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Abstract—Autonomous driving research has traditionally focused on what an individual vehicle can perceive, predict, and decide in real
time. A robotaxi extends this capability into a passenger service operated across a fleet. At fleet scale, an equally important question
emerges: what should the fleet remember? A robotaxi fleet continuously encounters changing road conditions, unusual events, and
system problems. These experiences become valuable when the fleet can learn from past events and when one vehicle can benefit from
what other vehicles have encountered. We argue that robotaxi data infrastructure should therefore be viewed not simply as a logging or
storage system, but as the mechanism that gives the fleet a shared, queryable memory. We call this capability fleet-level world memory. It
links what happened in the physical world with the system conditions under which it was observed. This connection allows fleet
experience to support both current operations and future system improvement. We propose a fourteen-stage reference architecture and
identify eight open research challenges. Our central thesis is that scalable robotaxi services depend not on retaining the most data, but
on preserving the right evidence with enough context to support trustworthy decisions and learning.

Index Terms—robotaxi, autonomous driving, data infrastructure, data provenance.

1 FROM AUTONOMOUS DRIVING TO ROBOTAXI
SERVICE

Conventional driver-assistance systems support a human
who remains responsible for supervision. In contrast, Level 4
automation performs the driving task without human
fallback within a defined operational design domain [1].
A robotaxi applies this capability to passenger transport.
Without a driver, exceptional situations and rider support
must instead be handled by fleet operations and remote-
assistance teams.

Consider a robotaxi entering a construction zone where a
worker’s instruction conflicts with the map. As traffic slows,
the vehicle hesitates. The hesitation may reflect a weakness
in perception or planning, or it may result from a problem
with the vehicle, such as a sensor fault or calibration drift.
The first case may call for system improvement, while the
second may require immediate inspection.

To make either decision, the fleet needs more than an
isolated sensor frame or diagnostic signal. It needs a record
of what happened, how the situation developed, and the
state of the vehicle at the time. Evidence becomes useful
when observations of the external world remain linked to
the system that produced them [2].

At fleet scale, these records must also connect experiences
across vehicles and over time. We call this capability fleet-level
world memory. It links a world history of what happened in
the physical environment with a system history of how those
observations were produced and used.

Robotaxi data infrastructure builds and maintains this
memory. It collects observations, preserves their context,
supports learning and evaluation, and records the results
of fleet actions [3], [4]. This allows the fleet to learn from
past experience and lets one vehicle benefit from what other
vehicles have encountered.

Building this capability across a large fleet is a systems
problem. Retaining more data increases storage, transfer,
and processing costs, while filtering too aggressively may
discard information that later becomes important. The goal is
therefore not to retain the most data, but to preserve enough
trustworthy evidence at practical cost and latency.

This paper formalizes fleet-level world memory, presents
a fourteen-stage reference architecture organized into five
technical directions, and identifies research challenges for
building scalable, trustworthy and economical robotaxi data
infrastructure. Robotaxi capability depends not only on what
each vehicle can decide in the moment, but also on what the
fleet can reliably remember and learn from over time.

2 ROBOTAXI DATA INFRASTRUCTURE: DEFINITION
AND FLEET-LEVEL WORLD MEMORY

Robotaxi data infrastructure is the end-to-end system that
turns observations from passenger service into evidence
for fleet operation, system improvement, and assurance.
It begins when an event is observed onboard, preserves
enough context to interpret that event as data move between
the vehicle and the cloud, and organizes the resulting
information so that engineering results can be reproduced. It
also returns validated results to fleet operation.

This makes robotaxi data infrastructure different from
a conventional data platform. Its purpose is not simply
to store logs or provide data for model training. It must
support both current fleet operation and long-term system
improvement. A field event may lead to an immediate action,
while its outcome may later help improve the driving system.
The important question is therefore not how much data are
retained, but whether the evidence can support a decision
and help evaluate what happened afterward.
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It is not a complete model of the road. Instead, it is a
queryable record that allows events to be reconstructed and
compared across vehicles and over time. Unlike a file archive,
fleet memory preserves enough context to explain what the
fleet encountered, how the observation was produced, and
how it was later used.

This memory contains two connected histories. World
history records what happened in the physical environment
and how it changed over time. System history records the
state of the vehicle and system that produced each observa-
tion. These histories must remain linked because the same
situation may be observed differently under different sensor,
calibration, or software conditions.

Within this model, we define scene as a bounded, time-
ordered record of an encounter, including what the vehicle
did and what happened afterward. A scenario groups related
scenes so they can be retrieved and compared. Evidence
lineage connects these scenes to the datasets, models, evalua-
tions, and fleet actions derived from them.

