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Abstract: Real-time computer-vision systems deployed on edge platforms are constrained as much by the surrounding software
pipeline and the host—accelerator interface as by raw compute. This paper presents a reproducible, hardware-aware optimization study
of the lightweight YOLOv8n object detector on an NVIDIA Tesla T4 GPU and contrasts the measured GPU behavior against an
analytical projection of a Xilinx Zynq UltraScale+ (ZU9EG) FPGA accelerator. Applying TensorRT graph optimization—vertical
Conv—BatchNorm-—activation layer fusion together with FP16 precision—raised single-stream inference throughput on the T4 from a
PyTorch FP32 baseline of 62.92 FPS to 72.72 FPS, a 1.16x (15.6%) speed-up, while mean average precision on COCO val2017 fell
only marginally (mAP@0.5 from 52.8% to 52.6%). A controlled batch-size sweep then exposes a host-side preprocessing bottleneck:
as the batch grows to 16, host CPU utilization saturates to 98%, while GPU utilization decreases to 8%, and end-to-end throughput
degrades to 2.05 effective FPS. We show analytically and empirically that this is a data-ingest (decode/resize) limitation of the host
pipeline rather than a compute limit of the accelerator. Finally, using device datasheets and published FPGA-accelerator figures, we
project that a spatial INT8 dataflow accelerator would deliver lower peak throughput (=45 FPS) but markedly better energy efficiency
and deterministic per-frame latency, characteristics desirable for latency-critical edge deployment. All numerical claims are clearly
separated into measured (GPU) and projected (FPGA) categories.

Keywords: object detection; YOLOVS; TensorRT; layer fusion; FP16/INT8 quantization; GPU; FPGA; edge inference; energy
efficiency; deterministic latency.

AnHotauusi: CuCTeMbl KOMIIBIOTEPHOTO 3PEHHs PEalbHOrO BPEMEHH, pa3BepHyThie Ha mepupepuitnbix (edge) miardopmax,
OrPaHMYEHBl KaK BBIYMCIUTEIBHOH MOIIHOCTBIO, TaK M MPOrPaMMHBIM KOHBEHEpOM M MHTEp(EHCOM «XOCT—YCKOpHTENbY. B naHHON
CTaThe MPEACTABICHO BOCIIPOU3BOAUMOE UCCIISIOBAHKE 10 AIIIaPATHON ONTUMHU3ALIMH JIETKOBECHOT0 ieTekTopa 00bekToB Y OLOV8n Ha
rpaduueckom npoueccope NVIDIA Tesla T4, a usmepernoe nosenenne GPU comocTaBieHo ¢ aHATUTHYECKOH MPOSKIHEH YCKOPUTEst
Ha 6a3e FPGA Xilinx Zynq UltraScale+ (ZU9EG). [Ipumenenne ontumu3zanuu rpada TensorRT — ciusiaue cnoeB Conv—BatchNorm—
aKTUBAIMSA BMECTE C HCIOIb30BaHUEM TOUHOCTH FP16 — yBenmuumiio mpomycKHyr COCOOHOCTH OJHONOTOKOBOIO BhIBOAa Ha T4 ¢
6azoBoro yposas PyTorch FP32 (62.92 FPS) no 72.72 FPS (yckopenue 1.16x wmu 15.6%), npu atoM cpeuss ToguHocTs (MAP@0.5) Ha
Habope nanubix COCO val2017 cHusminack He3HAYUTENBHO (¢ 52.8% 10 52.6%). KoHnTpoaupyemoe n3meHenune pasmepa naxera (batch
Size) BBIIBUIIO «y3KOE MECTO» Ha CTOPOHE XOCTA IPH IPEABAPUTEIbHOM 00paboTKe: IpH yBeIuIeHnH makera 10 16 3arpyska CPU xocra
nocruraet 98%, B To Bpems Kak 3arpy3ka GPU nagaer 1o 8%, a ckBo3Has IPOIyCKHas CIIOCOOHOCTH CHIKaeTes 10 2.05 s dexTuBHbIX
FPS. MbI aHaIMTHYECKH M SMIMPHYECKH MOKA3bIBAEM, YTO 3TO OrPAaHUYCHHUE MPOIYCKHOH CIOCOOHOCTH XOCTa (JIeKOIUpOBaHUE/
U3MEHEHHE pa3Mepa), a He IPeiesl BBbIYMCIMTEIbHBIX BO3MOXKHOCTEH yckopuTens. HakoHel, MCIONB3ysl TEXHHYECKHE I1acropTa
YCTPOHCTB 1 0omyOsMKoBaHHbIe noka3arean FPGA-yckopuresnei, Mbl IPOrHO3UPYEM, YTO MPOCTPAHCTBEHHbIH YCKOPUTENb MOTOKOB
nanHbIX INT8 obecrneunT MeHbIIIy0 MIKOBYIO IPOMYCKHYI0 CHOCOOHOCTH (=45 FPS), HO 3HaUNTENBHO JIyUIITy 0 S3Heprod(GGpeKTHBHOCTH
U JETePMUHUPOBAHHYIO 33aJ€PKKY Ha KaJp, YTO SBIACTCS BaXKHBIMU XapaKTEPUCTHKAMHU IS Pa3BEPTHIBAHUS CUCTEM, KPHTHYHBIX K
3aJepKKaM. Bce unciieHHble yTBepxKIeHH 4eTKO pasaeneHsl Ha n3MepeHHsle (GPU) u nporuosupyemsie (FPGA) kateropuu.

