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ABSTRACT
Compression is a central mechanism for reducing data movement
in analytical systems, but it also creates a resource-management
problem: software compression consumes CPU cores, cache capac-
ity, and memory bandwidth that the query engine needs for useful
work. Modern server processors now provide on-chip compression
accelerators such as Intel IAA and Intel QAT, yet their advertised
throughput does not answer the DBMS-level question of when
offload is actually the right execution path.

This paper characterizes CPU software, IAA, and QAT across
database-relevant block sizes, codecs, and submission concurrency.
We find that hardware offload is not a universal replacement for
CPU compression. The best execution path depends on codec sup-
port, operation direction, block size, and accelerator queue state.
IAA is a strong path for Deflate decompression, including small
blocks where fixed overheads dominate other paths. QAT provides
broader codec coverage, including LZ4 and Zstd compression, but is
more sensitive to block size and batching. A full CPU socket remains
competitive for some large-block compression cases, while also rep-
resenting valuable query-processing capacity. The main implication
is that compression should be scheduled dynamically: route blocks
by codec, operation, size, and accelerator load; cap per-device sub-
mission concurrency; and fall back to software when offload is
unsupported or saturated. Because these signals are coarse-grained
and already available, the routing policy can be implemented as
a lightweight per-block threshold rule rather than an expensive
runtime optimization problem.
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1 INTRODUCTION
As dataset sizes continue to grow, modern analytical database sys-
tems increasingly rely on heavily compressed data formats [1, 16,
21, 36, 45, 46, 48] to constrain storage footprints and reduce net-
work I/O, thereby minimizing the data movement overhead across
DRAM, local and remote NVMe, and remote object storage (e.g.,
Amazon S3 [13]). Software-based compression and decompression
sit on the critical path of query execution.

Executing compression algorithms like Deflate [23], Brotli [12],
LZ4 [9], or Zstd [51] on general-purpose processing cores is highly
compute-intensive. Compression and decompression have recently
been characterized as 14-31% of the datacenter tax [25, 31] for
big data processing on hyperscale data stores, taking up a signif-
icant portion of the CPU cycles that can otherwise be used for
core application logic. In a database context, it manifests as re-
source contention. When CPU cores are performing bulk software
decompression, they stall query pipelines, contend for memory
bandwidth, and pollute the last-level cache (LLC). Consequently,
fewer resources are available for actual analytical operators (e.g.,
hash joins and aggregations), degrading query performance.

To alleviate this resource bottleneck, researchers have explored
various software and hardware solutions. There have been many ef-
forts to improve software algorithms, but they cannot fully recover
the CPU cycles used for compression and decompression [14, 38, 42].
Therefore, researchers turn to hardware accelerators to offload the
entire compression and decompression. While traditional off-chip,
PCIe-attached accelerators (e.g., GPU [18, 35, 41], PIM [30], Smart-
NIC [29]) speed up de-/compression, traversing the PCIe bus and
navigating kernel-level context switches, staging copies, andmanda-
tory pinning erode those gains. Off-chip accelerators are especially
ill-suited for fine-grained, microsecond-latency operations required
by database buffer pools and transactional workloads.

To resolve performance interference without incurring PCIe la-
tency penalties or being constrained by limited accelerator device
memory, the hardware trend is shifting rapidly toward System-on-
Chip (SoC) integration. Modern architectures, such as Intel Xeon 6
(Granite Rapids) [40], IBM Power9 and z15 processors [11], embed
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hardware accelerators directly onto the CPU mesh. By integrat-
ing engines like the In-Memory Analytics Accelerator (IAA) and
QuickAssist Technology (QAT), these architectures enable direct,
cache-coherent access to the CPU’s native memory subsystem. Fur-
thermore, the introduction of shared virtual memory, direct cache
access, and user-space dispatch instructions (e.g., ENQCMD) allows
database engines to submit de-/compression tasks to the accelera-
tors with sub-microsecond dispatch overhead [47]. By offloading
the compute-intensive de-/compression to those on-chip accelera-
tors, the CPU is freed from this work and can devote more cycles
to the database engine’s core data processing.

