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Abstract

Personal Al systems increasingly claim to remember users, personalize, act as agents, and
model the people they serve, and the same target-modeling claim now appears in enterprise
software, healthcare, robotics, vehicles, and other settings where an Al system observes a target
over time. Existing benchmarks measure general knowledge, static tasks, conversational quality,
tool use, code, or retrospective retrieval; none is designed to test whether a system has learned a
useful model of a specific target over time. TargetSpace is a benchmark protocol for that question,
with personal AT as its flagship track and a formulation designed to generalize across longitudinally
observed targets. Its anchor metric is prospective state-transition prediction: a system observes
a consenting target — a person, team, organization, patient, project, device, or environment —
up to a sealed time ¢ and commits calibrated probabilistic predictions of the target’s future state
transitions before outcomes exist; outcomes resolve by deterministic rules and are scored with
strictly proper rules. A validity stack determines whether the prediction is meaningful: skill must
exceed a population prior (R1), the target’s own routine (R2), and retrieval-and-summarization
over the same evidence; remain calibrated; collapse under wrong-target substitution; concentrate
on regime shifts rather than routine continuation; and attribute its lift to disclosed evidence
streams. An observation-science layer prices that evidence, reporting predictive lift against
volume, sensitivity, collection burden, energy, latency, consent burden, and privacy risk, with
minimum sufficient observation, not maximal capture, as the design objective. Understanding
is not reducible to prediction; TargetSpace operationalizes one measurable component of it,
predictive understanding — whether a system forms a calibrated, target-specific model with
predictive force over time — and surrounds that observable with the controls that make it
resistant to shallow correlation. Core, Controlled, and Full deployment levels fix what a reported
evaluation must include, from the smallest valid configuration to the complete apparatus. This
is a pre-pilot protocol with a synthetic reference harness; no human-subject results are reported,
and a high score supports only the bounded protocol claim: calibrated, target-specific predictive
force over observable future states.
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1 Introduction

Personal Al systems increasingly claim to remember users, personalize over time, act as agents on
their behalf, and adapt to the individuals they serve [25-32,49-55]; enterprise systems make the
same claim about teams and organizations. The structure extends further still: an autonomous
vehicle modeling the road users around it, a robot modeling the worker and workcell it shares, a
monitoring system modeling a patient, a copilot modeling a project, a maintenance system modeling
a machine, a building system modeling its occupants. In each case the system is said to have learned
something about a specific target from longitudinal exposure. Yet the field’s benchmarks measure
almost everything except that. General knowledge, static tasks, conversational quality, tool use,
code, and retrospective retrieval are well instrumented [1,2,5,6]; whether a system has formed a
useful model of this user, this patient, or this machine over this stretch of time is asserted in product
language and measured almost nowhere. The claimed model is latent — it cannot be read off a
transcript, a memory store, or a preference profile — so it can only be tested against what the
target does next. Memory, retrieval, summarization, and preference replay each re-serve a record
that already exists; the failure mode they share is retrospective agreement.!

We use understanding in a bounded, operational sense: understanding is the possession of a
useful model of a target — a model that supports prediction, explanation, uncertainty estimation,
counterfactual reasoning, and adaptation under changing conditions. TargetSpace focuses on the
most directly measurable observable in that family: prospective state-transition prediction.
Understanding is not reducible to prediction. But prospective state-transition prediction is one
of the most rigorous observables for testing whether a model of a target has predictive force, and
TargetSpace’s contribution is to make that observable target-specific, longitudinal, calibrated, and
resistant to shallow correlation (Sections 4 and 5). By predictive understanding we mean the
bounded operational capability tested here: forming a calibrated, target-specific predictive model
whose prospective predictions improve over generic priors, routine baselines, and retrieval.

