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Abstract
Apple Silicon’sM-Series integrates powerful GPUswith a physically
unified memory architecture, which makes it a promising platform
for the growing shift toward local-first analytical data processing on
consumer devices. However, its suitability for database workloads
remains largely unexplored.

In this paper, we present the first database-oriented study of
Apple Silicon. We identify synchronization costs incurred by using
shared memory for CPU and GPU, and propose an approach to
reduce this overhead to a one-time cost by explicitly managing
memory in the database system. Further, we analyze the Metal pro-
gramming model for database workloads. While it enables efficient
GPU execution, it imposes non-trivial synchronization constraints
and requires careful kernel structuring. Finally, we evaluate the
architecture using end-to-end analytical query prototypes that inte-
grate our findings on memory management, kernel structuring, and
synchronization. Our results demonstrate that GPU execution and
CPU–GPU co-processing on Apple Silicon can achieve speedups of
up to 5× over CPU-only execution and can be leveraged to acceler-
ate local-first data analytics.
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1 Introduction
Increasingly, data is also processed on users’ personal machines
rather than on centralized servers, especially for workloads that fit
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within consumer hardware constraints. This trend towards local-
first data processing is also reflected in the widespread adoption
of embedded analytical systems like DuckDB, which is primarily
used on consumer devices [59]. At the same time, consumer devices
have been equipped with increasingly powerful GPUs to better
support machine learning workloads. In particular, Apple devices
such as MacBooks are widely deployed [55] and integrate powerful
on-chip GPUs with unified memory architectures, which makes
them promising for database workloads.

Motivated by this shift, prior work has investigated accelerating
database workloads on consumer-grade hardware using discrete
GPUs [21, 29, 44, 68], and integrated GPUs [20, 48, 69]. The major-
ity of these studies focus on architectures with separate memory
domains. In contrast, only a small number explicitly explore unified
memory systems, such as APUs [12, 27, 28], which were historically
not computationally powerful.

However, we are not aware of research on data processing on
Apple Silicon, even though its architecture is particularly promising
for analytical database workloads, which are often memory-bound.
Its system-on-a-chip design integrates heterogeneous CPU cores,
a high-throughput GPU, specialized accelerators, and a shared,
unified memory with advertised bandwidths of several hundred
GB/s. Prior work has primarily studied Apple Silicon in the context
of LLM training [13, 19, 60], LLM workload interference [5, 7–9],
scientific- [32], and high-performance computing [30].

In this paper, we present the first systematic study of Apple
Silicon from a database systems perspective, comprising three main
contributions. First, we characterize the performance of its unified
memory architecture and identify an approach to avoid common
overheads when sharing memory across CPU and GPU. Second, we
analyze the GPU’s Programming Model (Metal) in the context of
database workloads and present several surprising insights. Finally,
we implement relational analytical query prototypes for CPU, GPU,
and CPU-GPU co-processing, and use them to perform an end-to-
end evaluation of this hardware platform.

We first motivate inmore detail whyApple Silicon is an attractive
platform for data processing workloads and provide an overview
of its architecture in section 2. Next, in section 3, we measure
achievable bandwidth and latency using micro-benchmarks and
show that, by default, there is significant overhead when allocating
shared memory. To avoid this overhead, and thus make GPU data
processing viable, we propose managing memory directly in the
database system. In section 4, we analyze Metal, the GPU program-
ming model, in detail and find that synchronization, often required
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for database workloads, is not straightforward. To tackle this, we
contribute Metal-specific spin locks. Based on the insights from
section 3 and section 4, we design analytical query prototypes for
simplified SSB queries using either the CPU, GPU, or co-processing.
Our results show that GPU execution can accelerate query execu-
tion by up to 5× over CPU execution, while co-processing can often
further speed up execution workloads. Finally, we conclude with a
discussion of related work.

2 Motivation
Apple Silicon’s M-series has become a widely deployed hardware
platform in consumer-grade laptops. Its system-on-a-chip (SoC)
integrates multiple CPU cores, an integrated GPU, accelerators,
such as a Neural Engine, and a high-bandwidth memory subsystem.
The CPU follows ARM’s big.LITTLE architecture, combining perfor-
mance and efficiency cores (cf. Figure 1). In addition, the integrated
GPU provides substantial parallel compute throughput, extending
the platform beyond traditional CPU-centric execution.

Together, these characteristics make Apple–Silicon–based sys-
tems interesting for executing non-trivial data-processing work-
loads. At the same time, the growing importance of local and local-
first data processing [59], combined with the widespread use of
MacBooks among developers and researchers, raises the question of
how Apple Silicon’s architectural characteristics can be leveraged
by database management systems (DBMSs).

