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RADIOBLOCKS

• Horizon Europe funded project to develop technological components 
for the entire data chain


• Running from March ’23 —February ’27


• Work packages:


• WP2 novel detectors and components


• WP3 digital receivers


• WP4 data transport and correlation


• WP5 data processing toolkit for advanced radio astronomy


• Increase TRL of several new technologies



RADIOBLOCKS WP4 Goals
data transport and correlation

• Develop common “Radio Blocks”


• Code re-use between applications


• Reduce code maintenance burden


• Improve energy efficiency! 

• Develop methods for 400Gb/s FPGA 
-> GPU communication


• Integrate radio blocks & I/O methods in 
correlator / beam-former applications

New science in Radio Astronomy: applying cu�ng-edge technology to enhance the en�re data chain, from receiver to �nal output
Grant number: 101093934
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Radio Blocks

• Open Source GPU (mostly) processing libraries:


• Blocks hide complexity; users can focus on the application


• Somewhat coherent APIs (facilitated by cudawrappers 
https://github.com/nlesc-recruit/cudawrappers)


• Easily integrated in Cmake-based builds


• Some of these libraries are used outside of radio astronomy!

GPU filter https://git.astron.nl/RD/gpu-filter
VLBI delay tracking + WOLA 
filter

https://code.jive.eu/keimpema/sfxgpu
Coherent de-dispersion filter https://code.jive.eu/keimpema/sfxgpu
Tensor Core correlator https://git.astron.nl/RD/tensor-core-correlator 
Tensor Core beam former https://git.astron.nl/RD/recruit/ccglib 
MPC Tensor Core correlator https://code.jive.eu/kettenis/mpc-tensor-core-correlator

GPU filter TCC

GPU filter TCB

VLBI delay WOLA TCC

VLBI delay WOLA MPCTCC

Dedisp

https://github.com/nlesc-recruit/cudawrappers
https://git.astron.nl/RD/gpu-filter
https://code.jive.eu/keimpema/sfxgpu
https://code.jive.eu/keimpema/sfxgpu
https://git.astron.nl/RD/tensor-core-correlator
https://git.astron.nl/RD/recruit/ccglib
https://code.jive.eu/kettenis/mpc-tensor-core-correlator


RADIOBLOCKS cluster

• Development cluster with many different accelerators:


• Grace-Hopper (GH200), DGX Spark (GB10), AGX Orin/Thor, RTX 6000 Blackwell, RTX 4000 
Blackwell, W7700 (and hopefully R9700)


• 800 Gbit/s Ethernet


Investigate impact of:


• Unified vs. non-unified memory


• Edge vs. Server


• HBM vs. GDDR memory


• arm64 vs. amd64

Datasheet

NVIDIA DGX Spark
A personal AI computer, designed to build  
and run AI.

Desktop AI Compute Demands 
The rise of agentic AI—autonomous agents like OpenClaw that can plan, reason, 
and execute multiple steps to complete complex tasks—represents a significant 
technical shift from passive generative AI models. While traditional AI simply 
answers questions, these agents act as “digital employees,” capable of navigating 
file systems, managing calendars, and interacting with local software. State-of-
the-art mixture-of-experts (MoE) models are the engines driving this evolution, 
generating tokens significantly faster and enabling agents to “think” through a 
sequence of actions in near-real time.

Building and deploying autonomous agents—which may coordinate multiple 
specialized models for reasoning, speech, vision, and tool use—makes local 
development and deployment challenging, increasing the demand for high-
performance AI compute resources and memory to handle this new generation  
of autonomous AI.

200B Parameter Models on Your Desk
NVIDIA DGX Spark™ is part of a new class of supercomputers designed from 
the ground up to build and run AI. Powered by the NVIDIA GB10 Grace Blackwell 
Superchip and based on the NVIDIA Grace Blackwell architecture, NVIDIA DGX Spark 
delivers up to 1 petaFLOP1 of AI performance to power large AI workloads. The GB10 
Superchip uses NVIDIA NVLink™-C2C technology to deliver a CPU+GPU coherent 
memory model with 5x the bandwidth of PCIe Gen 5 and combined with 128 GB of 
unified system memory, developers can experiment, fine-tune, or build agents using 
the latest generation of reasoning and MoE AI models of up to 200B parameters.2 

Plus, NVIDIA ConnectX networking can connect up to four DGX Spark systems to 
work with models up to 700B parameters.2,3 