KuaroueBbie ciioBa: obHapyxeHne o0bekToB; YOLOVS; TensorRT; cnusinue cioes; kBantoBanue FP16/INT8; GPU; FPGA;
nepudepuiHbIi BEIBOA; SHEPro3(hHeKTUBHOCTD; A€TEPMUHUPOBAHHAS 3a/IePIKKA.

932 t.me/scupus_IST2100 https://ist-journal.uz
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INTRODUCTION

Edge computer-vision systems—uncrewed aerial vehicles, driver-assistance modules, and low-power safety
infrastructure—operate under strict end-to-end latency, power, and thermal budgets. For such systems, the relevant
figure of merit is not peak training throughput but the latency, throughput, and energy of inference once a model is
frozen and deployed. High-level training frameworks such as PyTorch provide excellent developer ergonomics, but
they abstract away the low-level execution graph and therefore leave substantial deployment-time performance on
the table [1, 2, 6, 7].

This work studies, in a reproducible manner, how far a standard lightweight detector—YOLOv8n [1, 21]—can
be optimized for deployment on a commercially common datacenter-class edge GPU, the NVIDIA Tesla T4, and
how the resulting profile compares against a spatial FPGA accelerator. Crucially, and unlike studies that conflate
measurement with simulation, we keep a strict separation between results that were measured on real hardware
and results that are analytically projected. The GPU results in this paper are measured. The FPGA results are
projections derived from the device datasheet [13] and the published FPGA-accelerator literature [9, 10, 23, 24, 25,
30]; they are labeled as such throughout, including in every figure.

The contributions of this paper are: (i) a reproducible TensorRT optimization recipe for YOLOv8n on the Tesla
T4, with a full accounting of the achieved speed-up and the accuracy cost; (ii) a controlled batch-size study that
isolates and explains a host-side data-ingest bottleneck, demonstrating with CPU/GPU utilization traces that the
limitation is in the preprocessing pipeline, not the accelerator; and (iii) a transparent, assumption-stated analytical
comparison against an FPGA spatial-dataflow accelerator on the axes of throughput, energy efficiency, and latency
determinism, intended to scope—not to assert—the design trade-off for edge deployment.

LITERATURE REVIEW

Quantization and pruning are established tools for compressing deep networks for inference [5, 16, 17, 18].
Reduced-precisionarithmetic (FP16and INT8)lowersmemory-bandwidth pressureandincreasesarithmeticdensity
on hardware that supports it; the accuracy implications of post-training quantization are now well characterized
[16,17,18]. On GPUs, graph-level optimizers such as TensorRT [2, 22] fuse adjacent operators and select precision-
specific kernels, and these techniques are standard production practice rather than novel in themselves. Our intent
here is therefore not to propose a new optimizer but to quantify, reproducibly, the deployment-time behavior of a
widely used detector and to expose a pipeline bottleneck that is frequently overlooked.