All processing units are directly connected to a unified memory
subsystem, rather than operating on separate device-local memory,
and share a system-level cache [66]. This design removes the ex-
plicit separation between CPU and GPU memory spaces, allowing
all processing units to access a single physical memory pool. The
unified memory provides high theoretical memory bandwidth for a
consumer-grade platform, with advertised peak bandwidths rang-
ing from approximately 120GB/s to over 800GB/s, depending on
the chip variant. Such bandwidth levels are particularly relevant
for database workloads, as many (especially OLAP) workloads are
primarily limited by memory throughput rather than computation.
However, it is not specified to what extent these advertised band-
widths are achievable in practice and whether the effective memory
bandwidth differs between the CPU and the GPU.

Beyond high memory bandwidth, the unified memory architec-
ture, in principle, eliminates the need for explicit data transfers
between CPU and GPU memory spaces, as both processing units
operate on the same physical memory. It remains an open question
whether working on shared memory incurs overhead for synchro-
nizing access and modifications made by the CPU and GPU.

Taken together, Apple Silicon’s combination of heterogeneous
compute resources, high advertised memory bandwidth, and a
physically unified memory architecture promises benefits for data-
intensive workloads. However, it is unclear how much of the avail-
able memory bandwidth can be effectively utilized by CPU and GPU,
what overheads arise from shared memory and coherence mecha-
nisms, and how well GPU execution or CPU-GPU co-processing
via Metal’s programming model aligns with the requirements and
execution patterns of database workloads.
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Figure 1: Schematic overview of the Apple M4 Pro SoC, illus-
trating how heterogeneous compute resources are connected
to unified memory and caches.

To address these open questions, we conduct a systematic ex-
perimental evaluation of Apple Silicon on two systems: a Mac-
Book Pro equipped with an M4 Pro (10 performance, 4 efficiency
CPU cores, 20 GPU cores, 48 GB LPDDR5X-8533 Unified Memory,
macOS 26.4.1, 2799$) and a Mac Studio equipped with an M3 Ultra
(24 performance, 8 efficiency CPU cores, 80 GPU cores, 256GB
LPDDR5-6400 Unified Memory, macOS 15.5, 7899$). The M4 Pro is
a single-die SoC, while the M3 Ultra SoC consists of two M3 Max
dies connected via Apple’s UltraFusion interconnect.

3 Unified Memory
Apple Silicon employs a unified memory architecture in which all
processing units share a single coherent memory pool connected
via high-bandwidth on-chip interconnects. This design promises
high memory throughput and, in principle, eliminates the need
for explicit data transfers between CPU and GPU, as both can
operate on the same physical data. Such properties are particularly
appealing for database systems, whose workloads are primarily
limited by memory throughput rather than computation.

Thus, in this section, we measure the achievable unified-memory
bandwidth for CPU and GPU and evaluate whether shared memory
eliminates transfer costs or rather shifts them tomemory-coherence
overhead for synchronizing modifications by CPU and GPU

3.1 CPU & GPU Memory Bandwidth
Apple reports high theoretical unified memory bandwidths for
consumer-grade devices, but does not specify the attainable mem-
ory bandwidth for CPU and GPU. We therefore evaluate the achiev-
able CPU memory bandwidth and latency, and compare them to
the GPU memory bandwidth to assess the opportunities of both
processing units for database workloads.

We implement multi-threaded sequential read and write bench-
marks to measure the achievable CPU memory bandwidth, while
memory latency is evaluated through pointer chasing with random
accesses uniformly distributed across the dataset. All benchmarks
operate on a 24GB dataset, partitioned into one morsel per thread
(one thread per core) to minimize cache effects and ensure memory-
bound execution. We vary the number of threads from one up to the
total number of CPU cores. GPU memory bandwidth is measured
using a kernel that reads each tuple of a large array and modifies its
value to prevent compiler optimizations from eliminating memory
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Table 1: Benchmark results for different Apple Silicon Macs.

Memory Bandwidth M4 Pro M3 Ultra
Theoretical 273𝐺𝐵/𝑠 819.2𝐺𝐵/𝑠
GPU (Total) 248𝐺𝐵/𝑠 738𝐺𝐵/𝑠
CPU (Total) 251𝐺𝐵/𝑠 253𝐺𝐵/𝑠

CPU (Single Core) 52𝐺𝐵/𝑠 43𝐺𝐵/𝑠
CPU Latency 20𝑛𝑠 21.7𝑛𝑠

accesses. We evaluate data sizes ranging from 8–24GB on the M4
Pro and 8–196GB on the M3 Ultra. Each experiment is repeated
ten times, and we report the median of the measured values.