Figure 1 shows how this memory moves through the
system. Stages 1-3 capture observations and establish trust
at the source; Stages 4-7 validate and organize them for
fleet-wide search and analysis; Stages 8-11 support learning;
Stages 12-13 support evaluation and release; and Stage 14
returns results to fleet operation. These stages represent major
data and responsibility boundaries rather than fourteen
required software services.

3 FIVE TECHNICAL DIRECTIONS

We organize the robotaxi data infrastructure into five tech-
nical directions that form, organize, use, test, and update
fleet-level world memory. Their latency and retention require-
ments differ, but data identity and temporal context must
remain consistent across the full lifecycle.

3.1

Trustworthy fleet memory begins at the source. On the
vehicle, Stage 1 publishes typed messages [5], Stage 2 retains
selected evidence, and Stage 3 transfers it through the
network. During acquisition, the system should preserve
when and where an observation was made, the state of the

Edge Acquisition and Ingestion (Stages 1-3)

vehicle, why the data were collected, and what information
may be missing. Once this context is lost, it may be difficult
or impossible to recover in the cloud.

IEEE 1588 provides a foundation for clock synchroniza-
tion [6], but synchronized clocks alone do not establish
the sensor’s actual capture time, geometric consistency, or
the relation between vehicle health and behavior [7]. The
complete record must still fit within tight onboard compute,
storage, and bandwidth budgets.

3.2 Cloud Data and Semantics (Stages 4-7)

In the cloud, Stage 4 receives the data, checks its integrity, and
aligns incoming packages. Stages 5-7 organize observations
from many vehicles into searchable fleet memory. The cloud
preserves data identity and lineage while allowing related
events to be found across vehicles, locations, and time. This
makes it possible to identify patterns that may not be visible
in a single vehicle log.

Systems such as Delta Lake [8] demonstrate how ver-
sioned data storage can preserve access to earlier data states.
Robotaxi infrastructure must extend this idea beyond tables
to operational and learning evidence. For example, the
system should help determine whether repeated hesitation
in construction zones comes from similar road conditions or
from a common vehicle or software condition.

3.3 Dataset and Training (Stages 8—11)

Stages 8-11 turn selected fleet experience into training
data and models while preserving provenance. Scenes are
labeled, organized into versioned datasets, converted into
reproducible training inputs, and used to produce models.
A dataset is therefore a task-specific view of fleet memory
rather than an isolated collection of examples.

Provenance also matters for data quality. Pseudo-labeling
can propagate model errors [9], while related scenes can
leak across training and evaluation splits and produce overly
optimistic results [10]. Information about sensor health and
calibration should therefore remain connected to the scenes
used for learning.



3.4 Evaluation and Release (Stages 12-13)

Stages 12-13 test proposed system changes before they
are released to the fleet. Evaluation may include replay,
simulation, physical testing, and controlled deployment.
CARLA shows how simulation can support autonomous-
driving development and validation [11], but evaluation
methodology matters: open-loop evaluation can be mislead-
ing for long-term planning [12].

A release decision should therefore not depend on a single
score. It should preserve the evidence needed to explain
what improved, what regressed, and why the change was
approved [13].

3.5 Fleet Feedback (Stage 14)

Stage 14 closes the loop by using fleet memory to guide action
and recording what happened afterward. In the short term,
evidence may determine whether a vehicle remains in service
or requires intervention. Over time, the same evidence can
improve data collection, maintenance, learning, and future
releases.

Each action should remain linked to the evidence that
supported it and to its eventual outcome [2], [4]. This
feedback allows the fleet to learn whether a decision worked
and to use that experience when similar situations occur
again.

4 RESEARCH CHALLENGES AND OPPORTUNITIES

Fleet memory supports two questions: Is this vehicle fit to serve
now? and What should the fleet learn for later? These questions
share evidence but differ in latency, uncertainty, and risk.
The challenge is therefore not simply to collect more data,
but to understand what the data mean, what may be missing,
and whether the evidence is reliable enough for a particular
decision.

4.1

Even basic information such as time and sensor pose can
be uncertain. A camera timestamp may refer to exposure,
transmission, decoding, or delivery to the driving system.
These times are not always the same. Physical calibration
has a similar problem because sensor pose can change
with vibration, temperature, maintenance, or mechanical
movement.

The open challenge is to represent these uncertainties
and understand how they affect downstream tasks. Research
should determine when errors in time, pose, or calibration
become large enough to change sensor fusion, scene recon-
struction, incident analysis, or learning results.

A useful benchmark could introduce controlled timing
and calibration errors and measure both reconstruction
accuracy and their effect on downstream decisions.