The limiting factor is increasingly not only model capability but observation quality. By
observation, TargetSpace means instrumented, timestamped evidence recorded through hardware
or software — sensors, logs, wearables, applications, devices, or environment traces — without
requiring the target to actively report, recall, or perform for the measurement itself; the point is
not maximal capture but passive, low-interaction evidence that can be sealed before resolution and
tested for incremental predictive lift. A stronger model cannot indefinitely infer target-specific state
from evidence that does not contain it, and richer evidence is not automatically useful: quality,
continuity, attribution, coverage, and timing constrain what any model can learn about a particular
target. Evaluation of longitudinal systems is therefore incomplete when model performance is
measured without characterizing the evidence available to the model. TargetSpace treats observation
quality as a first-class experimental variable: every prediction is attributed to a disclosed evidence
configuration, and the evidence-tier ablation measures what each observation stream contributes.
The direction this sets is deliberate: deployable systems — personal Al, robots, vehicles, clinical
monitors, industrial platforms — cannot rely on unlimited sensors, unlimited memory, or unlimited
intrusion into the people they serve. Under TargetSpace, progress therefore means validated target-
specific lift priced at its burden, privacy exposure, and instrumentation cost — and, at equal gated
skill, the less invasive configuration wins: learning which longitudinal evidence is sufficient, not
collecting more.

TargetSpace addresses this gap. It is a benchmark protocol for prospective state-transition
prediction about a specific target: a system observes a target — a person, team, organization,

!Self-report remains one auxiliary evidence channel, not the substrate (Appendix O); TargetSpace compares
evidence channels by predictive lift on observable outcomes.



patient, project, device, or environment — up to a sealed time, then commits calibrated probabilistic
predictions of the target’s future state transitions before outcomes exist. Predictions are scored
with strictly proper rules against deterministically resolved outcomes, and skill counts only when
it survives a validity stack (Section 6): it must beat generic priors (R1), beat the target’s own
routine (R2), beat retrieval-and-summarization over the same evidence, remain calibrated, collapse
under wrong-target substitution, concentrate on regime shifts rather than routine continuation, and
attribute its lift to disclosed evidence streams at disclosed cost. The claim is about standardization,
not priority: ubiquitous-computing research has long fit individual-routine models from passive
longitudinal data [66] and compared person-dependent with person-independent models and sensor
subsets [65]; what the field lacks is a shared, prospective, sealed instrument that makes such
claims comparable. ImageNet answered “what does progress in image recognition look like?” [1];
SWE-bench answered it for software engineering [2]. No shared artifact yet answers it for the claim
that memory, personalization, and agent systems increasingly imply: target-specific understanding,
operationalized here as calibrated prediction of a target’s future states. TargetSpace is proposed in
that functional role (the conceptual hierarchy relating benchmark, program, and field is Appendix P,
Figure 7). The purpose is not abstract philosophy; it is a practical measurement layer for Al systems
that claim target-specific understanding, and Section 2 states what builders improve to score higher
— anywhere in the loop from observation to validation, with no single architecture prescribed.

The benchmark rests on a simple distinction: the record is not the target. Personal Al systems
observe traces — speech, location, messages, calendar entries, tasks, physiological signals, and
self-reports — but each trace is a partial observation of an underlying target-state through a
particular channel, not the target-state itself. A calendar entry is not a commitment, a missed
reply is not avoidance, and a late-night search is not a concern; each becomes scorable only when
mapped to a future observable resolution rule. A system that retrieves or summarizes these traces
can reproduce the record without modeling the state that generated it. TargetSpace therefore tests
whether a system can infer enough of the latent target-state to predict future observable transitions
under sealed, proper-scored conditions.

The difficulty a benchmark must solve is that convincing predictions need not be target-specific
at all. A model can look skilled by predicting what usually happens (most emails get answered)
and personalized by replaying a target’s routine (this person checks email at 9am), while capturing
nothing about the individual beyond base rates and habit. Target-specific skill is what remains
after both are subtracted: a prediction that beats a strong own-routine baseline, stays calibrated,
and loses its skill when scored against the wrong target. The target-specific question is whether
the model knew this person would ignore a particular message because their attention had shifted
this week. We use the term personal intelligence as a bounded, product-facing label for this
capability in the personal track, operationalized entirely by the prediction task (and unrelated to
the personal-intelligence construct in personality psychology [76]).

TargetSpace operationalizes this test; the machinery already sketched is specified once, in
Sections 3-6, and three design commitments matter up front. Sealing is mechanical: predictions
are timestamped and hashed, and with seals committed to an external witness before outcomes
exist the design is contamination-resistant by construction, while without one a run is self-attested
(Section 3.3). The evidence-tier ablation measures what passive observation adds over digital
exhaust and self-report, rather than assuming passive capture is superior. And because the object of
evaluation is the sealed prediction and its resolved outcome, not any public release of raw capture,
TargetSpace can run in a federated mode: raw longitudinal data stays under the participant or
data holder’s control, and only sealed predictions, resolved outcomes, and aggregate metrics are
exported (Section 11). This paper specifies the task, the controls, and a synthetic worked example,
and reports no empirical results.