Our results show low CPU memory latencies of ≈20𝑛𝑠 on both
systems (cf. Table 1). On the M4 Pro, both the CPU and GPU achieve
up to 90% of the advertised memory bandwidth, suggesting that
differences in query execution performance between the CPU and
GPU are primarily influenced by compute capabilities and program-
ming model rather than memory throughput. In contrast, on the M3
Ultra, the GPU attains 90% (738GB/s), while the CPU reaches only
30% (253GB/s). Notably, despite having more than twice as many
CPU cores (32 vs. 14), the M3 Ultra’s CPU achieves a similar mem-
ory throughput to the M4 Pro. This observation indicates that the
CPU-side interconnect on the M3 Ultra limits memory throughput
and prevents the CPU from fully exploiting the available unified
memory bandwidth. Consequently, for memory-bound workloads,
the GPU is the more suitable processing unit on M3 Ultra.

3.2 Unified Memory Coherence
A central question is how unified memory affects data movement
costs between CPU and GPU. By allowing both processors to oper-
ate on the same physical memory, unified memory can eliminate
explicit data transfers altogether. However, these costs may not
disappear but instead be shifted to memory coherence mechanisms
that synchronize modifications between processors, i.e., flushing
device caches to memory to ensure that CPU modifications are
visible to the GPU, and vice versa. In this section, we analyze the
overhead of fundamental coherence mechanisms by the system that
cannot be eliminated through careful engineering, while we discuss
memory coherence management by the developer in subsection 4.3.

System-induced memory coherence overhead arises when allo-
cating CPU- and GPU-shared memory via the Metal API. Before
launching GPU kernels, the system must ensure that all memory
accessed by the GPU is coherent, i.e., that all modified (dirty) cache
lines are synchronized. We observe that this coherence pass is trig-
gered at kernel launch for every newly allocated shared memory
buffer. Therefore, the system initializes a fresh buffer (called wiring)
at a throughput of 10–60GB/s, followed by a coherence pass over
the entire buffer with 70–120GB/s on M4 Pro.

We illustrate the implications using a micro benchmark in Fig-
ure 2 (Metal Managed). At startup, we allocate 16GB of shared
memory via the Metal API to load the dataset, triggering wiring
(1160𝑚𝑠) and memory coherence (140𝑚𝑠). Then, for each micro
benchmark run, we allocate additional 8GB of working memory
via the Metal API, again incurring full wiring and coherence passes.
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Figure 2: Explicitly managing memory avoids significant
overheads compared to Metal.

As a result, wiring and coherence costs can dominate workload
execution time, particularly for memory-intensive workloads.

A key contribution of this work is the insight that wiring and
coherence overhead are not inherent costs of unified memory but
are caused by buffer allocation through the Metal API. To avoid
these repeated passes, we instead allocate a large shared memory
region (24 GB) once at startup and manage it explicitly within the
DBMS, thereby bypassing Metal API buffer allocations. Since the
underlying memory persists across executions, a full wiring and
coherence pass is triggered only once. Thereafter, only modified
regions are continuously synchronized. This approach reduces co-
herence overhead to less than 0.06𝑚𝑠 per run, as shown in Figure 2
(Explicitly Managed) and aligns with existing database systems,
which often manage memory explicitly through buffer managers
to control placement, lifetime, and reuse [17, 18, 34, 40, 42, 45].

An additional benefit of our approach is explicit memory life-
time management: Metal does not immediately release memory
but instead frees resources gradually, which can lead to excessive
memory consumption if buffers are not managed explicitly [19].

Overall, these results show that while unified memory elimi-
nates explicit data copies, coherence enforcement remains a non-
negligible cost. With appropriate memory management, this cost
can be effectively amortized, reducing coherence overhead to a
one-time cost for analytical workloads.

4 The Metal Programming Model for Data
Processing

Apple Silicon GPUs are programmed using the Metal Shading Lan-
guage. This section analyzes Metal’s programming model in the
context of database workloads and presents several surprising in-
sights into resource management and control-flow synchronization.

4.1 Scheduling Computations on the GPU
Running hardware-accelerated computations with the Metal API
requires creating a compute pass for a specific GPU device [52].
Listing 1 shows a compute pass consisting of one or more compute
encoders dispatching a specified number of GPU threads to execute
kernel functions with given parameters. These kernel functions
can be loaded from textual Metal shaders or precompiled bina-
ries ❶. The parameters include objects such as memory buffers and



DaMoN ’26, May 31–June 05, 2026, Bengaluru, India Alexander Beischl, Mykola Morozov, Michael Jungmair, Lukas Haussmann, and Thomas Neumann

Listing 1: Simplified Compute Pass Setup
1 auto *dev = MTL::CreateSystemDefaultDevice();
2 auto *lib = dev->newDefaultLibrary(); ❶