Temporal and Physical Integrity

4.2 Selection and Coverage

A fleet cannot retain every sensor observation at full quality.
Selective collection reduces storage and bandwidth, but it
may miss rare events or early signs of failure. Once these
data are discarded, they may be impossible to recover.
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The research challenge is to understand what a collection
policy misses and whether the retained data still represent
important fleet conditions. This becomes especially difficult
when models trained on past data also decide what data
should be collected next, since the fleet may repeatedly collect
examples of problems it already knows.

A useful benchmark could compare collection policies
against a high-retention reference stream and measure
missed events, fleet coverage, downstream usefulness, and
retained data volume.

4.3 Cloud Data Lifecycle and Retrieval

Cloud systems combine observations from many vehicles to
find patterns across the fleet. However, similar scenes may
have been recorded under different vehicle or system con-
ditions. If these differences are hidden during aggregation,
problems affecting only part of the fleet may be missed.

The open challenge is to support joint fleet analysis while
preserving the system conditions of each observation. Re-
trieval should consider both what happened in the physical
world and how the observation was produced.

A second challenge is maintaining evidence across the
full lifecycle. A field observation may later become a scene,
label, dataset, model input, evaluation result, and fleet action.
If the original data are later corrected or found unreliable,
the system should identify which downstream artifacts and
decisions are affected. Research is needed to preserve this
lineage and determine what must be rechecked when earlier
evidence changes.

4.4 Learning and Operational Decisions

Improving one component of a robotaxi system does not
necessarily improve the system as a whole. For example,
a perception update may improve local accuracy while
changing downstream prediction or planning behavior and
introducing new regressions.

The challenge is even greater at fleet scale. A change that
performs well on several vehicles may not generalize to the
entire fleet because vehicles can differ in sensor condition,
calibration, hardware, software configuration, or operating
environment. Research should therefore determine when a
local improvement translates into end-to-end improvement
and when limited evidence is sufficient to justify fleet-wide
deployment.

A useful benchmark should introduce a change to one
subsystem, such as perception, and measure both its direct
improvement and its downstream effects on other com-
ponents and end-to-end driving behavior. It should then
evaluate the same change across vehicles with different
system conditions and configurations, measuring whether
observed gains remain consistent and whether the available
evidence is sufficient to support a fleet-wide deployment
decision.

4.5 Reasoning, Diagnosis, and Maintenance

Fleet memory may show what happened without explaining
why it happened. Similar behavior can arise from very differ-
ent causes, such as an unusual scene, perception degradation,
calibration error, software regression, or hardware failure.



The open challenge is to turn heterogeneous fleet evi-
dence into grounded, uncertainty-aware diagnoses. Causal
models, multimodal retrieval, or Vision-language Model
(VLM) may help retrieve evidence and compare hypotheses,
but their outputs cannot be treated as ground truth; even
modest representation changes can alter safety-relevant
VLM decisions [14]. Diagnoses should remain traceable
to supporting observations and system state, and guide
maintenance and return-to-service decisions.

A useful benchmark should present similar symptoms
with different known causes and measure whether the system
retrieves the relevant evidence, identifies the likely cause
with appropriate uncertainty, and verifies that the corrective
action resolves the problem.

4.6 Simulation and Replay

Simulation can extend fleet memory by replaying real events
and testing conditions that are difficult or costly to reproduce
in the physical world. However, simulated environments
cannot perfectly reproduce real sensor behavior, vehicle
dynamics, environmental complexity, or system interactions.

The open challenge is how to account for this simulation-
to-reality gap when using simulated evidence for engineering
or fleet decisions. Research should quantify where simula-
tion diverges from real-world observations, identify which
conclusions remain reliable despite that gap, and determine
when real-world validation is still required.

A useful benchmark should reconstruct real fleet events
in simulation and compare simulated outcomes with their
real-world counterparts. It should measure the gap between
them and evaluate whether simulation can reliably predict
the direction and magnitude of downstream effects.

4.7 Privacy and Security

Fleet memory becomes more useful when observations can
be linked across time, but these links can also reveal people,
places, and patterns of activity.

The privacy challenge is to preserve the temporal and
spatial relations needed for fleet decisions without keep-
ing unnecessary identity or tracking information. These
restrictions must also follow derived data such as labels
and datasets.

Security has a related problem: cryptographic integrity
can show that data were not modified, but cannot prove
that the original physical observation was correct. Research
should combine sensor consistency, vehicle health, prove-
nance, and observations from other vehicles to better judge
whether physical evidence can be trusted.

4.8 Scale, Cost, and Resource Use

Robotaxi data infrastructure creates significant costs in
storage, network transfer, and computation. For N vehicles

generating d GB per vehicle-day,
D = 30Nd, D, =rD, 1

where D is the 30-day raw-data volume, r is the retained
fraction, and D,. is the retained volume.