On the spatial side, a large body of work maps convolutional networks onto FPGAs using dataflow and layer-
fusion strategies [9, 10, 23, 24, 25, 26, 27, 28, 29, 30], with surveys [23, 24, 25] documenting the recurring finding
that FPGA accelerators typically trade peak throughput for superior energy efficiency and predictable latency.
Domain-specific accelerators more broadly [14, 15] reinforce this trade-off. We draw on these published figures
to ground our FPGA projection, and we are explicit that we did not synthesize or measure a physical FPGA design.

Research Methodology

3.1. Precision Reduction: FP16 Execution and INT8 Quantization

Two distinct precision reductions are used in this study and must not be conflated. The GPU engine uses IEEE
half-precision (FP16): each FP32 value is represented directly in a 16-bit floating-point format, halving storage and
bandwidth without an affine scale/zero-point mapping. The conversion is a representational cast.

X FP16 = fp16_round(x), x € R(1)

which, on Turing-class Tensor Cores, yields up to a 2x increase in arithmetic throughput relative to FP32.
Integer quantization (INT8), used only in the FPGA projection, is a different operation: it maps a real value to an
8-bit integer through an affine transform,

x.q=round(x/S)+Z(2)

where S is the per-tensor or per-channel scale and Z is the integer zero-point determined by calibration [16, 17].
Equation (1) describes the GPU path; Equation (2) describes the projected FPGA path. Reporting them separately
removes the common error of presenting an affine integer mapping as if it were FP16 conversion.

3.2. Latency and Throughput Model

End-to-end per-frame latency is decomposed into three intervals,

T_total = T_pre + T_infer + T_post(3)

where T_pre is host-side decode and resize, T_infer is accelerator execution, and T_post is detection decoding,
including non-maximum suppression and formatting. For a pipeline of batch size B that is not overlapped, meaning
host preprocessing and device inference run serially, the effective throughput in frames per second is

FPS_eff=B /( B-T_pre + T_infer(B) + B-T_post )(4)

In the idealized compute-bound limit T_pre, T_post — 0 this reduces to FPS = B / T_infer(B); in the host-bound

limit T_pre > T_infer it reduces to FPS = 1 / T_pre, i.e. throughput becomes independent of the accelerator. Equation

https://ist-journal.uz t.me/scupus_IST2100
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(4) is consistent with all measured data reported in Section 4 and, in particular, reproduces the batch-16 collapse;
we note that the naive form FPS =B / T_total is only valid under full host-device overlap, which the baseline pipeline
does not implement.

3.3. GPU Graph Optimization (TensorRT)

The deployment graph is optimized with TensorRT [2, 22]. The dominant transformation is vertical fusion of
each Convolution (C), Batch Normalization (BN), and Activation (A) triple into a single CUDA kernel,

K(x) = A(BN(C(x)))(5)

Fusing these operators eliminates intermediate global-memory round-trips and reduces kernel-launch
overhead, which is the primary source of the measured single-stream speed-up. FP16 precision (Equation (1)) is
enabled during engine building, and the YOLOv8n graph is exported through ONNX (opset 17) before being parsed
by the builder.

3.4. FPGA Spatial Mapping (Analytical Projection)

To contrast the temporal execution style of the GPU with a spatial dataflow style, the YOLOv8n graph is mapped,
on paper, onto a Xilinx Zynq UltraScale+ (ZU9EG) MPSoC using a dataflow-accelerator model in the style of [10,
23, 24, 25, 30]. In this model, activation tensors are streamed between adjacent layer clusters through on-chip
BRAM/URAM rather than spilling to external memory, and arithmetic is performed in INT8. We emphasize that
this is an analytical projection: no bitstream was synthesized and no board was measured. The projected per-
frame latency (22.22 ms) and the projected energy figures used in Section 4 are derived from datasheet resource/
clock envelopes [13] and from throughput-per-watt ranges reported in the surveyed FPGA-accelerator literature
[9, 23, 24]. They are presented to scope the design trade-off, not as empirical measurements, and every figure that
contains a projected quantity states this explicitly.