NVIDIA DGX Spark is powered by NVIDIA DGX™ OS with Ubuntu Linux and comes 
preconfigured with the latest NVIDIA AI software stack. With NVIDIA Developer 
Program access to NVIDIA NIM™ and NVIDIA Blueprints, developers can hit the 
ground running using common tools such as PyTorch, Jupyter, and Ollama to 
prototype, fine-tune, and run inference locally. Work can then be easily moved 
to DGX Cloud or any accelerated data center or cloud infrastructure. Large local 
memory, strong compute performance, and power-efficient design make DGX 
Spark ideal for desktop autonomous agent development and deployment. NVIDIA 
OpenShell™ provides an open source runtime to build always-on autonomous, self-
evolving agents more safely on DGX Spark.

Key Features

 > Built on NVIDIA GB10 Grace 
Blackwell Superchip

 > NVIDIA Blackwell GPU with 
fifth-generation Tensor Core 
technology

 > NVIDIA Grace CPU with 20-
core high-performance Arm 
architecture

 > Up to 1 petaFLOP1 of AI 
performance using FP4

 > 128 GB of coherent, unified 
system memory

 > Support for up to 200 billion 
parameter2 models

 > NVIDIA ConnectX™ networking  
to link up to four systems to 
work with models up to 700 
billion parameters3

 > 4 TB of NVMe storage

 > Compact desktop form factor



Technology developments
Lower-precision data types

• Traditional data types:


• Integer data types: INT8, INT32, INT64


• Floating-point data types: FP32, FP64


• New data types:


• Integer data types: INT4


• Floating-point data types: FP16, BF16, FP8 (E4M3 or E5M2), FP4


•  Benefits:


• Lower memory bandwidth


• Lower memory usage


• Higher performance (limited)

Good enough to represent noisy signals?

VLBI typically uses 2-bit samples!

But think carefully about scaling!



Technology developments
Tensor Cores (and equivalent technology)

• Dedicated cores for Matrix Multiply Accumulate 
operations


• Use lower-precision types as input


• Accumulate in higher range/precision types


• Extremely power efficient


• Used in Tensor Core correlator and Tensor Core 
beam former radio blocks
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(b) Energy e!ciency

Figure 5: Performance and energy e!ciency of the Tensor-Core Correlator on the Grace Hopper
GH200.

Awell-known technique to increase the energy e!ciency is to reduce theGPU clock speed [7].
This reduces performance, but typically reduces the energy use by a larger amount, down to a
point that the maximum energy e!ciency is reached. Figure 6 shows the results from reduc-
ing the GPU clock frequency of the Grace Hopper. The results are shown for 576 receivers and
8-bit input, but the method works similarly for other parameters. Figure 6a shows that the per-
formance decreases proportionally when reducing the clock frequency in small steps. This is
expected for a compute-bound operation: halving the clock speed halves the amount of oper-
ations performed. Figure 6b shows that the power use does not scale proportionally: at the
highest frequencies, the power use decreases rapidly, but the power reduction decays at low
clock speeds. Figure 6c shows the energy e!ciency: the quotient of the performance and the
power use. The highest energy e!ciency is achieved around 1.16GHz. At this speed, the corre-
lator is 56% more energy e!cient than at its default (1.98GHz) speed. Clock frequency tuning
thus provides the user with the opportunity to trade performance for energy e!ciency.

On the Hopper GPU, the performance and energy e!ciency could even be increased further
if we would have used a new programming interface for tensor cores (known asWarp Group Ma-
trix Multiply Accumulate), rather than the “old” interface (Warp Matrix Multiply Accumulate). We
estimate that the performance would increase by several tens of percents, but only for larger
amounts of receivers. Unfortunately, this would require a full reimplementation of all GPU code,
an e"ort that can take easily several months, as the new API is even more complex to the old
one (it is not only the tensor-core API that has changed, the new API is coupled with new asyn-
chronous memory operations and new synchronization methods). We consider if the expected
performance gains would be worth the implementation e"ort. A major drawback of the new
API is that it only works on NVIDIA Hopper, and not on other GPU types that we also want to
support (Ampere, Ada, and AMD GPUs), so we would need to maintain two implementations for
the foreseeable future then.

We also consider other improvements, such as the support for single-polarized input and the
option to specify subsets of the output polarizations XX,XY,YX,YY for use processing pipelines
that do not always need all four output polarizations (like AARTFAAC).

