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1 Overview
Tessera is a pixel-wise Earth-observation foundation model that
fuses irregular satellite optical and radar time series into a sin-
gle annual embedding1 for every 10m land pixel on the planet.
Researchers can use these open, analysis-ready vectors for clas-
sification, segmentation, and regression tasks without repeating
satellite preprocessing or model inference. Applications span ecol-
ogy, agriculture, forestry, biodiversity, biomass estimation, and
weather [21, 22, 43, 56, 57]. Within a year of release, Tessera has
attracted adoption and embedding requests from researchers and
organisations worldwide [32].

At its core, Tessera takes a large number of isolated time-series
observations and reduces them to compact annual embeddings.
This separation between learning a shared representation once with
large-scale self-supervised training, and then applying it globally
to generate easy-to-use map tiles is what makes both the scientific
payoff worthwhile and the infrastructure challenge significant.

It is unusual to train a state-of-the-art geospatial foundation
model of this scale (§1.2) from scratch in an academic setting. We
are a University of Cambridge research group without dedicated
access to a cluster at the scale required for planetary computa-
tion. We therefore assembled a succession of national, institutional,
developer-cloud, and commercial compute allocations to train and
publish Tessera, including large runs using Intel (Dawn), NVIDIA
(Isambard) and AMD (Vultr) GPUs. This report is aimed at research-
computing practitioners who also need to move data-intensive mod-
els between heterogeneous systems. We first describe the scientific
payoff and workload, then report what worked and what failed on
each platform, before distilling cross-provider recommendations,
energy-accounting lessons, and future requirements (§2).

1.1 Scientific goals
Our scientific objective is to turn irregular, cloud-affected satellite
observations into a consistent description of land-surface state. Un-
like an individual image, an annual Tessera embedding captures
seasonal optical and radar behaviour at each location. This repre-
sentation allows one model output to support many environmental
questions while reducing the labelled observations and task-specific
computation required by each study.

Tessera v1 (Dec 2025) established reusable surface represen-
tations by generating label-efficient, 128-dimensional embeddings
from Sentinel-1 and Sentinel-2 time series. It closely matched or
exceeded task-specific and foundation-model baselines across clas-
sification and segmentation tasks [21, 29].

∗Corresponding author: Anil Madhavapeddy, avsm2@cam.ac.uk, 22nd Sep 2026
1An “embedding” is a compact numerical description of surface state.

Figure 1: Examples of false-colour maps of Tessera v1 [19].

Tessera v1.1 (June 2026) added year-on-year temporal stability.
The retrained model maintained temporal stability across years,
reduced artefacts in areas with few observations, and extended
coastal coverage to support more marine tasks [34].

Tessera v2 (July 2026) scaled up quality and deployability sig-
nificantly. Across a suite of 29 environmental tasks, a 21-million-
parameter v2 model achieved the strongest aggregate result among
all products evaluated. It supports a Matryoshka representation
that retains high performance with a subset of dimensions [22].

Tessera supports joint environmental tasks beyond satel-
lite mapping. A wide array of downstream applications address
topics such as biomass, crops, fungal biodiversity, and tree species
identification [5, 20, 28, 30, 55–57]. In probabilistic weather down-
scaling, a Tessera embedding supplied sub-grid surface information
to the Aardvark weather-prediction system, improving tempera-
ture and wind predictions at stations withheld in both space and
time [4, 43].

All principal outputs are openly accessible. We released
weights [25], source code and a versioned, actively maintained
GeoTessera client [24, 51], and planet-wide embeddings through
public object storage [32]. Users worldwide can therefore lever-
age the pretraining without repeating its computational cost, as
demonstrated by downstream environmental studies [5, 23, 28, 43].
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Figure 2: The Tessera computation path [13, 21, 32].

1.2 Computational workload
Figure 2 summarises our processing pipeline [13, 15, 22]. The sepa-
ration between pretraining, planetary inference, and public hosting
at scale drives our operational constraints (§2). The training stage
learns the shared representation, and inference applies the frozen
model to new locations around the world. Our “embeddings as data”
approach publishes those inferred outputs as a reusable geospatial
layer so users can integrate directly into existing workflows.