1. SOFTWARE DEVELOPMENT 2. OPTIMIZATION ENGINE (TensorRT) 3. TARGET DEPLOYMENT

{ R g ) 4 ~

YOLOv8n Input Graph Parsing NVIDIA Tesla T4 (GPU)
640 x 640 x 3 px Dead-layer elimination Temporal acceleration
L COCO val2017 ) L Constant folding ) Fused FP16 execution
‘ ‘ Measured: 72.72 FPS
r = - ~ L Latency 13.75 ms (jitter)
Baseline PyTorch Model Vertical Layer Fusion
Conv layers + C2f blocks Conv + BN + SiLU
3.2 M parameters (FP32) -> single CUDA kernel f )
o o Xilinx Zynq (FPGA)
‘ * Spatial acceleration (projected)

f ) 1/' Pipelined INT8 DPU
ONNX Export Precision Calibration AR S
Intermediate graph FP16 (T4 engine) . )

L opset 17 ) INT8 (FPGA projection)

Solid path = measured on real hardware (Stages 1-2 and GPU target). FPGA target = analytical projection from datasheet / published accelerators.

Figure 1. Hardware-aware co-design pipeline. Stages 1-2 (PyTorch - ONNX — TensorRT) and the GPU target were
executed and measured on real hardware. The FPGA target is an analytical projection derived from the device
datasheet and published accelerator figures, and is labeled as such wherever it appears.

ANALYSIS AND RESULTS

All GPU measurements were collected in the environment specified in Table 1. To avoid the common challenges
of inference benchmarking, each reported GPU latency/throughput value is the mean of 1,000 timed iterations after
100 warm-up iterations, with device synchronization around each timed region; reported uncertainties are one
standard deviation over the timed iterations. Accuracy is evaluated on the COCO val2017 split (5,000 images) using
the standard mAP protocol.

Table 1. System hardware and software specification (reproducibility).

Host CPU Intel Xeon Scalable (vCPU)
Target GPU NVIDIA Tesla T4, 16 GB GDDR6 (Turing)
t.me/scupus_IST2100 https://ist-journal.uz

234




6/2026 SOCIAL, ECONOMIC, SCIENTIFIC, AND TECHNICAL ACADEMIC JOURNAL

FPGA projection target Xilinx Zynq UltraScale+ MPSoC ZU9EG (analytical)
Operating System Ubuntu 22.04.3 LTS (64-bit)

CUDA Toolkit / cuDNN 12.2/8.9.2

TensorRT SDK 10.0.1.6

Deep-learning framework PyTorch 2.3.0 + cu121

Detector / weights Ultralytics YOLOv8n (r2024.05)

Evaluation dataset COCO val2017 (5,000 images)

4.1. Single-Stream Throughput and Accuracy

Table 2 reports single-stream (batch = 1) latency and throughput. TensorRT FP16 fusion reduces mean latency
from 15.89 ms to 13.75 ms, raising throughput from 62.92 FPS to 72.72 FPS—a 1.16x (15.6%) improvement. As
shown in Table 3, this is achieved at negligible accuracy cost: mAP@0.5 falls by 0.2 points and mAP@0.5:0.95 by
0.2 points. The projected INT8 FPGA configuration trades a further small accuracy reduction for its deterministic-
latency profile. Figure 2 visualizes the single-stream throughput; the FPGA bar is a projection.

Table 2. Single-stream inference performance (batch = 1). GPU rows are measured (mean * 1o over 1,000
iterations); the FPGA row is a projection.

PyTorch (baseline, measured) FP32 1 15.89 + 0.31 62.92
TensorRT (proposed, measured) = FP16 1 13.75+£ 0.45 72.72
FPGA (projected) INT8 1 22.22 (proj.) 45.00 (proj.)

Table 3. Accuracy versus throughput on COCO val2017. GPU rows measured; FPGA row projected.

PyTorch baseline (measured) FP32 52.8 37.3 62.92
TensorRT fused (measured) FP16 52.6 37.1 72.72
FPGA streamed (projected) INT8 51.2 (proj.) 35.8 (proj.) 45.00 (proj.)

Single-Stream Inference Throughput (Batch = 1)
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Figure 2. Single-stream inference throughput (batch = 1). The PyTorch and TensorRT bars are measured on the
Tesla T4; the FPGA bar is an analytical projection (Section 3.4).

4.2. Memory and Model-Size Footprint

Reduced precision compresses both the stored engine and the runtime working set. Table 4 lists the parameter
count, on-disk model size, and peak runtime memory for each target. The FP16 TensorRT engine roughly halves
model size relative to the FP32 baseline and substantially lowers peak VRAM residency; the projected INT8 FPGA
mapping reduces the stored model further and fits intermediate tensors in on-chip BRAM/URAM.

https://ist-journal.uz t.me/scupus_IST2100

235




SOCIAL, ECONOMIC, SCIENTIFIC, AND TECHNICAL ACADEMIC JOURNAL 6/2026

Table 4. Model parameter sizes and operational memory footprints. GPU rows measured; FPGA row projected.