This project has received funding from the European Union’s Horizon Europe research and innovation programme under
grant agreement No 101093934
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Figure 8: Performance and energy e!ciency of the Tensor-Core Beam Former on the Grace
Hopper GH200.

• Make the AltCorrelator class a sub-class of the Correlator class to make it easier to dynam-
ically switch between the tow implementations in an application.

• Updates to the build infrastructure to make it easier to include the radio block in an appli-
cation.

With these changes we consider these GPU kernels mature enough to be used in a production
VLBI correlator.

2.6 Coherent dedispersion
We planned a GPU radio block for coherent dedispersion, but work on this has not started yet.
This is planned for the third year of the project.

2.7 Data Plane Development Kit
Unlike the radio blocks above, the Data Plane Development Kit (DPDK) is neither a GPU library,
nor a block that we developed ourselves. It is a toolkit that our correlator applications can in-
corporate to receive network packets from the digitizers at high speed and with low overhead.
As this method is described extensively in Deliverable D4.3, we only summarize it as follows: it
is extremely fast (we demonstrated 1.2 Tb/s on the Grace Hopper), but there is a nonzero CPU
overhead and GPU overhead, and it will not be easy to integrate the toolkit with existing cor-
relator applications like COBALT and AARTFAAC. Before we continue with DPDK, we "rst want
to study a new, alternative method (DOCA Data Path Accelerator). After that, we will decide on
which high-speed data receipt technique to use in the applications.

This project has received funding from the European Union’s Horizon Europe research and innovation programme under
grant agreement No 101093934

Tensor Core correlator

Tensor Core beamformer



Technology developments
cuFFTdx

• cuFFT implements GPU kernel for each transform


• Requires input and output in GPU memory


• cuFFTdx works inside a GPU kernel


• Can be combined with other operations in a single kernel


• Device specific limits on number of points and parameters 
(typically 32k for power-of-two, 64k on high-end GPUs) 


• Used by almost all other radio blocks!



Power Measurement

• Power Measurement Toolkit (PMT):


• Uniform interface for power-related performance counters (CPU, GPU, SoC)


• Not always high-enough resolution for optimizing applications


• PowerSensor 3.0:


• Hardware developed by ASTRON


• Directly monitors PCIe power supply


• Supported in the PMT

used a current clamp to determine GPU power consumption
and mentioned a sampling rate of 10 kHz.

PowerMon2 [45] is a custom-built power monitoring device
for voltage and current measurements with a 1 kHz sampling
frequency and a relatively low, -6.6% / +6.8%, current mea-
surement accuracy. It also uses a difficult to obtain custom
implementation and cannot handle 150 W PCIe power cables.
Another tool, PowerInsight [46], measures both voltages and
currents, but has a sample rate of less than 1 kHz. Conse-
quently, it cannot capture the detail required to conduct precise
PCIe power measurements. The exact sample rate is not given
in the paper. Finally, NVIDIA has also produced the power
measurement device Power Capture Analysis Tool (PCAT),
which is not for sale nor is its design documented. The PCAT
documentation suggests a sampling rate of 10 Hz1.

In addition to research-oriented PCIe power sensors, several
commercial options are available. Most prominent are PMD
($ 60) and Powenetics V2 (C 975). The Powenetics V2 is
expensive and has a sampling rate of up to 1 kHz according to
their website. PMD was recently used by Yang et al. [38] to
perform a large study of the accuracy of power measurements
reported by NVML on over 70 different GPUs. They mention
that while PMD has an internal sampling frequency of 34 kHz,
PMD’s (Windows-only) host library limits updates to a sam-
pling frequency of 10 Hz. Yang et al. [38] developed their
own data logger to achieve a sampling frequency of 5 kHz.
To the best of our knowledge, their data logger is not openly
available.

III. DESIGN AND IMPLEMENTATION

To measure power for modern PCIe accelerators, it is
essential to monitor both PCIe slot power (3.3 V and 12 V,
up to 75 W) and up to two external power connections (up
to 600 W) for PCIe gen 5 and 6. Accurate measurement
requires monitoring voltage and current for each power supply
with isolation to prevent coupling between the device and the
sensors. Modern accelerators, like GPUs, need fast sensors due
to their high processing speeds and low kernel execution times.
In order to reduce power loss over cables, the sensor must
be close to the accelerator, installed within the server. This
imposes size and safety constraints, requiring stable connectors
and ensuring no contact with other components in a noisy
environment. The PowerSensor3 is designed to meet the needs
of PCIe gen 4, 5, and 6 accelerators. Its flexible design makes
it suitable for high-power PCIe devices (e.g., GPUs) as well
as lower-power or standalone devices such as SoC boards.