Although on-chip accelerators are increasingly used in DBMS, it
remains unclear how systems should choose among CPU software,
IAA, and QAT for compression and decompression. Prior work
has studied IAA for database decompression [33] and CPU-less
processing by pushing filters and joins down to the accelerator [15].
We complement these studies by focusing on a lower-level but
unavoidable systems question: how compression work should be
routed when it arrives in database-relevant units such as pages,
column chunks, spill blocks, and storage-tiering fragments. Adver-
tised accelerator bandwidth alone is not a sufficient basis for this
decision because the best path depends on codec support, operation
direction, block size, submission cost, and finite accelerator queue
capacity.

In this paper we characterize CPU software, IAA, and QAT across
database-relevant block sizes and submission concurrency. The
experimental results lead to the following contributions and routing
implications for analytical systems:

• Block granularity determines when compression of-
fload pays off. IAA and QAT expose very different break-
even points: IAA is effective for decompression even on
small blocks, whereas QAT needs larger blocks or batch-
ing to amortize its API-level costs. Our characterization on
4 KB-2 MB block sizes shows that peak accelerator band-
width is a poor predictor of the best execution path.

• Accelerator throughput is bounded by saturation, not
by the number of submitters. A single IAA or QAT end-
point reaches peak throughput at modest submission con-
currency; additional submitters do not create additional
device capacity and may degrade throughput. This turns
accelerator queues into first-class scheduling resources.

• The right de-/compression path is a scheduling deci-
sion for the query engine. Codec support, operation direc-
tion, block size, accelerator load, and CPU opportunity cost
jointly determine whether a block should use IAA, QAT,
or software. The resulting policy is hybrid: use local accel-
erators up to saturation, route unsupported or inefficient
cases to the CPU, and avoid treating hardware offload as a
universal replacement for software compression.

Our insights show that the compression tax is mitigated by effec-
tively scheduling finite queue resources andmanagingmicrosecond-
latency trade-offs rather than by maximizing device-level through-
put.

2 BACKGROUND AND MOTIVATION
This section provides a foundation necessary to understand on-chip
acceleration in analytical engines. We explain the computational
overhead of general-purpose software compression, a major com-
ponent of the "datacenter tax". Then we outline the heterogeneous
block-size granularities typical of multi-tiered database storage en-
gines. Finally, we contrast traditional, high-latency PCIe-attached
hardware offloading with the emerging trend of cache-coherent,
System-on-Chip (SoC) integration in modern server processors.

2.1 Datacenter tax in compression
Compression is no longer an optional storage optimization in mod-
ern analytical systems. As datasets exceed the capacity of DRAM
and single storage nodes, database engines rely on lossless compres-
sion to reduce storage footprint, network traffic, memory pressure,
and the cost of moving intermediate results across the memory
and storage hierarchy. The most widely used general-purpose com-
pressors in data systems are based on the LZ77 family [49, 50].
They reduce data size by identifying repeated byte sequences in a
sliding window of previously processed input and encoding future
occurrences as references to prior output. These references are typ-
ically represented through offset-length pairs, optionally followed
by literals for bytes that cannot be matched.

The general-purpose compressors we evaluate differ in how
they combine LZ77 and entropy coding. LZ4 keeps the represen-
tation simple and does not apply a separate entropy-coding stage,
prioritizing compression and decompression speed [9]. Deflate com-
presses the resulting symbols with Huffman coding [39]. Zstd uses
finite-state entropy coding from the ANS family for its sequence
representation [24]. Deflate’s Huffman step admits two variants: dy-
namic Huffman optimizes a fresh code table per block (two passes,
best ratio, highest compression cost), while static Huffman reuses
a precomputed table across blocks (single pass, slightly lower ratio,
lower compression cost) [23, 39].

This reduction in bytes, however, introduces an execution cost.
When compression and decompression run on general-purpose
CPU cores, they compete with query execution for cycles, memory
bandwidth, and cache capacity. In analytical workloads, this cost
appears directly on the critical path: decompression must often pre-
cede scans, joins, and aggregations, while compression is required
when spilling intermediate state, flushing cold pages, or moving
data to lower storage tiers. Thus, the system saves space and re-
duces data movement, but pays the price of contended compute
resources. This is the compression component of the datacenter
tax: moving and storing bytes becomes cheaper, but query execu-
tion loses CPU time, memory bandwidth, and LLC residency to
general-purpose compression work.