The optical input is Sentinel-2 Level-2A (L2A) surface reflectance,
while the radar input is Sentinel-1 radiometrically terrain-corrected
(RTC) imagery. Both datasets come from the Microsoft Planetary
Computer (MPC) [38, 42]. We locate imagery through its SpatioTem-
poral Asset Catalog (STAC) interface, an open standard for describ-
ing and querying spatiotemporal geospatial assets [40].

Training then uses automatic mixed precision (AMP) with Py-
TorchDistributed Data Parallel (DDP) or Fully Sharded Data Parallel
(FSDP) [58]. Inference of individual embedding tiles currently runs
on GPUs; a CPU path using Intel Advanced Matrix Extensions
(AMX) is planned. The resulting vectors are quantized to 8-bit inte-
gers and published in both NPY format and Zarr, a chunked array
format that supports streaming HTTP input/output [33].

1.2.1 The pretraining challenge. For every 10m pixel, the input
pipeline queries a full year of imagery for that region. It downloads
Sentinel-2 scene classification masks and ten optical bands for valid
dates, collects both Sentinel-1 viewing directions, and randomly
selects 40 observations from each sensor [13]. The discovery, repro-
jection, masking, and batch assembly code stages need to keep each
GPU supplied to avoid stalls that would reduce hardware utilisation.

V1 was trained on 800 million annual pixel records with a global
shuffle of 2 TB of prepared data to prevent batches of similar neigh-
bouring pixels from producing unstable training. One pass through
this corpus at a batch of 32k samples per optimisation step over 16
GPUs consumed approximately 6,200 MI300X GPU-hours. While
the deployable v1 encoder contained only 45.7 million parameters,
the training-only projector was much larger at 1.39 billion parame-
ters. This means that the deployed model size understated training
memory and communication demand [21].

V2 increased the training corpus to approximately 4.2 billion
pixel-years spread over 512 GPUs [22]. Once data images were
staged, measurements showed that training time was predomi-
nantly spent on the GPU, a process that took significant optimisa-
tion work but paid off with efficiency.

1.2.2 The global inference challenge. Once the pretraining is com-
plete, we need to generate Tessera map tiles for the world. Global
inference reads and validates far more unique remote imagery than
the earlier training runs, since we have to cover the whole planet.
Unfortunately, rate-limited requests from our satellite providers can
resemble missing objects, and so we had to carefully triage errors
so that an omitted observation did not create visible artefacts.

We estimated that we need approximately 2 H100 GPU-years for
a single year’s pass with our v2 model [22]. Each pixel initially pro-
duces a 128-dimensional, 32-bit floating-point vector occupying 512
bytes, which we quantise to 8-bit integers with one 32-bit scale per
pixel, reducing each embedding to 132 bytes. The 2017–2025 target
therefore contains approximately 1.3 × 1013 10m land pixel-years
and an unreplicated quantised payload of roughly 1.7 PB, before
metadata and storage overhead [21, 33]. This exceeded available
storage in our University and departmental storage arrays by an
order of magnitude.

1.2.3 The long-term hosting challenge. Once we have done the
inference locally, we need to publish it so that others can download
it. The models themselves are relatively small, and we publish
their weights on the Hugging Face Hub [25]. However, the hosting
challenge centres around the map tiles themselves which take up to
1.7 PB per model. We also had to account for multiple models being
developed concurrently while users migrated from older ones at
different paces. Therefore, the logical Zarr dataset before replication
and service metadata is around 3–4 PB.

Even this smaller volume is impractical to serve from University
infrastructure, so we need well-connected and affordable hosting
that is accessible worldwide. These embeddings are also inputs
to environmental studies that may run for decades. Hosting must
therefore eventually lead to a live archive as versioned products that
remain discoverable and usable as providers, software, and research
groups change, rather than being dependent on one organisation’s
storage account. Collaborative geospatial archives provide a useful
precedent [18, 36] but at the petabyte scale.

1.3 Infrastructure requirements
The earlier scale estimates (§1.2) translate into the following infras-
tructure requirements. The 2017–2025 product is petabyte-scale,
with several model versions under active development [21, 32].

R1 Sustained data access. Training and inference require con-
current access to petabyte-scale public Sentinel archives through
Microsoft Planetary Computer without a shared egress identity
becoming the throughput limit.

R2 Distributed training. Scaling requires GPU support for
mixed-precision, high-bandwidth collectives, recoverable check-
points, and predictable access to hundreds of accelerators.

R3 Planetary inference. Parallel inference requires CPU for
discovery and preprocessing, GPUs for current inference (with an
AMX CPU path planned), and a shared data path that can keep
compute flowing while performing input validation.