3 auto *func = lib->newFunction("my_kernel");
4 auto *s = dev->newComputePipelineState(function, nullptr);
5 auto *cq = dev->newCommandQueue();
6 auto *cb = cq->commandBufferWithUnretainedReferences(); ❷

7 auto *enc = cb->computeCommandEncoder();
8 enc->setComputePipelineState(state);
9 // Specify resources at specific kernel parameter indices
10 enc->setBuffer(data, /* offset */ 0, /* atIndex */ 0);
11 enc->dispatchThreads(gridSize, threadGroupSize); ❸

12 enc->endEncoding();
13 cb->commit(); ❹

14 cb->waitUntilCompleted();

rendering resources that need to be bound within a compute en-
coder. Metal tracks and retains object references used in hardware-
accelerated passes to ensure memory safety, unless this behavior is
manually disabled to reduce CPU overhead ❷.

Kernel execution in a command encoding is dispatched across
a grid of threads on one or more GPU cores, which are divided
into threadgroups and executed together ❸. At a low level, threads
execute in lockstep using the Single-Instruction-Multiple-Threads
(SIMT) model, which Apple refers to as SIMD groups, within a
threadgroup. Metal includes additional lockstep-based operations
for transferring and synchronizingmemory between specific threads
inside the SIMD group.

The common approach of overdispatching threads on the grid
to hide memory and instruction latency also applies to Apple Sil-
icon GPUs [61]. Non-aligned thread groups and grid sizes result
in under-utilized SIMD groups with idle threads. After specifying
the resource references and dispatching threads, the command en-
coding is finalized. Then the command buffer can be committed,
which launches the kernel asynchronously on the specified GPU
device ❹. To ensure execution completes and the memory used
in the compute pass is coherent, a CPU thread can synchronously
wait for the command buffer to complete.

To verify previously published data [19], we measured the kernel
startup time, consisting of the encode phase—the CPU scheduling
the command buffer—and the dispatch phase—the GPU preparing
the dispatch of the first portion of scheduled threads. The encode
phase took 28 − 79µs on all machines, while the dispatch phase
depends on the underlying hardware performance, taking 14-17 µs
on M4 Pro and 65-75 µs on M3 Ultra.

4.2 Memory Address Spaces and Access
Just like programming models for other GPU vendors, Metal of-
fers multiple address spaces for the memory resources used inside
kernels [6]. threadgroup memory is shared between all threads
executed within a threadgroup, while the constant (read-only)
device (read-write) address spaces are shared across the entire
GPU device. Since separate SIMD groups and threadgroups can
be scheduled on different GPU cores having their own cache, the
developer is responsible for synchronizing data access, control flow,
and memory write coherency.

While the Metal Shading Language provides threadgroup-level
memory and control-flow synchronization functions, GPU-wide
unified memory coherency requires explicit opt-in. Metal allows
specifying the scope of coherency for memory operations, i.e.,
which threads observe the result of a store after synchronization:
the writing thread, the owning threadgroup, or the whole device.
Device-level memory coherency can be forced by using the qualifier
coherent(device), which ensures that the writes to unified mem-
ory are completed by flushing the caches. We have not observed a
noticeable slowdown from using device-level memory coherency.

4.3 Synchronization
Apple Silicon provides standard synchronization primitives, includ-
ing intra-group shuffles for exchanging data within a SIMD group.
However, atomic operations are only fully supported for up to
32 bits, which makes explicit locking necessary in many scenarios,
e.g., parallelized hash table construction or merging SIMD group
aggregation results.

Locking in Metal is non-trivial. Unlike many modern GPUs,
which provide per-thread scheduling resources, e.g., program coun-
ters and call stacks [41], Apple Silicon executes SIMD groups in true
lockstep. As a consequence, conventional spin locks do not work,
as the SIMD group can only make progress once all threads have
acquired the lock. This immediately leads to deadlocks when two
threads in a SIMD group contend for the same lock, or when differ-
ent SIMD groups contend for overlapping lock sets, and each group
only acquires some of the locks. We thus introduce Metal-specific
spin locks (cf. Listing 2) with different performance trade-offs.

Serial spin locks avoid deadlocks within SIMD groups by serializ-
ing lock acquisition. Only the first active thread in a SIMD group
can request its lock, perform its work, and release the lock (lines
3-10). Afterward, it is the next active thread’s turn. Serializing lock-
ing attempts prevents deadlocks, but at the cost of underutilizing
the SIMD group, since only one thread performs useful work.