2.2 Block size granularity in databases
Data systems with storage tiering involve heterogeneous block
sizes, each presenting distinct de-/compression speed and ratio
requirements:

• 4KB – 16KB (Buffer Pool): Fine-grained operations such
as B-Tree node fetches [4, 27]. These are latency-sensitive:
even sub-microsecond delays in user-space dispatching can
degrade transactional throughput [43].
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Figure 1: IntelGranite RapidsCPUDataAccelerator Complex
(DAC) architecture overview.

• 64KB – 256KB (Warm Tier): Columnar segments (e.g.,
Parquet row-groups) migrating between DRAM and local
NVMe [32]. High throughput and moderate latency are
required.

• 1MB+ (Cold Tier):Deep archiving and S3 object flushes [3].
Compression ratio is paramount, and execution latency can
be easily hidden via asynchronous background polling.

2.3 System-on-Chip acceleration
Unlike discrete PCIe cards, modern SoCs integrate endpoints di-
rectly into the coherent interconnect mesh. Intel embeds multiple
accelerators into a built-in Data Accelerator Complex (DAC) on
chip with their recent generations of Intel Xeon Scalable proces-
sors (Sierra Forest, Granite Rapids). A DAC (Figure 1) contains four
different types of accelerators. Of these, the In-Memory Analytics
Accelerator (IAA) and QuickAssist Technology (QAT) support de-
/compression. Given the scope of this paper, here we focus on their
de-/compression capabilities.

IAA is designed to accelerate big data workloads and in-memory
analytics, supporting compression and decompression, analytics
primitives, and data integrity functions. IAA’s de-/compression is
limited to Deflate.

QAT provides hardware acceleration for offloading security, au-
thentication, and compression tasks, supporting data de-/compression
and de-/encryption. It supports various compression algorithms,
including Deflate, LZ4, and Zstd (compression only).

To integrate IAA and QAT into applications, Intel provides user-
space libraries: QPL [5] for IAA, and QATlib [6] and QATzip [7]
for QAT. These libraries convert application API calls into device
descriptors and submit them from user space; the kernel driver only
configures the device and grants access, while the device firmware
parses each descriptor and drives the accelerator.

Both accelerators access application memory through shared vir-
tual memory (SVM). Each issues memory requests that the IOMMU
translates within the submitting process’s virtual address space,
so the device operates directly on the application’s pageable mem-
ory and removes the staging copies and mandatory pinning that
discrete accelerators require [47]. Intel Scalable I/O Virtualization
(SIOV) builds on the same address-translation path to share a device

across virtual machines, but our characterization targets bare-metal
submission and does not exercise it.

The two accelerators differ in how software submits work. IAA
reuses the Intel DSA work-submission interface [47]: software
writes a 64-byte descriptor to amemory-mappedwork-queue portal,
using ENQCMD for a shared work queue or MOVDIR64B for a dedi-
cated one. The QPL library we use exposes only the shared-queue
path [5], where each ENQCMD returns an accept-or-retry status; mul-
tiple threads therefore submit to a single work queue without soft-
ware locks and see back-pressure when it is full. QAT instead sub-
mits through descriptor rings in host memory [28]: the user-space
library writes a request descriptor into a circular buffer and ad-
vances a tail pointer in a device register, after which the accelerator
reads the descriptor over DMA and posts the result on a response
ring. Both paths keep the kernel off the per-request data path. QAT
incurs an MMIO tail update on publication, which it amortizes
across batched requests, whereas IAA pays a fixed per-descriptor
instruction cost; Section 3.2 measures how block size interacts with
these submission costs.

3 CHARACTERIZATION
To understand how modern database systems should integrate
System-on-Chip (SoC) accelerators, we first isolate their de-/compression
performance. In this section, we present a characterization of the
CPU, IAA, and QAT across multiple dimensions: storage block sizes,
concurrency saturation limits, and algorithm-specific hardware con-
straints. This empirical foundation dictates how a query engine
should offload de-/compression tasks.