R4 Storage and publication. Training requires at least 40 TB
of fast working space, while publishing the multi-year embedding
product requires petabyte-class durable capacity. Both tiers need
high inode capacity; public object storage also has to remain sepa-
rate from the research working tier.

2



Operational HPC lessons learnt training the Tessera geospatial foundation model series

R5 Observability and accounting. Development requires in-
teractive access, CPU/GPU performance counters, and job-level
records for compute, energy, failure time, and network metrics.

R6 Agent-compatible operation. Increasing use of coding
agents requires machine-readable documentation, CLI tools, scoped
credentials, structured telemetry, and auditable access to schedulers.

2 Compute, networking and storage experiences
The sequence of Intel (§2.1), AMD (§2.2, §2.4), and NVIDIA (§2.3)
deployments is shown below. The transitions followed scientific
priorities, expiring allocations, and operational constraints rather
than a predetermined plan. We also describe the Cambridge Ceph
storage (§2.5) and conclude with overall recommendations.

2024–2025 I
Dawn, Intel Max 1550. Initial v1 pretraining
and distributed Intel GPU development

Mar.–
May 2025 A

AMD Developer Cloud, MI300X. Around
6,200 GPU-hours; final v1 training on 16 GPUs.

July 2025–
June 2026 A

Vultr, MI325X. Planetary v1 inference and v1.1
training; 4x8 AMD MI325X.

Feb.–
July 2026 N

Isambard-AI, GH200. 800k GPU-hours; 320k
for v2 scaling and 9.6k for weather; 512 GPUs.

Aug. 2026
onward

A
Zenith preview, MI355X. v2 inference and
weather work continue along with sweeps

2.1 Dawn for initial v1 pretraining
Dawn is the University of Cambridge’s 256-node Intel GPU system
and our first distributed accelerator platform [19, 52].

2.1.1 What worked well. Dawn provided an essential early-access
system for the v1 training design via an Intel distributed-GPU
path. Each node combined two 48-core Xeon Platinum 8468 CPUs,
1 TiB of host memory, four 128GB Intel Data Center GPU Max
1550 packages connected by the Xe-Link device fabric, and quad
HDR200 InfiniBand networking. We built PyTorch with the Intel
Extension for PyTorch (IPEX), and brought up the oneAPI Collective
Communications Library (oneCCL) across nodes. This made the
training code portable and the later AMD port rapid [19, 52].

2.1.2 What constrained us. The default configuration exposed the
two tiles in each Max 1550 package as separate logical devices,
giving eight 64GB devices per node. Merging tiles did recover a
single address space, but introduced large non-uniform memory-
access (NUMA) penalties. Treating them separately required the
Slurm batch scheduler to account for eight devices rather than four
packages. This in turn meant that Message Passing Interface (MPI)
launches could fail intermittently. The default oneCCL IPC path
was unreliable, and so careful manual tuning was needed for FSDP.

We disabled IPEX optimisations because they destabilised dis-
tributed training after the driver allocated several terabytes of vir-
tual address space and crashed the node. Single-node training took
about two months to bring up, followed by a month for multi-
node training. Restricted performance counters prevented us from
separating HBM stalls, kernel occupancy, and other overhead [19].

Recommendation 1

If MLworkloads are anticipated, ship a validated PyTorch+MPI
with examples for the site’s tile topology. Provide production-
equivalent interactive nodes and job-scoped performance
counters. Addresses R2 R5

2.2 AMD and Vultr for v1 training and inference
The AMD Developer Cloud provided a three-month MI300X alloca-
tion fromMarch 2025, bridging Dawn’s Intel environment to ROCm.
After a one-month gap, hosted Vultr MI325X instances provided
continuity for v1 inference and v1.1 training [2].

2.2.1 What worked well. Our PyTorch pipeline was brought up on
AMD’s ROCm GPU software stack within 2 hours of gaining access
to the host, and ran across eight MI300X GPUs by the following
morning. There was sufficient data throughput to keep the GPUs
supplied, so most elapsed training time was GPU computation.

In two hyperparameter-search runs with identical data, model
size, and parameters, MI300X reduced elapsed time relative to Dawn
from 127 to 51 minutes, while final loss and validation F1 remained
effectively unchanged. Both runs used AMP. The matched measure-
ments are shown below; Dawn’s percentages are relative to one
64GB logical tile and MI300X’s to one 192GB GPU.