PyTorch baseline (meas.) FP32 3.2M 6.20 1420 (VRAM)
TensorRT engine (meas.) FP16 3.2M 3.15 480 (VRAM)
FPGA streamed (proj.) INT8 3.2M 1.58 (proj.) 2?0}?RAM/URAM'

4.3. Batch Scaling and the Host-Side Ingest Bottleneck

To probe throughput under multi-frame workloads, we swept the batch size from 1 to 16 with the baseline
(non-overlapped) host pipeline. Table 5 reports host CPU load, GPU load, and effective throughput. The trend
is unambiguous and is the central empirical finding of this study: as batch size grows, host CPU utilization rises
monotonically to 98%, while GPU utilization falls to 8%, and effective throughput decreases to 2.05 FPS. The
accelerator becomes increasingly underutilized while the host struggles to decode and resize frames.

Table 5. Resource utilization and effective throughput across batch sizes (measured, baseline non-overlapped
pipeline).

TensorRT engine 1 22.0 82.0 72.72
TensorRT engine 2 38.0 75.0 54.10
TensorRT engine 4 59.0 51.0 28.35
TensorRT engine 8 84.0 28.0 11.20
TensorRT engine 16 98.0 8.0 2.05

The mechanism follows directly from Equation (4). Host preprocessing cost is approximately linear in the
number of frames,

T_overhead(N) = 2_{i=1..N} [ decode(img_i) + resize(img_i) | ~ N-t_pre(6)

So, once N-t_pre dominates T_infer, the system enters the host-bound regime of Equation (4), and throughput
approaches 1/t_pre regardless of how fast the accelerator is. The utilization trace in Figure 4 confirms this: the
inverse relationship between rising CPU load and falling GPU load is the signature of a host-bound, not compute-
bound, pipeline. The practical implication is that model-level optimization alone is insufficient for high-throughput
multi-stream deployment; the ingest path must be addressed, for example, by overlapping preprocessing with
inference across CUDA streams or by offloading decode to dedicated silicon such as NVIDIA NVDEC. We note that
this also bounds the validity of the single-number “2.05 FPS”: it characterizes the baseline non-overlapped pipeline
and should not be read as a hardware compute limit.

CPU Saturation and Consequent GPU Starvation
72.72
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Figure 3. Measured host CPU load, target GPU load, and effective throughput across batch configurations. Rising
CPU utilization with simultaneously falling GPU utilization is the characteristic signature of a host-bound data-
ingest pipeline.
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4.4. Projected Energy Efficiency

Energy efficiency (FPS/Watt) requires a power figure. Power was not directly measured in this study; we
therefore present efficiency strictly as a projection under stated power assumptions, and we caution against treating
it as a measurement. For the Tesla T4, we use the board TDP of 70 W from the device specification as a conservative
upper-bound envelope; for the ZU9EG FPGA, we use a 25 W active-power figure representative of the class of
dataflow accelerators surveyed in [23, 24]. Under these assumptions (Figure 3), the projected FPGA configuration
achieves roughly 1.8 FPS/W against approximately 1.0 FPS/W for the TensorRT GPU engine. This indicates the
direction and rough magnitude of the energy trade-off—the spatial accelerator favors energy efficiency over peak
throughput—Dbut the absolute numbers are contingent on the assumed power envelopes and should be confirmed
with metered measurements (see Limitations).

— Projected Energy Efficiency (FPS/Watt)

Projection only. Power envelopes are assumed (T4 board TDP 70 W;
2.00 - ZU9EG active-power class 25 W) — not metered. See Section 4.4. 1.80

@25 W

1.75 A

1.50 +

1.25 A

1.00 +

0.75 A

0.50 ~

Projected Efficiency (FPS / Watt)

0.25 ~

0.00 -
PyTorch TensorRT FPGA
(T4, FP32) (T4, FP16) (Zynq, INT8)

Figure 4. Projected energy efficiency (FPS/Watt) under stated power assumptions (T4 board TDP 70 W; ZU9EG
active-power class 25 W). This figure is a projection, not a metered measurement.