3.1 Experimental methodology
System and Devices: Table 1 summarizes the specifications of our sys-
tems and the IAA and QAT accelerators. However, these maximum
hardware data rates do not equate to actual end-to-end decompres-
sion throughput in query pipelines. We run all experiments on a
single socket (96 physical cores) with NUMA-local memory. We
disable hyper-threading and lock the CPU frequency for measure-
ment stability. Unless otherwise specified, the performance of IAA
and QAT is limited to a single device.

Description
OS (kernel) Ubuntu 24.04.4 (Linux kernel v6.17)

CPU Intel(R) Xeon(R) 6952P CPU @ 2.1GHz
2 sockets × 96 cores, hyper-threading disabled

Caches (total) L1: 21 MiB, L2: 384 MiB, LLC: 960 MiB
Memory Socket 0: 12 × DDR5-4800 channels

On-chip QAT 8 devices (4 per socket)
160 Gbps (∼20 GB/s) data bandwidth per QAT

On-chip IAA 8 devices (4 per socket)
8 AEs and 16 WQs per IAA
60 GB/s data bandwidth per IAA

Table 1: System configuration

CPU software: We use lzbench 2.2.1 [2] for the CPU software
de-/compression baseline, compiled with GCC 13.3.0. We measure
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de-/compression performance with 1 and 96 threads (physical cores)
to test the base and peak performance of de-/compression within a
single socket.

IAA: We use Intel Query Processing Library (QPL) [5] 1.9.0 to
interact with IAA. It allows specifying the execution path as hard-
ware (IAA), software (CPU host), or auto (automatic switching
between IAA and CPU based on availability and load balancing).
We measure de-/compression performance with 1 IAA device.

QAT : We use Intel QATzip [7] 1.3.2, and QAT-ZSTD-PLUGIN [8]
1.0.0 to offload de-/compression and measure the performance with
1 QAT device. We configure QAT to use asynchronous operation
mode so that the host CPU can context-switch to another process
after submitting all tasks.

Compression algorithms: We evaluate multiple compression algo-
rithms that are commonly used in production systems, including
Deflate (with static and dynamic Huffman coding), LZ4, and Zstd.
IAA only supports Deflate, while QAT supports Deflate, LZ4, and
Zstd (compression only). While configuring to a higher compres-
sion level offers a higher compression ratio, it comes at the cost
of slower performance. Since this paper aims at minimizing the
de-/compression overhead, we configure the compression level to
the lowest possible (i.e., 1) in all experiments.

Dataset: We use the TPC-H dataset with a scale factor of 10. We
use the largest table (lineitem) for the characterization experi-
ments. Absolute compression ratios are data-dependent, while the
block-size, submission, and saturation trends are the primary focus
of our evaluation.

We report throughput in terms of logical uncompressed bytes
processed per second for compression and decompression. Each
block size denotes the independent compression unit submitted
to the CPU library or accelerator API. The 1-thread CPU baseline
estimates per-core software efficiency, the 96-thread CPU base-
line estimates full-socket software capacity, and the single-device
IAA/QAT baselines estimate the capacity of one offload endpoint.
This comparison is intended to guide resource allocation rather
than to claim that one accelerator replaces an entire socket.

3.2 Block-size sensitivity
As discussed in Section 2.1, compression operates at the granularity
of block sizes. We configure and characterize QAT and IAA with
different compression block sizes, ranging from 4KB to 2MB. For
each block size, we compare four execution configurations: 1 CPU,
a single software thread; 96 CPU, software execution using all phys-
ical cores of the socket; 1 QAT, one QAT hardware device; and 1
IAA, one IAA hardware device. Figures 2 to 5 report the resulting
de-/compression speed across Deflate dynamic, Deflate static, LZ4,
and Zstd (only compression speed as explained in Section 3.4). We
use these four configurations because the goal of this paper is not
to benchmark codecs in isolation, but to quantify when on-chip
acceleration actually removes the compression tax from analytical
query execution.