Observed metric Dawn MI300X

Allocated HBM ∼46GB (72%) ∼27GB (14%)
Elapsed time 127min 51min
Time per step 927ms 325ms
Final loss 29.59 29.65
Best validation F1 0.7484 0.7498

PyTorch graph compilation through torch.compile improved
MI300X throughput by 1.46× in default mode and 1.60× with maxi-
mum autotuning [2, 19].

2.2.2 What constrained us. This was an application comparison
rather than a peak-hardware test: Dawn used split tiles, whereas
MI300X provided 192GB HBM3 and 5.3 TB/s package bandwidth,
together with graph compilation [1, 19]. The only migration blocker
was a torch.compile assert_size_stride dimension assertion;
an upstream workaround resolved it [41].

The transition to Vultr was otherwise smooth, but planetary
inference transferred so many Sentinel inputs fromMicrosoft Plane-
tary Computer (MPC) that source bandwidth and rate limits became
the dominant constraint, leading to GPU underutilisation. In addi-
tion, one GPU in an eight-GPU host would occasionally disappear,
consistent with a hardware or thermal fault; the inference stack
therefore had to detect the reduced device set and adjust. Tile-level
logs and explicit validation prevented throttled or missing inputs
from becoming embedding artefacts [16].

Recommendation 2

Publish versioned containers with tested PyTorch and ROCm
combinations so that workloads can move between providers
without a full software stack rebuild. Addresses R2 R3

3



Zhengpeng Feng, Mark T. Elvers, Sadiq Jaffer, Michael W. Dales, Malcolm Scott, Pedro Sousa,
Will Tebbutt, Richard E. Turner, David A. Coomes, Srinivasan Keshav and Anil Madhavapeddy

2.3 Isambard-AI for v2 scaling and weather
Our Isambard-AI [37] access followed a successful proposal to
UKRI’s AIRR “AI for Science” compute call, which offered 200,000–
1,000,000 GPU-hours for a six-month project [48]. The award ar-
rived with little lead time, so we brought the training stack into
production within days. It enabled the large-scale v2 scaling study
and weather applications (§1.2). We also established a working
collaboration with NVIDIA to help us optimise the kernels before
deploying the multi-month training runs.

2.3.1 What worked well. The 800,000 GPU-hour allocation made
all three goals feasible. First, tightly coupled runs on up to 512
GH200s established the v2 scaling curves and supported the large-
teacher training. Second, the resulting measurements informed
the final v2 configuration and its quality improvements. Third, the
weather study used many independent one-GH200 runs, repeated
over three random seeds, and consumed about 9,600 GPU-hours.
Every compute node had a public Internet Protocol (IP) address,
so parallel workers could retrieve remote satellite data without
collapsing onto one facility-wide source identity [6, 22, 37, 43].

2.3.2 What constrained us. The Isambard policy limited jobs to 24
hours and the limit could not be raised despite a support request.
Checkpointing made interruptions recoverable, but a resumed large
job could wait hours to days for another allocation. One of our runs
requiring about 40 days of on-GPU execution consequently took
substantially longer in wall-clock time.

The software-package availability for nodes’ ARM64 architecture
led to some hangs in the NVIDIA Collective Communications Li-
brary (NCCL) and CUDA process-fork deadlocks. This added some
engineering overhead, but we attribute this to one-off growing
pains as the ARM libraries are rapidly maturing. V2 also required
at least 40 TB of working storage, and an early per-pixel layout
exhausted our inode budget. We adopted a sharding strategy to
reduce our raw file usage.

Recommendation 3

Retain routable node networking and add reserved multi-day
reservation windows or priority-resumed job chains for large
checkpointed runs. Addresses R2 R5

2.4 Zenith for v2 inference and change models
Zenith is Cambridge’s preview-stage AMD system, where we tested
v2 inference and follow-on training on MI355X accelerators with
shared Lustre storage [53]. The measurements below are oper-
ational indicators rather than a like-for-like benchmark against
MI300X: accelerator throughput was high, but external input de-
livery constrained end-to-end progress. An experimental change-
detection model also exhausted its inode quota; a support request
led to a rapid increase.