A. Hardware Design

The core of the PowerSensor3 system is a baseboard that
accommodates the “Black Pill” STM32F411 microcontroller
module and up to four sensor modules. The STM32F411 [47]
was selected due to its ability to sample up to sixteen analog
inputs, enabling the support of four sensor modules, its USB
data transfer capabilities, and the availability of software

1https://developer.nvidia.com/nvidia-power-capture-analysis-tool

development tools. To cater to different power ranges and
connectivity, several different sensor modules are developed.
The designs are open-source and can be modified to meet
a specific power range, accuracy or connector type. This
modular approach allows users to select the most appropri-
ate power monitoring sensors for their specific applications.
Additionally, a small display is integrated into the baseboard
to show instantaneous power consumption.

Fig. 1 illustrates an example of the PowerSensor3 in oper-
ation. In this example, the PowerSensor3 is equipped with a
PCIe sensor module that measures the power supplied to the
PCIe card via the external power input as well as two sensor
modules to measure the 3.3 V and 12 V PCIe slot power. By
utilizing a modified riser card, where the power connections
for both 3.3 V and 12 V are interrupted and routed through
two sensor modules, it is possible to measure the power
consumption of both the slot and the external connection
without affecting the PCIe signal integrity.

GPU

PCIe Riser Card

Black Pill

10A

PSU

PS3
USB-C to

Monitor System12V

12V

3.3V

12V

3.3V / 12V

20A

10A

Power to sensor
Power to DUT

Fig. 1: Schematic of a PowerSensor3 measurement setup.

Each sensor module measures both voltage and current. To
mitigate the effect of ground loops on the measurements, the
circuit connected to the Device Under Test (DUT) is isolated
from the measurement logic connected to the microcontroller.
This isolation is achieved using a differential Hall sensor, the
Melexis MLX91221 [48], for current measurement, and an
optically isolated voltage sensor, Broadcom ACPL-C87B [49],
for voltage measurement. The Hall sensor family supports a
variety of pin compatible devices with different current ranges.

The resistance loss in both the power and return paths of
the power sensor, which can cause measurement inaccuracies
and affect the power delivered to the DUT, is a critical design
parameter. To minimize resistance, the sensor is designed to
be compact. To reduce the impact of voltage loss within the
sensor and the connecting wire to the DUT, a remote sense
connector is integrated into the sensor module. This allows for
the measurement of voltage directly at the DUT rather than at
the input port.

PowerSensor3 currently comes with five different designs
for sensor modules:

• 20 A PCIe 8-pin: With a connector for easy integration
with the external power connector on PCIe cards.

• 10 A: Designed to measure power between the PCIe slot
and the PCIe card.
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(a) PowerSensor3 attached to an AMD W7700 GPU.

(b) Modified PCIe gen 4 riser card (Lenovo SR665), providing
measurement points for 3.3 V and 12 V.

Fig. 6: A node in the DAS6 [50] cluster computer equipped with a
PowerSensor3 to measure GPU power consumption.

PMT provides a unified interface for power measurement,
catering to both C++ and Python applications. PMT is partic-
ularly suited for high-performance computing researchers and
developers, who can use it to evaluate and optimize energy
efficiency, but it is equally valuable for a general-purpose
public requiring a simple yet effective software-based power
measurement tool.

Yang et al. examined over 70 GPUs across 12 architectural
generations and revealed significant inaccuracies in NVML
power readings, leading to severe under- or overestimates
of energy consumption [38]. Although mitigations were pro-
posed, these issues underline the need for more reliable alter-
natives. PMT addresses these concerns by offering support for
PowerSensor3, which provides accurate and consistent power
measurements without the caveats identified in NVML.

We compare the PowerSensor3 energy measurement with
NVML on an NVIDIA RTX 4000 Ada GPU in Fig. 7a
and with AMD SMI on an AMD W7700 GPU in Fig. 7b.
The measurement starts with a brief idle time, followed by
a synthetic load of fused multiply-add instructions. A two-
dimensional grid is used, where the x-dimension of the grid

is set according to the number of streaming multiprocessors
(SMs) or Compute Units (CU) on the NVIDIA and AMD
GPU, respectively. The y-dimension is set such that the kernel
runs for roughly two seconds.