For small block sizes (e.g., 4KB), our measurements show a se-
vere performance collapse for both the 96-thread CPU and a single
QAT device. For the 96-thread CPU, this degradation is driven by
thread-synchronization and task-scheduling overheads overshad-
owing compute time. For QAT, the overhead of IOMMU page-table

Figure 2: Deflate (dynamic): varying data block size

mapping and background ring buffer polling neutralizes the sili-
con’s speedup for small payloads. In contrast, a single IAA achieves
a decompression speed of 23.0 GB/s on 4KB blocks with Deflate
(dynamic).

For large block sizes (e.g., 1MB), different hardware accelerators
are preferred depending on the compression algorithm. IAA delivers
∼30 GB/s decompression speed for Deflate, while QAT caps at ∼10
GB/s. Deflate (static) exhibits similar compression performance for
both IAA and QAT, while QAT achieves 2× compression throughput
for Deflate (dynamic) compared to IAA. Only QAT supports non-
Deflate compression algorithms, such as LZ4 and Zstd, and larger
blocks improve throughput-oriented QAT offload.

The performance for QAT using a 2MB block size is not included.
This is because QATzip restricts the maximum stream buffer size to
(2𝑀𝐵−5𝐾𝐵), though it can be recompiled to support a larger block
size. QAT-ZSTD-PLUGIN caps the compression history window at
64KB, and any block size larger than that will be partitioned into
independent 64KB data chunks for processing. Therefore, block
sizes larger than that are omitted from Figure 5.

Insight 1: Block size changes the preferred execution path. IAA
sustains high de-/compression throughput even at small block
sizes, while QAT needs larger blocks to amortize its API-level
costs. A full CPU socket remains highly competitive for large-
block compression, but consumes cores that could be used for
other useful work.

3.3 Accelerator saturation
Offloading compression to on-chip accelerators does not eliminate
the compression tax automatically; it shifts the bottleneck from
CPU cores to accelerator submission queues, work queues, and
device-side scheduling. Treating IAA and QAT as infinitely scalable
resources can therefore create queue contention and silent pipeline
stalls. To characterize this boundary, we fix the accelerator device
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Figure 3: Deflate (static): varying data block size

Figure 4: LZ4: varying data block size

and vary the number of concurrent submission threads, exposing
the architectural limits that determine how analytical engines can
offload de-/compression effectively. Figures 6 to 8 show the resulting
throughput as submission concurrency increases.

IAA’s hardware Work Queues (WQs) have finite depth and over-
subscribing does not offer additional de-/compression performance
improvement. For the IAA (Figure 6), peak throughput is reached
around 4–16 submitters depending on block size and direction.

QAT also has a limited number of ring buffer pairs. As shown
in Figures 7 to 8, single QAT performance peaks at 16 submission
threads. Pushing concurrency beyond this point actively degrades

Figure 5: ZSTD compression: varying data block size

Figure 6: IAA: varying the number of submission threads
with Deflate (dynamic)

de-/compression throughput as internal hardware queue contention
masks the efficiency of the accelerator.

Insight 2: On-chip accelerators are finite shared resources. A
DBMS should cap per-device submission concurrency and route
overflow work to another local device or use software de-
/compression rather than blindly increasing the number of
submitters.

3.4 Choosing the optimal accelerator /
compression algorithm

Given the performance limitations of IAA and QAT discussed above,
database engines must dynamically route de-/compression based
on specific compression algorithms and available system capacity.

Figures 9 to 11 summarize the speed-ratio tradeoff across the
compression formats evaluated in this section. Each point corre-
sponds to one block size under a specific execution configuration:
1 CPU, 96 CPU, 1 IAA, or 1 QAT. The x-axis reports the achieved
compression ratio, while the y-axis reports either compression or
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Figure 7: QAT: varying the number of submission threads
with Deflate (dynamic)

Figure 8: QAT: varying the number of submission threads
with LZ4

decompression throughput. Points further to the right provide bet-
ter space reduction, whereas points higher on the y-axis provide
higher throughput.