A concrete instance makes this precise. A note-taking app claims that remembering a user makes
it more helpful. TargetSpace turns that claim into a sealed prediction: before the outcome exists,
the app must predict whether the user will complete, defer, cancel, or replace a specific recurring
commitment. The prediction earns credit only if it beats the population completion rate (R1), beats
the user’s own routine (R2), stays calibrated, and, rescored against another user’s outcome, loses its
skill. A memory feature that cannot clear these four bars is performing retrieval, not modeling the
user. This is the paper’s minimal runnable task (Section 7.2), and every personal-track task follows
its shape.

The formulation applies to any target for which repeated observations and deterministically
resolved outcomes make an own-routine baseline and a wrong-target control well-defined: a person,
a team, an organization, a patient, a project, a device, or an environment. The personal track
(TS-Personal) is the flagship and the only track instantiated here; cross-domain validation is future
work (extension criteria are in Appendix Q.2).

The paper proceeds as follows: the measurement gap (Section 2); the task (Section 3); why
prediction is the anchor observable, and when it fails as a proxy (Sections 4-5); the validity stack
(Section 6); the minimal protocol and worked example (Section 7); deployment levels and reporting
(Section 8); observation science and evidence cost (Section 9); conceptual lineage and related work
(Section 10); and the release roadmap (Appendix R.4). Throughout, predictive and explanatory
aims are kept distinct in the standard sense [74].

1.1 Contributions

This paper contributes a benchmark apparatus and the research program built around it. Most
individual tools are adopted from prior work and cited; the audited novelty is their conjunction
around a single measurable question — has this system learned this target? — not any ingredient
in isolation (Sections 6, 10). (1) A prospective, contamination-resistant benchmark for
target-specific state-transition prediction under partial observation: sealed, proper-scored predictions
of a tracked target’s future observable transitions — proposed here (Sections 3-6). (2) The validity
stack, assembled from established tools around two anchoring layers — the admitted R2 own-
routine baseline and the wrong-target control — with sealing, proper scoring, R1, retrieval-only
comparison, calibration, regime-shift stratification, evidence ablation, and evidence-cost reporting,
plus advanced modules for counterfactual probes, out-of-distribution degradation, explanation
faithfulness, and optional internal-representation probes (Section 6). (3) An architecture-by-
evidence evaluation grid attributing predictive lift to the observations that produced it (Section 6;
Appendix M). (4) Observation science as an evaluation layer: evidence efficiency, the model—
evidence frontier, and minimum sufficient observation, pricing predictive lift against evidence volume,
sensitivity, burden, energy, latency, consent, and privacy risk (Sections 9.2-9.3). (5) A deployable
protocol: Core, Controlled, and Full deployment levels, a concrete evaluation protocol card, the
hypothesis ladder HO-H7, and a versioned release roadmap (Section 8; Appendices R.1 and R.4).
(6) Implemented artifacts: federated starter protocols, machine-readable schemas, cross-task
transfer specification, and a synthetic reference harness (Appendices B, C; Appendix Q.3).

2 The measurement gap

Memory and personalization are becoming product claims across Al assistants, copilots, agents,
healthcare Al, enterprise Al, education Al, wearables, and robotics. Without a benchmark, those
claims are evaluated through demos, anecdotes, subjective preference, or retrospective examples.
Companies need to know whether adding memory, sensors, context, or longitudinal data actually



improves target-specific prediction; labs need a way to compare architectures, memory systems,
context windows, retrieval methods, agent traces, multimodal observation streams, and privacy
constraints on identical sealed instances; regulators, enterprise buyers, and users need evidence that
systems improve through meaningful target modeling rather than through more surveillance or
more stored context. TargetSpace is proposed as the evaluation layer for that market: it supplies
the ruler, not another assistant, standardizing the question of whether a model has learned this
target and whether longitudinal evidence creates measurable target-specific lift. The need is not
confined to personal Al: Table 1 sketches the industries in which longitudinal systems make the
same claim about different targets, and in which the same two questions recur — does the system
predict this target’s next state transitions beyond generic and routine baselines, and which evidence
earns its cost? In this sense each benchmark query defines an operational possibility space: before
the resolution window closes, several future target states remain possible, and the benchmark asks
whether passive longitudinal observation lets a system assign better-calibrated probabilities over
those possibilities (Section 3.1).