On the NVIDIA RTX 4000 Ada GPU, energy consumption
initially spikes to approximately 95 W before increasing to
around 120 W. This behavior corresponds to the gradual ramp-
up of the clock frequency, which does not reach its peak
instantaneously. Distinct phases are visible in the energy pro-
file, corresponding to the sequential execution of thread blocks
along the y-dimension of the grid. The power dips between in-
dividual phases are made clearly visible by PowerSensor3, but
are missed by NVML. After the workload completes, the GPU
requires over a second to return to its idle power state. While
NVML’s instantaneous energy measurement aligns reasonably
well with PowerSensor3, its time resolution cannot capture
fine-grained GPU behavior. NVML’s ’legacy’ average power
measurement is limited to coarse-grained energy estimations
and completely inadequate to measure the kernel’s energy use
accurately.

On the AMD W7700 GPU, we compare PowerSensor3
with both ROCm SMI and AMD SMI APIs, which yields
identical results despite differences in their programming
interfaces. Unlike NVML, the built-in energy measurements of
the W7700 GPU closely match PowerSensor3, demonstrating
excellent accuracy. The energy profile reveals distinct phases
of the GPU’s power and frequency behavior: an initial spike to
the 150 W power limit is followed by a sharp drop, a ramp-up
phase with brief power overshoot, and eventual stabilization
at the power limit. Notably, the GPU returns to its idle power
state more rapidly than the NVIDIA GPU.

In conclusion, high-resolution energy measurement tools
like PowerSensor3 are critical for uncovering GPU behavior
that remains invisible to standard performance profilers, par-
ticularly in capturing transient power fluctuations that are not
detectable at lower sampling rates. Given the limited disclosure
from vendors regarding their built-in energy measurement
mechanisms, reliable external tools are essential to ensure
accurate and detailed energy analyses.

2) Kernel Tuner: We now use PowerSensor3 to provide
power measurements while automatically optimizing a real-
world GPU kernel for computational performance as well as
energy efficiency.

We use the Tensor-Core Beamformer [53] as an example
GPU application. Beamforming is a well-known technique
to combine signals from multiple receivers. The Tensor-Core
Beamformer has been developed for use in both radio astron-
omy and ultrasound imaging. The beamformer uses tensor
cores on NVIDIA GPUs or matrix cores on AMD GPUs
to perform complex matrix multiplications, which are not
supported by vendor libraries such as cuBLAS or CUTLASS.
In this case study, we use 16-bit input and output data with
M=4096 beams, N=4096 samples at a time, and K=4096
elements summed.

The Tensor-Core Beamformer can be automatically tuned
to achieve optimal performance on a specific GPU using
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Applications

• COBALT correlator and beam former for LOFAR 2.0


• AARTFAAC correlator for LOFAR 2.0


• ISBI-AARTFAAC correlator for Irbene Single baseline 
Interferometer


• SFXGPU VLBI correlator


• TPGS: ALMA Total Power GPU Spectrometer


• New correlator for e-MERLIN (under investigation)


And other applications outside RADIOBLOCKS  
(e.g. Jay Smallwood’s talk on Monday)



Optimization techniques

• Fix parameters at compile time


• Frees up GPU registers for actual compute


• Use dynamic compilation


• To support varying those fixed parameters


• Use a kernel cache


• To avoid expensive recompilation


• Really expensive for heavily templated cuFFTdx

Kernel 
source code

Option 
strings

Version 
strings

SHA256

Kernel 
binary name



AI assisted coding
Experimentation

• Optimization of some radio blocks


• Support for AMD GPUs:


• Added HIP support in some radio blocks


• Improved HIP support in cudawrappers to support 
AMD and NVIDIA at the same time


• AARTFAAC correlator distributing load over AMD and 
NVIDIA GPUs within single application


• Many new branches that need to be integrated…


• How do we do this without creating unmaintainable 
black boxes?

0 64 128 192 256 320 384 448 512 576

#receivers

0

200

400

600

p
e
rf

o
rm

a
n

c
e
 (

te
ra

o
p

s
/s

)

human optimized

AI optimized

Tensor Core correlator



This project has received funding from the European Union's Horizon Europe research and 
innovation programme under grant agreement number 101093934