4.5. Latency Determinism

Beyond mean throughput, latency-critical control loops require predictable per-frame timing. Figure 5 traces
measured per-frame GPU latency over 50 consecutive frames against the projected FPGA latency. The measured
Tesla T4 trace exhibits modest run-to-run jitter (13.83 + 0.45 ms, 10) arising from kernel dispatch and operating-
system scheduling effects. The projected FPGA trace is, by construction of the dataflow model, a constant 22.22 ms
with zero variance; this reflects the deterministic nature of a fully pipelined spatial design rather than a measured
zero-jitter result. The salient point for system designers is the qualitative inversion: the GPU offers a lower mean
latency but with variance, whereas a spatial accelerator offers a higher but bounded, repeatable latency—often the
more important property for worst-case execution-time guarantees in industrial or aerospace nodes.

P%E-Frame Latency: GPU )itter vs Projected FPGA Determinism

—e— NVIDIA Tesla T4 (FP16) — measured, OS/kernel jitter
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Figure 5. Per-frame latency over 50 consecutive frames: measured Tesla T4 (FP16) versus projected FPGA (INT8).
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The FPGA trace is deterministic by construction of the analytical model, not a measured value.

Three results carry the practical message of this study. First, standard GPU graph optimization (FP16 + vertical
fusion) delivers a reliable but modest 1.16x single-stream speed-up at negligible accuracy cost; this is valuable
engineering verification on a current toolchain but is not, by itself, a novel algorithmic contribution. Second,
and more importantly, the batch-scaling experiment isolates a host-side ingest bottleneck whose signature—
CPU saturation with simultaneous GPU starvation— may frequently be incorrectly attributed to the accelerator.
Correctly diagnosing this as a pipeline problem redirects optimization effort toward /0 overlap and hardware
decode, which is where the real multi-stream throughput is recovered. Third, the analytical FPGA comparison,
presented transparently as a projection, scopes the trade-off space: spatial accelerators are expected to sacrifice
peak throughput for energy efficiency and deterministic latency.

We deliberately avoid overstating the cross-architecture comparison. Because the FPGA figures are projected
rather than measured, they support directional claims about the trade-off but not precise quantitative rankings.
We regard the physical synthesis and metered evaluation of the FPGA design as the natural next step rather than as
something already accomplished here.

4.6. Limitations

This study has clear limitations, stated plainly. (i) The FPGA results are analytical projections from datasheets
and published accelerator figures; the bitstream was not synthesized, and board-level measurements were not
performed, so the FPGA throughput, latency, energy, and memory figures should be treated as scoping estimates.
(ii) Energy-efficiency numbers depend on assumed power envelopes (70 W for the T4 board, 25 W for the FPGA
class) rather than metered power; absolute FPS/W values may shift under direct measurement. (iii) The accuracy
figures are reported for YOLOv8n on COCO val2017 with the standard mAP protocol; task-specific datasets may
yield different precision/throughput trade-offs. (iv) The batch-bottleneck result characterizes a baseline non-
overlapped host pipeline; an overlapped or NVDEC-accelerated pipeline would shift the host-bound knee and is left
for future work.

CONCLUSION AND SUGGESTIONS

We presented a reproducible, hardware-aware optimization of YOLOv8n on an NVIDIA Tesla T4 and a
transparent analytical comparison against a projected Xilinx Zynq UltraScale+ FPGA accelerator. TensorRT FP16
layer fusion improved measured single-stream throughput by 1.16x (62.92 — 72.72 FPS) at negligible accuracy
cost. A controlled batch sweep isolated a host-side data-ingest bottleneck—evidenced by CPU saturation and
concurrent GPU starvation—that degrades effective throughput to 2.05 FPS and requires optimization beyond
the model level. Under stated power assumptions, the projected FPGA configuration favors energy efficiency and
deterministic latency over peak throughput.

Future work will (i) synthesize and measure the FPGA design on a physical ZU9EG board to replace the
projections with metered throughput, latency, energy, and place-and-route resource figures; (ii) implement an
overlapped, NVDEC-accelerated ingest pipeline to eliminate the host bottleneck and re-measure multi-stream
throughput; and (iii) extend the precision study to calibrated INT8 on the GPU to complete the precision/accuracy/
energy comparison on common hardware.
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