The plots expose the main codec tradeoffs. First, on IAA, De-
flate with dynamic Huffman coding provides the strongest space
reduction over Deflate with static Huffman coding: it improves the
compression ratio by 25-28% over Deflate with static Huffman cod-
ing. This gain comes at a cost: dynamic Deflate is 2–2.4× slower to
compress, but it loses at most 10% decompression throughput. On

QAT, however, static and dynamic Deflate exhibit very similar com-
pression and decompression throughput, while dynamic Deflate
still preserves its 25% compression-ratio advantage. This indicates
that QAT hardware offloading makes the extra entropy-coding
complexity of dynamic Deflate almost free from a throughput per-
spective.

Second, on QAT, LZ4 reaches de-/compression throughput com-
parable to Deflate on the hardware path, but with a 35-40% lower
compression ratio. This indicates that once Huffman coding is ac-
celerated efficiently in hardware, Deflate no longer pays the tradi-
tional throughput penalty that motivates using general-purpose
CPU cores for LZ4. LZ4, therefore, remains attractive for compat-
ibility and simple, fast movement, but its space-efficiency loss is
harder to justify when Deflate acceleration is available.

We omit a full Zstd speed-ratio analysis because the current
QAT-ZSTD software stack exposes hardware-accelerated compres-
sion but does not provide the corresponding decompression path.
Nevertheless, the compression results are promising: Zstd reaches
a compression ratio close to Deflate with dynamic Huffman coding
while providing 2× faster compression speed.

The choice of compression format dictates the offloading path.
IAA exclusively supports Deflate and is the optimal choice for fine-
to-medium block sizes, prioritizing extreme decompression speed.

If block sizes are small and IAA is saturated (or the format is non-
Deflate), general-purpose CPUs must be leveraged as the fallback
to avoid QAT’s degraded performance with small block sizes.

To achieve the absolute highest decompression bandwidth for
massive analytical scans, systems should avoid artificially partition-
ing tasks exclusively to a single hardware accelerator. By saturating
multiple accelerator devices and simultaneously dispatching the
remainder to the CPU pool, a system achieves hybrid co-execution
with maximum decompression throughput. Our characterization
experiment shows that combining the peak decompression per-
formance from the CPU pool (52.3 GB/s) and from four local IAA
devices (30.8 GB/s per device) yields an aggregate decompression
throughput of 166.2 GB/s.

Insight 3: Hardware offloading depends on the compression
format and block size. IAA is the strongest evaluated hardware
path for Deflate, while QAT additionally supports LZ4 and Zstd
(compression only), which require large block sizes to maintain
efficiency.

Insight 4: Peak decompression throughput requires hybrid
co-execution rather than mutually exclusive task partitioning
through concurrently saturating the local accelerators and dis-
patching the residual workload to the CPU pool.

4 DESIGN IMPLICATIONS FOR A
HARDWARE-AWARE SCHEDULER

Section 3 shows that the best execution path depends on the codec,
the operation direction, and the block size, so a system cannot
choose a path from advertised device bandwidth alone. Choosing
from bandwidth treats each accelerator as zero-cost and infinitely
scalable, and our measurements refute both assumptions: every
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Figure 9: Deflate (dynamic): De-/Comp. speed over comp.
ratio.

Figure 10: Deflate (static): De-/Comp. speed over comp. ratio.

Figure 11: LZ4: De-/Comp. speed over comp. ratio.

offload pays a submission cost that dominates latency at small
block sizes, and a single device saturates at modest concurrency.
A hardware-aware scheduler must account for both limits when it
routes a block to IAA, QAT, or the CPU.

This section quantifies the inputs such a scheduler needs. Sec-
tion 4.1 measures offloading overhead and the block size at which
it is amortized. Section 4.2 translates the per-device saturation
limit (Section 3.3) into a concurrency cap and an overflow pol-
icy. Section 4.3 bounds the aggregate throughput available when
de-/compression is spread across the CPU and all local acceler-
ators rather than pinned to one path. We frame these as design
implications for a hardware-aware scheduler and leave a complete
implementation to future work.

