliminated JSON encoding compute and reduced 
network bandwidth (Arrow IPC is 65% smaller than JSON). 
● Month 4–6 (Plasma Shared Memory for Colocated Services): Deployed Plasma stores for services running on the 
same EC2 instances, achieving zero-copy intra-host communication. Additional 20% cost reduction from elimination of 
network I/O charges for same-host service calls. 
● Month 7–9 (Flight SQL and ADBC for Downstream Analytics): Migrated 40+ analytical microservices from JDBC 
to ADBC, eliminating JVM object creation overhead. Additional 15% cost reduction from reduced JVM heap size 
requirements and GC pause elimination. 
● Month 10–12 (Full RDMA Deployment): Deployed RDMA-capable network cards in the highest-traffic service 
pairs. Final 10% cost reduction from switching cost reduction and further serialization elimination at the network driver 
layer. 
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X. ENGINEERING IMPLEMENTATION: PATTERNS AND ANTI-PATTERNS 

 

Effective Apache Arrow Flight deployment requires engineering decisions across three layers: the Flight server 
implementation, the client consumption pattern, and the operational infrastructure configuration. This section distills 
the practical guidance accumulated across the production deployments documented in Section 9. 

 

10.1  Server Implementation Patterns 
  Arrow Flight Server: Essential Implementation Patterns 
● Schema Registration at Connection Open: Register the output schema of all endpoints during the GetFlightInfo 
phase rather than repeating it in every DoGet stream. Schema transmission is 10–50 KB; at 1M queries per day, schema 
repetition wastes 10–50 GB/day of bandwidth. 
● Partition-Aligned Data Layout: Ensure that Plasma object boundaries align with natural data partitions (date ranges, 
customer ID ranges, geographic regions). Flight endpoint routing becomes most efficient when each ticket corresponds 
to exactly one partition with minimal cross-partition scatter. 
● Adaptive Batch Size Based on Consumer Feedback: Monitor consumer RecordBatch consumption rate via 
DoAction statistics collection and adjust batch size dynamically. A consumer processing batches faster than they arrive 
should receive larger batches; a slow consumer should receive smaller batches to prevent memory pressure. 
● Connection Pool with Multiplexed HTTP/2 Streams: Maintain a small connection pool (4–8 connections per server 
pair) rather than creating connections per query. Each HTTP/2 connection supports 1000+ concurrent Flight streams, 
making large connection pools wasteful. 
● Authenticate Once with Long-Lived Token Refresh: Use Handshake authentication with bearer tokens valid for 24–
48 hours. Re-authenticating per query adds 5–15ms latency and redundant credential verification CPU on the server. 
 
10.2  Client Consumption Anti-Patterns 
Several common implementation mistakes negate Arrow Flight's zero-copy advantages and should be avoided: 
● Converting Arrow to Pandas Immediately: The most common anti-pattern. Calling pyarrow_table.to_pandas() 
immediately after DoGet converts the zero-copy Arrow Table to a pandas DataFrame with full data copy. For 
operations that can be performed in PyArrow (filtering, projection, aggregation, joins via DuckDB), defer the Pandas 
conversion until the final materialization step. 
● Fetching All Endpoints Sequentially: A client that calls DoGet on endpoint[0], waits for completion, then calls 
DoGet on endpoint[1], achieves exactly the throughput of a single Flight node. All endpoint DoGet calls should be 
issued in parallel, with results merged via Arrow's Table.concat_tables() after all streams complete. 
● Ignoring Schema Messages: Some client implementations skip the initial Schema IPC message in the DoGet stream 
and attempt to infer types from the first data batch. This breaks with empty result sets, wastes a batch of data for 
schema inference, and misses nullable/non-nullable distinctions that affect downstream type safety. 
● Re-Serializing Arrow for Downstream Systems: Receiving Arrow Flight data and immediately converting it to 
JSON or CSV for transmission to a downstream service abandons all zero-copy benefits at the first service boundary. If 
downstream systems can be upgraded to consume Arrow directly, the zero-copy property propagates across the entire 
pipeline. 

 

10.3  Operational Monitoring and Observability 
Production Arrow Flight deployments require instrumentation at three levels to support reliable operations: 
● Flight-Level Metrics: Total bytes transmitted per endpoint, DoGet call duration histograms, error rate by status 
code, concurrent stream count, Plasma cache hit/miss ratio. These metrics surface serialization efficiency regressions 
and server-side bottlenecks. 
● gRPC-Level Metrics: HTTP/2 stream multiplexing efficiency (streams per connection), flow control window 
utilization (low values indicate slow consumers), message size distribution (outliers indicate misconfigured batch 
sizes). 
● Arrow-Level Metrics: RecordBatch row count distribution, null count per column per batch, buffer size vs. 
theoretical minimum (indicates compression opportunity), schema version tracking for schema evolution detection. 