2.4.1 What worked well. Preview status made capacity substan-
tially easier to obtain, and MI355X compute and the internal storage
path performed well. A CPU-only tier downloaded and prepro-
cessed imagery into 3.1 TB staged on the shared Lustre parallel
filesystem, after which GPU workers ran at capacity. The distilla-
tion workload measured between 1,240–1,610 trillion floating-point

operations per second using the bfloat16 format for 40963 and 81923
matrix products. The ROCm Collective Communications Library
(RCCL) reached 364GiB/s for an intra-node all-reduce (the opera-
tion that combines distributed gradients) and 113GiB/s across two
nodes. Inference completed in about 45 seconds per tile per GPU,
and 48 workers delivered 244–258 tiles per hour [17].

2.4.2 What constrained the data path. All CPU and GPU nodes
shared external network address translation (NAT), so MPC saw
one source address and rate limited us. A tile took approximately 15
minutes to download from Zenith but less than 45 seconds to infer.
Staging with 64 four-core jobs across 32 CPU nodes delivered 208
tiles/hour. Approximately 113 such nodes would have been needed
to feed one eight-GPU node, but only 37 existed [17].

2.4.3 What constrained multi-node execution. A whole-node mini-
mum allocation and an 8-minute configuration phase reduced effi-
ciency for small tests, consistent with nodes being powered on and
off between allocations. Our early inference used MI300-targeted
kernels; a native ROCm 7 wheel for the MI355X gfx950 architec-
ture target existed but was difficult to discover. Multi-node training
initially failed when nodes exposed different active InfiniBand ports,
but disabling RCCL’s preset topology matching forced successful
generic graph discovery. A substantial fraction of preview nodes
being unavailable also delayed four-node placement.

Recommendation 4

Give ingestion workers public IPv4 or routed IPv6, or pro-
vide independent egress pools. Validate homogeneous host-
channel-adapter configuration and document RCCL fallbacks
for heterogeneous topologies. Addresses R1 R3

2.5 Cambridge Ceph and public hosting
Tessera’s source data, intermediate products, and embeddings ex-
ceeded the storage available to the project. We therefore needed a
local staging tier for source data, intermediate products, and em-
beddings within the Cambridge Computer Laboratory. The group
received donated machines and purchased SSDs for them shortly
before supply shortages drove storage costs up by roughly 4–6
times [45, 46].

We chose Ceph because its distributed object and filesystem
design and CRUSH placement algorithm support heterogeneous,
incrementally expanded clusters [54].

What worked well. The team built an in-house Ceph distributed-
storage cluster from reused Dell R640 servers and a heterogeneous
stock of solid-state drives (SSDs). The first migration stage held
209 TB on seven nodes. The Cambridge cluster subsequently grew
to 86 Object Storage Daemons (OSDs), each managing one storage
device, across 20 hosts. This setup provided 600 TB raw and approxi-
mately 480 TB usable under 8+2 erasure coding, in which two parity
shards protect every eight data shards. CephFS, Ceph’s filesystem
interface, supplied separate model subvolumes with quotas and
snapshots [11, 12].

What constrained us. Operating storage became a substantial
research responsibility. The mixed machines and devices required
manual OSD placement and balancing, as Ceph groups objects into
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placement groups before its CRUSH placement algorithm maps
them to devices. Our initially undersized placement-group count
resulted in repeated data remapping. In later expansions we paused
backfill so CRUSH could rebalance once and save SSD wear [9, 12].

A mid-2026 expansion obtained twenty 8 TB enterprise SSDs
described as “the last available stock for some time”. Rebuilding
equivalent flash capacity in 2026 would not have been affordable
within the same project budget [45, 46]. One reason local cluster
storage is necessary is becausemost HPC access and cloud storage is
typically time limited, sowe had to regularly backup 10s of terabytes
of primary data for downstream tasks (e.g. weather station readings
for Aardvark [4], intermediate model weights, or map outputs).
Migrating these between cloud and HPC clusters took significant
time and bandwidth in between allocations.

Recommendation 5

Couple GPU awards to durable working storage and a sup-
ported route into public object storage. Research groups should
not need to assemble and operate heterogeneous hardware to
publish an open output. Addresses R4

Transition to public infrastructure. This could have been scaled
in-house with additional TrueNAS/JBOD or Ceph capacity, but the
Cambridge Computer Lab’s capital, power, cooling and floor-space
envelope made a public object store more practical. GeoTessera
0.10 [24, 32] moved these stores to Source Cooperative.