Our second approach uses non-blocking spin locks. Each thread
attempts to acquire its lock using try_acquire. If successful, it
performs its work, releases the lock, and terminates (lines 14-20).
Otherwise, it retries in the next iteration. Thus, deadlocks are pre-
vented by successful threads progressingwhile unsuccessful threads
busy-wait and retry later. However, contention for shared locks is
higher than in the serial approach, as all threads try to acquire their
locks at the same time.

Serial and non-blocking spin locks both prevent deadlocks caused
by Apple Silicon GPUs’ true lockstep execution. However, neither
technique utilizes the SIMD group optimally, either because execu-
tion is serialized or because busy-waiting increases lock contention.
Therefore, we extend both approaches with group-wise locking.

Serial spin locks with grouping group all threads within a SIMD
group that target the same lock. Groups are processed sequentially,
and the first thread of each group (leader) requests the lock on
behalf of its group. Once the lock is acquired, all group members
perform their work serially under this single lock, and eventually,
the leader releases it. This reduces the number of lock acquisitions
from one per thread to one per lock group. However, progress
within a SIMD group is still limited to one lock group at a time.
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Listing 2: Per-Thread Metal Spin Lock
1 /* Serial spin lock */
2 auto* lockPtr; // Lock the thread wants to acquire
3 while (true) {
4 if (first_in_simd_group()) {
5 spinlock_acquire(lockPtr);
6 doWork()
7 spinlock_release(lockPtr);
8 break;
9 } // else: spin until first
10 }
11

12 /* Non-blocking spin lock */
13 auto* lockPtr; // Lock the thread wants to acquire
14 while (true) {
15 if(spinlock_try_acquire(lockPtr)) {
16 doWork()
17 spinlock_release(lockPtr);
18 break;
19 }
20 }

Alternatively, non-blocking spin locks with grouping combine
non-blocking locks with the idea of grouping threads targeting
the same lock. Within each group, threads are serialized, and only
the first thread (leader) tries to acquire the lock. On success, the
leader holds the lock while all group members perform their work
in serial order. Unlike serial spin locks with grouping, the leaders
of all lock groups can attempt to acquire their locks concurrently,
allowing multiple independent lock groups to make progress within
the same SIMD group.

The different variants trade off lock contention, grouping over-
head, and SIMD group utilization differently. We therefore evaluate
them by varying the number of available locks, which controls
how frequently threads in a SIMD group contend for the same lock
(cf. Figure 3). For few locks, contention is high as many threads
target the same lock. In this setting, serial spin locks with grouping
perform best, as they coalesce threads targeting the same lock and
acquire it only once per group. The additional serialization does
not noticeably hurt performance, since the small number of locks
already limits parallel progress. As the number of locks increases,
contention decreases, and the benefit of grouping fades. For a higher
number of locks, non-blocking spin locks perform best, as they avoid
the overhead of forming lock groups while still allowing all threads
whose lock acquisition succeeds to perform work. The grouped
variants remain competitive, but their grouping overhead becomes
unnecessary once lock conflicts are rare. Overall, non-blocking spin
locks with grouping provide the most robust trade-off across the
full range of lock counts. They reduce redundant lock acquisitions
under high contention, while still allowing multiple independent
lock groups within a SIMD group to make progress concurrently.

Beyond locks, we also observe that control flow in SIMD groups
and threadgroups can be synchronized with barriers, while GPU-
wide resources and execution flow can be synchronized by sched-
uling events and fences from the CPU side. Since GPU-wide syn-
chronization can only be done between kernels on the CPU, read-
after-write operations spanning the whole unified memory across
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Figure 3: Performance of the different Metal-specific spin
locks for different numbers of locks. Fewer locks cause more
contention as more GPU threads request the same lock.

multiple threadgroups need to be split into separate kernels. This
is particularly relevant for CPU-GPU co-processing, where shared
state cannot be coordinated by GPU-side locking alone.

Atomic Operations. Atomic operations on Apple Silicon are only
guaranteed at device level, i.e., atomics are consistent within CPU
operations or within GPU operations, but not across devices. Al-
though Apple Silicon synchronizes shared memory, modifications
are not synchronized instantaneously. Thus, if the CPU and GPU
access the same data in close succession, changes may not yet be
coherent, even when using atomic operations.

We demonstrate this behavior with a stress-test microbenchmark.
The benchmark initializes an array in shared memory with zeros
and uses a shared atomic index that points to the next write position.
Both CPU and GPU fetch a position from this index and increment it
using atomic_fetch_add, before incrementing the corresponding
array bucket. While most buckets are modified by only one device,
0.3-0.5% of the buckets are incremented twice, indicating that the
index is not synchronized by atomic instructions of CPU and GPU,
but rather the unified memory. Because atomic instructions do not
work across devices, changes must be synchronized explicitly by
splitting GPU execution at synchronization points.