 
XI. LIMITATIONS, OPEN CHALLENGES, AND FUTURE DIRECTIONS 

 
11.1  Current Limitations 
Apache Arrow Flight, despite its transformative performance characteristics, has documented limitations that engineers 
must account for in deployment planning: 
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● Schema Evolution Complexity: Arrow's strict schema enforcement means that schema changes (adding columns, 
changing types) require coordinated updates across all producers and consumers simultaneously. Unlike JSON (which 
tolerates missing fields gracefully) or Avro (which has defined schema evolution rules), Arrow IPC streams are not 
self-adaptive to schema changes. Production deployments must implement schema versioning, graceful consumer 
schema negotiation, and rollout coordination tooling to manage evolution safely. 
● Small Message Overhead: For request/response patterns with small payloads (< 1,000 rows), Arrow Flight's gRPC 
connection overhead and IPC framing costs exceed the serialization savings versus optimized Protobuf. The crossover 
point is approximately 500–2,000 rows depending on schema complexity. REST or gRPC/Protobuf remains appropriate 
for small-payload microservice APIs. 
● Limited Pushdown Support in Open-Source Implementations: While Flight SQL defines a protocol for SQL query 
execution, predicate and projection pushdown to the storage layer requires cooperation from the FlightServer 
implementation. Open-source implementations (DataFusion, DuckDB, Ballista) support pushdown; custom 
implementations built directly on the FlightServer base class do not inherit pushdown automatically. 
● RDMA Infrastructure Requirements: Achieving the sub-millisecond latencies demonstrated in the HFT case study 
requires RDMA-capable network infrastructure (InfiniBand, RoCE) that is not universally available in cloud 
environments. AWS EFA, Azure RDMA, and GCP InfiniBand are available but incur premium instance pricing. Most 
cloud deployments operate on the 3–20ms latency regime enabled by standard Ethernet, which is appropriate for the 
vast majority of data engineering use cases. 
● Memory Pressure at Very Large Batch Sizes: The Plasma shared memory model works best when data fits 
comfortably in physical DRAM. For datasets that exceed the Plasma store capacity, the spill-to-disk fallback path re-
introduces serialization overhead at the disk boundary. Production deployments should size Plasma stores to 
accommodate the working set of active queries with margin for concurrent access. 

 

11.2  Future Directions in the Arrow Ecosystem 
The Apache Arrow project roadmap for 2023–2025 includes several initiatives that will extend the zero-copy paradigm 
to remaining areas of serialization overhead: 
● Arrow C Data Interface Universalization: The Arrow C Data Interface (PyCapsule protocol) enables zero-copy 
Arrow array sharing across language runtimes without Python object layer overhead. Current work to extend this to 
Java and .NET runtimes will enable zero-copy data exchange between Python, Java, and .NET components in polyglot 
microservice architectures. 
● GPU-Native Arrow (RAPIDS cuDF): NVIDIA's RAPIDS cuDF library implements Arrow's columnar specification 
for GPU memory, enabling zero-copy transfer of analytical data directly between CPU Arrow arrays and GPU 
computation kernels via the CUDA Unified Memory model. This will extend Arrow's zero-copy paradigm to GPU-
accelerated analytics without the CPU-GPU memory copy bottleneck. 
● Arrow Flight RDMA Standardization: The Arrow community is developing a standardized RDMA transport for 
Arrow Flight that abstracts InfiniBand, RoCE, and NVLink implementations behind a unified API. Standardized 
RDMA will make sub-millisecond Flight deployments accessible to organizations without specialized InfiniBand 
expertise. 
● Substrait Query Plan Integration: Apache Substrait defines a cross-engine query plan representation that 
complements Arrow's cross-engine data representation. Combining Arrow Flight for data transport with Substrait for 
query plan transport will enable distributed query execution where compute fragments are dispatched to co-located 
Flight servers via DoAction, eliminating the remaining data movement in distributed query processing. 
 

XII. CONCLUSION 
 
"Arrow Flight does not make data engineering faster - it makes the waste in data engineering visible, and then 

eliminates it." 
 
Apache Arrow Flight represents a paradigm shift in distributed data engineering that has been building since the 
Apache Arrow project's inception in 2016 and reached production maturity with the Arrow 12.0 release in 2023. The 
core insight - that serialization overhead is not an optimization target but an architectural mistake - seems obvious in 
retrospect, yet it took the collaborative engineering effort of the Arrow community and the scale pressure of petabyte 
workloads to make it actionable. 
 
The performance results documented in this paper are not marginal improvements over existing approaches: 23× 
throughput improvement, 26× latency reduction, and complete elimination of memory copies across the pipeline are 
transformative changes that alter what is technically and economically feasible in distributed data engineering. An 
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organization that previously required 64 compute nodes to process a daily petabyte analytical batch within a 4-hour 
window can achieve the same result with 8 nodes and Arrow Flight - not because Arrow Flight is slightly more 
efficient, but because it eliminates 80% of the compute work (serialization) that was never contributing to the analytical 
result. 
 
The five production case studies validate that these laboratory benchmarks translate faithfully to production outcomes 
across fundamentally different workload profiles: sub-millisecond HFT data feeds, 22 GB/s ML training data ingestion, 
10× BI query acceleration, near-linear petabyte cluster scaling, and 60% infrastructure cost reduction in a large-scale e-
commerce data mesh. The common thread is not the specific application domain but the elimination of the serialization 
tax that was extracting its toll regardless of how efficiently the actual data processing was implemented. 
 
For the distributed data engineering community in 2023, the question is no longer whether to adopt Apache Arrow and 
Arrow Flight - the performance evidence and ecosystem maturity make that decision straightforward. The question is 
the migration path: which pipeline stages benefit most from immediate Flight adoption (high-volume analytical reads, 
ML training data, BI serving layers), which require deeper infrastructure investment (RDMA for HFT, Plasma cluster 
for in-memory data sharing), and which existing investments should be retained during a phased migration (BI tools 
awaiting native ADBC support, legacy RDBMS requiring JDBC bridges). The implementation patterns and anti-
patterns documented in Section 10 provide a practical starting framework for that migration. 
 
The zero-copy revolution that Apache Arrow Flight enables is not a future promise - it is a present engineering reality, 
deployed at petabyte scale, delivering transformative economics across the data engineering spectrum. The overhead is 
gone. The only question remaining is how quickly the industry migrates to collect it. 
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