4.1 Cost modeling of offloading overhead
To make dynamic offloading decisions, the scheduler must be able
to estimate the latency for decompressing a data block of uncom-
pressed size 𝑆 using the CPU pool (𝑇𝐶𝑃𝑈 ) versus the hardware
accelerator (𝑇𝑎𝑐𝑐𝑒𝑙 ). Similar to established cost modeling for acceler-
ators [11], we partition the overall execution time into a constant
dispatch overhead and the hardware execution phase. We model
the end-to-end latency of an offloaded de-/compression task as:

𝑇𝑎𝑐𝑐𝑒𝑙 =𝑇𝑠𝑢𝑏𝑚𝑖𝑡 +𝑇𝐻𝑊 _𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 +𝑇𝑝𝑜𝑙𝑙
As indicated by 𝑇𝑎𝑐𝑐𝑒𝑙 , the offloading lifecycle is composed of

three phases: submission (the time spent formatting the descriptor
and issuing the ENQCMD instruction), de-/compression execution on
the hardware, and polling (the host’s wait for the hardware to write
the completion record to memory).

The active hardware execution time is dictated by the asymp-
totic peak throughput of the silicon (𝑋𝑝𝑢𝑡𝑎𝑐𝑐𝑒𝑙_𝑝𝑒𝑎𝑘 ), which can
be bottlenecked by either the internal accelerator engines or the
fabric bandwidth. The submission and polling phases represent the
overhead (𝑂) that must be paid to move offload tasks across the
system bus, including the instruction dispatch latency, the software
stack overhead, memory access overhead, and the internal silicon
setup. Therefore, we formulate the hardware execution time as:

𝑂 (𝑆) =𝑇𝑠𝑢𝑏𝑚𝑖𝑡 +𝑇𝑝𝑜𝑙𝑙

𝑇𝑎𝑐𝑐𝑒𝑙 (𝑆) =𝑂 (𝑆) + 𝑆

𝑋𝑝𝑢𝑡𝑎𝑐𝑐𝑒𝑙_𝑝𝑒𝑎𝑘
We design a microbenchmark to isolate and measure the offload-

ing overhead as block sizes vary from 4 KB to 1024 KB. We use
the __rdtsc() hardware intrinsic to count CPU cycles, then con-
vert them to microseconds given the locked CPU frequency at 2.1
GHz. IAA allows user-space applications to submit work descrip-
tors directly to a shared work queue using the ENQCMD instruction.
This enables us to split the timer. We measure 𝑇𝑠𝑢𝑏𝑚𝑖𝑡 around the
asynchronous qpl_submit_job API call (capturing parameter vali-
dation and descriptor dispatch), and𝑇𝑝𝑜𝑙𝑙 around the qpl_wait_job
call (capturing the hardware execution and completion write). QAT
submits requests through descriptor rings in host memory, incur-
ring MMIO tail updates upon publication. We configure QAT to use
asynchronous operation mode so that the host CPU can context-
switch after submitting tasks. Because the QATzip library abstracts
submission, doorbell ringing, and completion polling into back-
ground threads, we wrap the entire asynchronous API invocation
to measure the total end-to-end round-trip time (𝑇𝑠𝑢𝑏𝑚𝑖𝑡 +𝑇𝑝𝑜𝑙𝑙 ).

As listed in Table 2, IAA demonstrates a highly consistent sub-
mission latency, averaging approximately 0.65 𝜇s, independent of
payload size. This 0.65 𝜇s latency represents the irreducible soft-
ware abstraction overhead required by the Intel QPL library to
validate parameters and format the qpl_job descriptor before dis-
patch. While minimal, it must be explicitly accounted for in the
scheduling logic.