5 End-to-End Query Processing
Building on the insights from section 3 and section 4, we evaluate
end-to-end query processing on Apple Silicon. We first describe our
query implementations and then use them to assess Apple Silicon’s
suitability for end-to-end query processing.

5.1 Prototype Implementations
For the evaluation, we chose SSB simplified [47], which is widely
used to test GPU implementations [10, 11, 14] due to its simplic-
ity, saturating memory bandwidth, and offering heavy joins. The
simplified version narrows down column data types of SSB, while
preserving the original benchmark’s intent. We selected queries
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Figure 4: Speedup of DuckDB and our prototype’s GPU- and co-processing- versus the CPU-version for SSB simplified queries.

from four functional query groups, testing specific behavior of data-
base engines for filtering and aggregation, multi-table joins, and
complex grouping and aggregation.

Our implementation follows the code structure generated by
compiling databases, applying operator fusion for data-centric
query execution, and merging intermediate results only at materi-
alizing operators [39]. We ensure that our approach is generic with
respect to data types by using an open-addressing linear-probing
(OaLP) hash table for joins, and a partitioned chaining hash ta-
ble for group-by pre-aggregation due to the GPU 32-bit atomics
limits (cf. subsection 4.3). Our CPU prototypes use the OaLP hash
table for join and group-by, achieving higher performance than
the chaining hash table. Using the findings from subsection 3.2, we
allocate memory and load data at system startup, manage memory
ourselves, and clear intermediates and results once a query finishes.

On the GPU, we follow our insights from subsection 4.3 to over-
allocate threads for dispatch and control the query execution flow.
This involves splitting build and probe phases for joins and group-
by into multiple kernels and synchronizing constructed structures
by scheduling and triggering fences. The GPU merge step, im-
plemented as a separate kernel, gathers per-thread and/or per-
threadgroup results into the final output. On the CPU, the imple-
mentation saturates available threads, using barriers for synchro-
nization points. We test the viability of co-processing on Apple
Silicon for the selected queries. Therefore, we statically partition
the input data between the CPU and GPU and run both implemen-
tations in parallel. Both processors build the index structures, e.g,
hash tables, over the full dataset, while scans and probe-side work
are restricted to their assigned data partitions. The physical mem-
ory ranges of allocated buffers are mapped to different addresses
on CPU and GPU, hindering pointer usage for co-processing. Thus,
we use relative offsets instead of pointers in our data structures
while mimicking the Arrow data layout.

5.2 Evaluation
We test small- to large-sized workloads for consumer devices, run-
ning SSB scale factors 1, 10, and 50. We report end-to-end query

execution results for CPU, GPU, and co-processing separately on
M3 Ultra and M4 Pro. Each query is repeated ten times, and we
report the median. We also validated the performance of the CPU
baseline against DuckDB [46], which is significantly slower due
to the overhead of a full DBMS and using a vectorized execution
model. Our experiments show that the GPU can achieve a speedup
of 1.8–5.7× over the CPU on the same hardware platform, reading
the same data from shared unified memory, and applying the same
algorithms for query processing. We now analyze the results in
more detail.

Q11 consists of a single table scan with three predicates, reducing
the input by 50×, followed by an aggregation that sums the prod-
uct of two columns. On the CPU, execution is straightforward but
constrained by sequential data dependencies: the column for the
next predicate is only accessed after all preceding predicates have
qualified. Speculative execution can partly hide these dependen-
cies. The GPU outperforms the CPU by 2.4–3.8×, exploiting higher
parallelism to compensate for data dependencies and processing
adjacent tuples within SIMD groups to leverage data locality. At the
same time, the selective predicates cause thread divergence, many
SIMD groups continue with only a few active lanes, and the GPU
cannot fully saturate memory bandwidth. Thus, Q11 benefits from
the GPU’s higher parallelism, but its high selectivity limits SIMD
group utilization. While CPU execution time grows nearly linearly
with data size, we observe GPU execution time grows slightly less
than linearly. This difference stems from fixed kernel launch and
scheduling overheads, which are more pronounced for small inputs
and become increasingly amortized at larger scale factors.