We first packaged the transcoding worker as a Docker container
for local deployment and testing [35], then ran the same image in
Amazon Fargate Spot in the source-data (us-west-2) region. Mov-
ing so much data from Cambridge to AWS came with a significant
cost: transcoding ten million source tiles cost about $1,500, while
the non-spot instance path was estimated at about $50,000. The
local Ceph system remains the working tier for development, rather
than the global distribution tier.

Recommendation 6

Funders should budget for post-project replication and
archival stewardship, with interoperable public repositories
as a default route for long-lived datasets. Addresses R4

2.6 Common operational insights
Making application code portable is only one part of the puzzle. At
this data volume, the surrounding scheduler, network, and storage
components are equally important for optimal throughput. The
following recurring findings condense these observations:

Distributed-stack failures. While the PyTorch model code was
portable, multi-node execution was not. Dawn needed remedies for
oneCCL transport and MPI launch failures; AMD systems needed
MIOpen and graph-compilation workarounds; Isambard encoun-
tered NCCL hangs; and Zenith exposed RCCL topology disagree-
ment. Each facility would benefit from a tested reference job cover-
ing its compiler, communication library, fabric, and topology.

Job shape and allocation. We sometimes required many tightly
coupled GPUs for v2 teacher training, whereas the weather study

comprised independent one-GPU runs. Providers should combine
reserved scale-out windows, job arrays, and smaller inference jobs
where isolation permits, while exposing device health and topology
to the scheduler.

Remote ingestion repeatedly saturated a shared network source.
Microsoft Planetary Computer throttled high-concurrency Vultr
data fetches, and Zenith’s NAT caused additional nodes to subdivide
the same external per-IP request allowance. Isambard avoided this
failure because compute nodes had public addresses. Clients capable
of pulling 10Gb/s or more can also make an institutional uplink the
bottleneck; our Dawn and Zenith transfers, coordinated through
a departmental host, triggered major network-use alerts through
the Cambridge network monitoring. Data-intensive services need
per-project egress identities, managed caching, transfer accounting,
and an agreed institutional path for sustained external traffic.

Checkpointing did not provide predictable wall-clock completion.
Device and node failures were recoverable on all three accelerator
ecosystems, but recovery time was unpredictable. This was most
costly on Isambard, where mandatory 24-hour segments could wait
several days before resuming. Facilities supporting large training
runs should offer reservations or priority continuation and report
expected queue delay for the requested job shape.

Storage limits appeared at several layers. We often exhausted
Isambard’s inode allocation despite adequate “byte” capacity. Zenith
initially failed similarly; after its inode allocation was increased,
we staged multiple terabytes on Lustre and fully fed the GPUs.
Providers should state capacity, inode, metadata-rate, purge, and
object-count limits together, and provide an explicit path from
temporary HPC storage to durable publication.

Supercomputer storage needs a public transition path. Domain
repositories such as CEDA, the Environmental Information Data
Centre (EIDC), and the British Oceanographic Data Centre (BODC)
provide established stewardship for environmental observations [7,
39, 47]. UKRI’s Digital Research Infrastructure programme is now
developing shared repository and HPC data-curation services, but
these do not yet provide a domain-neutral archive for largemachine-
learning models and embedding collections [49]. Projects therefore
fall back to commercial clouds with short-term commitments or
startups such as Hugging Face. HPC programmes should fund and
operate open, replicated repositories that accept model artefacts
and embeddings at supercomputer scale, with clear migration and
preservation guarantees consistent with UKRI’s open-data expecta-
tions [50]. Source Cooperative has solved our immediate distribu-
tion problem, but its philanthropic funding model needs replication
and adoption by major public bodies, including the EU, to support
durable open geospatial infrastructure [27, 44].

Batch logs were insufficient for performance diagnosis. Across
platforms, diagnosing bottlenecks required accelerator counters
(including memory-stall and utilisation metrics), correlated timings,
node-health events, network volumes, and scheduler state. Their
absence made it difficult to distinguish application faults from failed
devices, fabric problems, or remote throttling. Providers should
expose these counters and offer production-equivalent interactive
developer nodes alongside batch queues.
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HPC administrators provided effective technical support. Every
facility team responded quickly to tickets and configuration ques-
tions, for which we are incredibly grateful. This was essential when
faults crossed scheduler, interconnect, and node boundaries that
users could not inspect. The Azure and Google Cloud support avail-
able to the project offered no comparable route to an infrastructure
engineer, leaving data-access and rate-limit diagnosis slower and
less conclusive.