A.PUBLICLY POSTED UNIT PRICES native units; public sources, Sept. 2026

EDGE STORAGE BULK CLOUD INTERCONNECT

$85 / 400-Gbps port-hour

AWS Direct Connect; inbound data $0/GB
carrier, cross-connect, and local access excluded

SSD: $1,099.99/4TB  HDD: $286.99 / 4 TB

2,400 TBW; 5-y warranty | 550 TB/year; 5-y warranty
Samsung 990 PRO WD Red Pro

TRAINING COMPUTE
$55.04 / 8-H100 node-hour

CLOUD STORAGE

$23.55 / TiB-month

first 50 TiB; $22.53 next 450; $21.50 above 500
AWS S3 Standard, US East

p5.48xlarge; Linux On-Demand, US East
planned burst: 16 nodes (128 H100) for 8 hours/day

B. 30-DAY COST CASE EXAMPLE

N = 5,000, d = 4 TB/vehicle-day = 20 PB/day and 600 PB per 30 days
EDGE: 1-day buffer -~ DEPOT: daily offload -~ NETWORK: continuous bulk ingest -~ CLOUD: 30-day retention
full-data network demand: 1.852 Tbps average; TRAINING: 16 p5 nodes x 8 hours/day

EDGE SSD

EDGE HDD

$306-428k
$184-245k
$61.2-122k
1 $11.74M
$5.87M
$1.17M

NETWORK

CLOUD

. $211k
$105.7k
TRAINING T >

$1k/30 d $10k $0.1M $1M $10M $100M

RETAINED DATA R 100% 50% 10%

Fig. 2. Cost sensitivity to the fraction of generated data retained across
edge storage, network transfer, cloud storage, and training. Part A shows
the public unit prices used in the calculation; Part B compares the
resulting 30-day cost exposures under 100%, 50%, and 10% retention.

The 30-day cost can be estimated as:

30K (r)pe _
c(r) = 2P | 1001, (1)p, + Do+ Hir)py. @)
Le (r) —_— e = =
3 network cloud training
edge

Here, K., p., and L. are the number of storage devices,
storage unit price, and replacement interval of storage
devices; M,, and p,, are the number and hourly price of
network ports; p, is the effective cloud-storage price; and H:
and p; are training node-hours and price per node-hour.

Figure 2(A) lists public prices used in our example [15]-
[19]. Figure 2(B) applies them to 5,000 vehicles generating
4 TB/vehicle-day. If we only consider storage, network and
computing cost, retaining all data produces roughly $12.3—-
12.7M in 30-day infrastructure exposure, while retaining
10% reduces it to about $1.28-1.41M, an approximately 89%
reduction. The estimates are not intended to represent an
operator’s actual bill, which may differ because of private
infrastructure, negotiated pricing, transfer strategies, and
workload design. Instead, they show how data-retention
decisions can translate into large downstream economic
differences.

The open challenge is to connect technical data-
management choices to their economic impact. Decisions
such as what to retain at the edge, how to transfer data,
how long to keep it in the cloud, and what data to use
for training affect different cost terms in different ways.
Reducing retained data can substantially lower downstream
storage and transfer requirements, but aggressive reduction
may discard rare or valuable evidence and increase later
collection, replay, or retraining effort. The goal is therefore to
optimize data selection, movement, storage, and computation



jointly, minimizing total resource demand while preserving
the evidence needed for fleet operation and learning.

5 CONCLUSION

A scalable robotaxi service cannot treat each trip as an
isolated collection of logs. Data infrastructure gives the fleet a
shared memory that connects what happened in the physical
world with the state of the system that observed it. This
allows events to be compared across vehicles and over time,
and turns past experience into evidence for future decisions.

The fourteen-stage architecture explains how this memory
is formed, organized, used for learning, tested, and returned
to fleet operation. It must serve the people and vehicles
operating now while supporting the engineering choices
that shape future service. Although these challenges span
multiple technical and operational disciplines, decision
validity and end-to-end cost provide common objectives
for evaluating the overall system.

Robotaxi service is a demanding case study for fleet
robotics more broadly. What generalizes beyond robotaxi
services is not any particular vendor’s technology stack, but
the underlying problem of turning distributed observations
and system histories into traceable and trustworthy memory
for immediate operation and long-term improvement. The
same problem extends beyond robotaxis. Any large fleet of
robots operating in a changing environment must learn from
past experience and from one another, although each domain
will define its own standards of risk and accountability.

The long-term intelligence of a robotaxi service will
depend not only on what each vehicle perceives and decides
in the moment, but also on what the fleet can remember
about the world, how faithfully it can reconstruct change,
and how responsibly it turns that memory into action.
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