For Q23 and Q34, the dominant pipeline consists of three con-
secutive hash-join probes. In Q23, the first probe reduces the input
by 1000×, the second by 5×, and the final probe preserves all re-
maining rows. Q34 has three highly selective probes, each reducing
its input by approximately 100×. Across all scale factors, the GPU
outperforms the CPU by 1.9–3.5× for Q23 and by 2.2–4.6× for Q34.
Performance is primarily determined by how efficiently each pro-
cessor executes the probe pipeline over the memory-resident input
tuples, since hash tables fit in the CPU and GPU caches across all
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evaluated scale factors. CPU execution time scales largely with data
size: on M4 Pro, execution time increases by ≈ 7.5× from SF1 to
SF10, and on M3 Ultra, by ≈ 4.3× from SF10 to SF50. The times
for the GPU scales less directly with input size, increasing by 3.8–
4.0× from SF1 to SF10 and respectively by 2.5–3.0× from SF10 to
SF50. This indicates that the GPU (20 cores on M4 Pro, 80 cores
on M3 Ultra) requires sufficiently large data sizes to schedule its
threads efficiently and fully utilize its compute capacities.

Q41 is dominated by four consecutive hash-join probes. The first
two probes each reduce the input by 5×, the third by 2.5×, while the
fourth preserves all remaining rows. Among the GPU executions,
Q41 achieves the highest speedup over the CPU. This is due to its
join selectivities: unlike Q23 and Q34, which eliminate most tuples
in the first or second probe, Q41 maintains larger intermediate
results throughout the pipeline. As a result, the probe pipeline is
more prominent than in the other queries, and the GPU can exploit
its high parallel compute throughput more optimally. This trend
is also reflected in the scaling behavior. The CPU execution times
scale as expected with the scale factors, increasing by 10.1× and
5.4×. On the M4 Pro, GPU execution scales similarly, increasing
by 9.3×, while still outperforming the CPU. On the M3 Ultra at
SF50, however, GPU execution is significantly slower than expected,
increasing by 17× instead of the expected 5×. This is caused by
the larger hash tables in Q41 for SF50, which still easily fit into
the CPU’s L2 cache (64MB), whereas they exceed the typically
significantly smaller [33] GPU’s L2 cache. As a result, GPU speedup
over the CPU drops to 1.8×, while it achieves 4.2–5.0× speedups
when hash tables fit into the GPU cache.

We run the queries with CPU-GPU co-processing to evaluate how
much we can exploit unified memory. If the GPU outperforms the
CPU by a factor of 𝑥 , in theory, co-processing can improve over
GPU-only execution by at most (𝑥 + 1)/𝑥 . In practice, however,
this upper bound is reduced by shared memory bandwidth, result-
merging overheads, and redundant work. In our implementation,
this includes building separate hash tables for CPU and GPU.

Consequently, co-processing is beneficial only when the addi-
tional CPU throughput outweighs the cost of redundant work and
result merging. For Q11, this holds across all scale factors: the query
requires no index structures and produces a scalar sum, making
result merging negligible, improving performance by up to 16%.

For Q23 and Q34, co-processing does not improve execution
time across all scale factors. At SF1, the cost of building hash tables
for both processors and merging results outweighs the benefit of
concurrent join probing on CPU and GPU. At SF10, the larger
number of probed tuples makes co-processing beneficial on the
M4 Pro, where the combined CPU-GPU throughput amortizes this
overhead. On the M3 Ultra, however, Q34 does not improve, as the
more powerful GPU already executes the query efficiently, making
the merge phase comparatively too expensive.

For Q41, co-processing already improves performance at SF1, be-
cause the probe phase dominates total execution timemore strongly
than in the other queries. However, its more expensive merge phase
prevents improvements at SF10 on the M3 Ultra, where the GPU’s
high standalone performance makes the additional CPU through-
put insufficient to offset merging costs. At SF50, hash tables exceed
the GPU’s L2 cache, reducing GPU performance. Therefore, co-
processing the probe phase can outweigh the merge overhead and

improve execution time by 44%. Overall, co-processing is most ef-
fective when the split work dominates total query execution time.
Its benefits diminish when the GPU alone already executes the dom-
inant phase efficiently, or when synchronization and result merging
consume a substantial fraction of the saved execution time.

We further observe that data distribution must be carefully bal-
anced, depending on available hardware, query complexity, SIMT
thread divergence, and the number of synchronization points. We
also noticed occasional delays in kernel dispatch, as CPU threads
can become occupied running the CPU-side query.

5.3 Discussion
Our results show that GPU execution yields substantial speedups
for OLAP workloads on Apple Silicon, and co-processing often
provides additional gains.

Potential Limitations: Despite the speedups, our prototypes do
not mitigate thread divergence [21]. The naïve data distribution
could be replaced with fine-grained load balancing [35]. Moreover,
our CPU and GPU implementations follow the same structure when
executing queries in parallel. Instead, only operators that benefit
from GPU execution could be offloaded [14], while reusing inter-
mediate results, e.g., hash tables, to avoid redundant computations.