Coding agents became the primary operational interface. At the
start of the Dawn work, coding assistants were largely confined
to generating fragments in a web interface that researchers copied
into terminals. By the Zenith work, the team used coding agents
almost exclusively for environment construction, Slurm scripting,
log analysis, and performance diagnosis.

Successful agentic use favours command-line tools with struc-
tured output and complete, versioned documentation. An inter-
esting consequence of this is that while Python and shell scripts
remain the dominant languages, we also used less conventional
languages like OCaml [8] and OxCaml [31] for high-throughput
storage and serving components.

Recommendation 7

Publish facility-specific, least-privilege coding agent skills
with structured scheduler, topology, quota and telemetry in-
terfaces, sandboxing, confirmation for consequential actions,
and retained audit logs. Addresses R6

3 Responsible compute and energy reporting
Tracking energy consistently was difficult because each provider ex-
posed a different accounting boundary: some reported GPU-hours,
some exposed only allocation totals, and cloud providers did not
provide comparable job-level power records. A common API for
device-hours, average and peak power, queue delay, failures, data
movement, and facility carbon intensity would make responsible
reporting reproducible across systems.

The following inline table reports known compute and repro-
ducible power-cap bounds. For recorded device-hours 𝐻 and power
cap 𝑃 , the bound is 𝐸max = 𝐻𝑃 . It assumes maximum power for
every hour. It is therefore distinct from measured electricity. The
figures exclude facility overhead, storage, and networking; Isam-
bard is the exception in which the 660W cap covers the combined
Grace CPU and H100 GPU superchip [6]. Nested Isambard rows
must not be summed.
Activity Accounting and cap Energy bound

Dawn v1 Records unavailable;
0.600 kW/GPU [26].

Needs Slurm
records.

AMD cloud v1 About 6,200 GPU-hours;
0.750 kW/GPU [1, 21].

4.65MWh.

Vultr v1/v1.1 Records unavailable;
1.000 kW/GPU [1].

Not derivable from
tile count.

Isambard 2 800,000 GPU-hours;
0.660 kW/GH200 [6].

528MWh.

V2 scaling About 320,000 GPU-hours
including failures;
0.660 kW/GH200.

211.2MWh.

Weather paper About 9,600 GPU-hours;
0.660 kW/GH200 [43].

6.34MWh.

Zenith distillation About 380 GPU-hours;
1.400 kW/GPU [3].

0.532MWh.

The available records do not support a defensible CO2-equivalent
total. That calculation requires job-level average power or energy,
facility power usage effectiveness, and time-resolved grid carbon
intensity. Future runs should preserve Slurm accounting, failed-job
time, energy telemetry, bytes transferred, and successful output
area. These data would support energy-per-checkpoint and energy-
per-square-kilometre metrics.

Recommendation 8

Expose job-level energy, average power, queue delay, failure
cause, and data-transfer counters. Publish facility power usage
effectiveness and time-resolved carbon data where possible.
Addresses R5

4 Conclusions and Future work
We are continuing to work on several new model iterations and
architectures, including a change-tracking model using NVIDIA
A10 instances on Microsoft Azure as well as Zenith’s AMD cluster.
Finding suitable GPUs in a large shared cloud has itself been an
operational constraint; an A10 ECC watchdog was needed to detect
unhealthy instances [10] in Azure.

We also plan to deploy the Intel AMX CPU inference path for
large scale inference, which would make large embedding releases
less dependent on scarce GPU allocations and easier to reproduce
on reserved CPU-only resources [14]. Encouragingly, other commu-
nity members such as dClimate and AWS Open Data have already
reproduced and optimised our inference pipeline, and produced
wall-to-wall embeddings of v1.1 that are fully compatible2 with the
Cambridge generated ones.

The Tessera project has involved a lot of GPU and CPU time
and dozens of petabytes of data motion across multiple providers,
countries, and organisations. The resulting models and embeddings
are fully reproducible and extensible, and are now in use by many
organisations. We are deeply grateful for the financial, technical,
and cross-organisational support that made this work possible, and
look forward to the coming years. If you find this useful or wish
to exchange tips, then feel free to join our open-registration Zulip
instance3 and introduce yourself.
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