IAA establishes a minimum offloading overhead of 4.2 𝜇s for
small block sizes (4 KB), while QAT floors at 69.3 𝜇s. This overhead
stems from QAT’s MMIO tail update and its reliance on background
threads polling the completion rings, a cost paid even for zero-byte-
equivalent workloads.
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IAA QAT
Block Size 𝑇𝑠𝑢𝑏𝑚𝑖𝑡 (𝜇s) 𝑇𝑝𝑜𝑙𝑙 (𝜇s) 𝑇𝑠𝑢𝑏𝑚𝑖𝑡 +𝑇𝑝𝑜𝑙𝑙 (𝜇s)

4 KB 0.65 3.53 69.30
8 KB 0.65 6.00 71.02
16 KB 0.64 9.96 70.84
32 KB 0.64 18.33 83.04
64 KB 0.65 34.50 124.38
128 KB 0.66 67.38 91.49
256 KB 0.67 133.00 152.34
512 KB 0.66 264.30 184.60
1 MB 0.67 526.08 328.29

Table 2: IAA and QAT’s measured offloading overhead across
varying block sizes. The latency inversion observed in QAT
between 64 KB and 128 KB likely stems from QATzip chunk-
ing payloads at 64 KB (QZ_HW_BUFF_SZ).

Scaling to larger block sizes, QAT’s offloading overhead amor-
tizes across batched requests, whereas IAA scales linearly. This
creates a compression throughput crossover point and validates
our insights from Section 3.2: QAT is heavily penalized at small
granularities, while IAA sustains high throughput across block
sizes.

4.2 Bypassing the hardware traps
Past its saturation point, an accelerator is a scheduling hazard
rather than spare capacity, because additional submissions degrade
throughput instead of improving it (Section 3.3). In shared work
queue (SWQ) mode, the CPU submits jobs by asynchronous spin-
ning, so a scheduler must track per-device queue depth and, once a
device reaches its 16-thread saturation limit, divert overflow blocks
to an idle device or to the CPU rather than oversubscribing.

4.3 Peak system capacity via hybrid
co-execution

When optimizing high-throughput analytical pipelines, the ulti-
mate objective is not to choose between hardware and software,
but to maximize combined system throughput through hybrid co-
execution. By applying the routing rules derived in Section 3, a
system can saturate all available accelerators up to their physical
limits and assign the remainder to the CPU.

In our single-socket configuration, combining these peak decom-
pression speeds for Deflate dynamic yields 52.3 GB/s from the CPU
pool, 30.8 GB/s from a single IAA device, and 9.1 GB/s from a single
QAT device. Given that there are a total of 4 IAA and 4 QAT devices
per socket, an ideal hybrid co-execution with all available resources
and perfect load balancing would deliver a theoretical aggregate
decompression throughput of 212 GB/s.

5 CONCLUSION
This paper characterizes how Intel IAA, Intel QAT, and CPU soft-
ware behave for database-relevant compression granularities. The
results show that on-chip acceleration can reduce the CPU cost of
compression and decompression, but only when the DBMS chooses
the execution path with awareness of codec support, block size,
operation direction, and accelerator saturation.

IAA is the strongest evaluated hardware path for Deflate decom-
pression and remains effective on small blocks. QAT supports a
broader set of formats, including LZ4 and Zstd compression, but
requires sufficiently large blocks or batching to amortize its higher
API-level costs. A full CPU socket remains highly competitive for
several large-block compression cases, so hardware offload should
be viewed as a resource-allocation decision rather than a universal
replacement for software.

Themain scheduling implication is that analytical engines should
route compression work dynamically: use local accelerators up to
their saturation point, avoid cross-socket offload unless measured,
and fall back to CPU software when codec support, block size, or
queue state makes hardware inefficient. This hybrid view is the
path toward reducing the compression tax without overloading
either CPU cores or accelerator queues.

While our characterization isolates accelerator performance on
de-/compression, hardware offloading must ultimately be evaluated
within the context of a complete query engine. Future work will fo-
cus on integrating our proposed dynamic scheduler into an end-to-
end analytics engine. This is necessary to evaluate the interplay be-
tween on-chip general-purpose compression and database-specific
lightweight encodings [22, 34] (e.g., dictionary coding [17, 20],
run-length encoding, frame-of-reference, bit-packing [10, 44], and
learned schemes [19, 26, 37]) to determine their combined effi-
cacy in real-world storage formats. It will allow us to assess how
hardware offloading interacts with core database operators (e.g.,
scans, predicate evaluation, joins, and aggregations) and complex
system dynamics, including cache pollution, memory bandwidth
contention, NUMA effects, and concurrent query execution.
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