While we focus on in-memory processing in this paper, work-
loads exceeding main memory require the CPU to handle I/O op-
erations, as the GPU cannot access the disk directly. This raises
the question of whether I/O triggers full memory-coherence passes
for loaded data (see subsection 3.2). Our experiments indicate that
throughput is dominated by disk I/O, and frequent cache flushes
effectively synchronize shared memory, avoiding coherence passes.

Translation to real systems: Using Apple Silicon’s GPU for data
processing is non-trivial, as a DBMS must account for its hardware-
specific aspects such as unified memory and cache sizes. In partic-
ular, the GPU’s L2 caches are significantly smaller than the CPU
caches, which has to be considered by the query optimizer for of-
floading decisions at larger data sizes and the choice of cache-local
data structures. Synchronization on the GPU is also challenging,
as atomic instructions are mostly supported only up to 32 bits.
Our proposed spin-lock techniques can be applied to solve this
limitation (cf. subsection 4.3), while explicit memory management
can shift expensive coherence passes for shared unified memory to
DBMS startup (cf. subsection 3.2). Nevertheless, leveraging the GPU
or CPU-GPU co-processing in practice remains challenging. Using
dynamic co-processing, instead of static data partitioning, requires
carefully structured kernels that introduce explicit synchronization
points between processors and launch new kernels for morsels,
as workloads cannot be synchronized across CPU and GPU using
atomic instructions. Finally, a compiling system would require a
fast code-generation path that avoids generating Metal text files.

6 Related Work
GPU acceleration is a well-established approach for accelerating
database systems in both academia [14] and industry [1–4, 16]. Prior
work has extensively investigated GPU acceleration of individual
database operators, including join [11, 25, 31, 38, 43, 49, 53, 58, 62, 63,
67] selection [54], sort [22, 23, 56], and group-by operations [23, 63],
as well as entire queries [26, 50]. While originally proposed for
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CUDA, many of these techniques, e.g., parallelization and memory-
access optimizations, can also be applied to Metal.

Traditionally, a key limitation of leveraging GPUs was limited
memory and comparatively slow data transfer between host and
device, which quickly became a dominant performance bottle-
neck [68]. Prior work has proposed strategies for mitigating this
by relying on fast interconnects [37], reducing transferred data vol-
umes through compression [51], and fusing multiple operators into
a single GPU kernel [20, 44, 64, 65]. Another approach to reducing
data transfer costs is CPU–GPU co-processing, where parts of a
query are executed on the CPU while others run on the GPU [48].
However, its effectiveness critically depends on careful load bal-
ancing between CPU and GPU [10, 14, 24, 27], as data movement
between the two processors often remains the primary bottleneck.
We revisit this assumption on Apple Silicon, as unified memory
removes explicit transfer overhead and exposes CPU-scale memory
capacities to the GPU (up to 512GB).

Others have looked into using single-chip CPU-GPU systems
(APUs) with a unified main memory space that enables substan-
tially tighter cooperation, like inter-operator task placement across
CPU and GPU [12], intra-operator work distribution, e.g., for hash
joins [27], and CPU-assisted prefetching, decompression, and work-
load distribution during query execution [28]. APU co-processing
has been extended further to heterogeneous execution on edge
platforms such as the Nvidia Jetson AGX Xavier [36], and beyond
classical APUs, like the Xbox Series X [15]. However, these plat-
forms typically provide less compute than modern consumer-grade
hardware and haven’t been widely adopted, unlike Apple Silicon.

Until now, Apple Silicon has received little attention in data pro-
cessing research, likely because its GPU requires programming via
Metal. Prior work on leveraging Apple Silicon primarily focuses on
large language model training [13, 19, 57, 60], and inference [5, 7–9],
often comparing performance against NVIDIA GPUs. Beyond ma-
chine learning, Apple Silicon has been compared to NVIDIA GPUs
for scientific computing, focusing on single and double-precision
performance [32]. More recent work has characterized the CPU and
GPU bandwidth and compute performance of low-end M1–M4 de-
vices, reporting up to 85% of the theoretical memory bandwidth [30],
aligning with our results.

7 Conclusion
We present the first evaluation of Apple Silicon for database work-
loads. We showed that the unified memory delivers high effective
bandwidth for CPU and GPU, and that we can avoid significant
overheads for shared areas through explicit memory management,
which DBMSs are used to. We further discuss howMetal’s program-
mingmodel differs from other GPU programmingmodels, requiring
splitting relational operators into separate kernels at synchroniza-
tion points and a Metal-specific spin-lock implementation. Still, as
our end-to-end evaluation demonstrates, Metal allows accelerating
query execution via GPU and CPU-GPU co-processing by up to 5×
over CPU-only execution. These findings suggest that leveraging
Apple Silicon for data processing is viable and promises significant
speedups when its memory and programming model are handled
carefully, and synchronization challenges are addressed.
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