TargetSpace does not invent the intuition that longitudinal evidence can improve prediction:
industrial telemetry, learning analytics, recommender systems, mobility modeling, and personal-
assistance prototypes already use temporal traces to anticipate future states (Section 10, Table 16).
What is missing is a shared apparatus that makes those gains prospective, target-specific, calibrated,
controlled, and comparable.

What TargetSpace defines as progress. A benchmark changes a field by defining what
improvement means, and TargetSpace defines improvement as validated target-specific predictive lift.
That definition gives builders, labs, buyers, and regulators a single yardstick for the measurement
gap the field now faces. It prescribes no model class, architecture, memory system, sensor stack,
or algorithmic path; it puts pressure on the whole loop — observation, representation, prediction,
calibration, evidence minimization, validation. Representation is not prescribed, but the benchmark
rewards representations that preserve the target-specific temporal structure needed to predict
unresolved future states beyond population priors, routine baselines, and retrieval. Prediction is not
a model class; it is the requirement that a system expose its belief as a calibrated distribution over
the operational possibility space before resolution. A score can rise at any stage of the loop; the
stack equally fixes what it cannot be improved by — stored memory that never becomes prospective
skill fails against R2 and the retrieval-only arm, invasive capture that adds no gated lift loses under
minimum sufficient observation, and scale that only sharpens population priors fails the wrong-target
control. TargetSpace forces progress in target modeling, not merely model scaling, memory storage,
or data capture: it rewards any system that can transform longitudinal observation into prospective,
calibrated, target-specific prediction beyond routine and retrieval. Figure 1 names the loop; Table 2
states how the benchmark measures improvement at each stage.

Lobservation Hrepresen‘ﬂationH prediction H calibration }{ .ex'nd.encci }[ validation ]
minimization

~ = —

validated lift feeds the next observation design

Figure 1: The TargetSpace loop. Systems can improve at any stage; the benchmark scores the loop
end-to-end and prescribes no architecture.



Table 1: Where target-specific evaluation matters. One benchmark question recurs across industries;
only the target, the state transitions, and the evidence-cost trade-off change.

Industry Target State transitions Evidence-cost question
Personal Al a person attention shifts, focus recovery, = does memory improve
priority changes, commitment target-specific prediction?
follow-through
Autonomous road users, lane choices, merges, yielding, which sensor stack yields what
vehicles driver handovers, route deviations lift at what cost and latency?
Robotics worker, task phase changes, error does observing the environment
workcell recovery, tool handoffs, workflow beat replaying demonstrations?
interruptions
Healthcare a patient symptom escalation, adherence  does longitudinal sensing predict
breaks, recovery phases, care beyond clinical baselines?
transitions
Enterprise team, project blockers, decisions, ownership does organizational memory
copilots shifts, deadline slips predict beyond process priors?
Education a learner mastery gains, confusion spikes, does the system predict this
engagement drop-off, recovery student beyond curriculum
priors?
Industrial ops machine, degradation onset, fault does richer sensing justify its
process escalation, regime shifts, cost per unit of lift?

Security & fraud

Buildings &

user, entity

building, grid

maintenance windows

login anomalies,
account-takeover signals,
transaction pattern shifts

occupancy shifts, demand spikes,

does entity modeling lift
prediction within governance
limits?

does added instrumentation pay

energy asset equipment faults, load-shedding for itself in predictive lift?
events
Table 2: What counts as improvement, and how TargetSpace measures it.
Improvement How the benchmark measures it

Better observation

Better representation
Better prediction algorithm
Better calibration

Better evidence attribution
Lower evidence cost

Better robustness

evidence-tier ablation: gated skill per added stream

skill over R2 concentrated in transitions; cross-task transfer
skill over R1/R2 at a fixed evidence tier (grid column)

calibration intercept/slope, reliability, honest abstention

explanation-faithfulness and ablation-consistency checks

evidence efficiency; minimum sufficient observation
regime-shift strata and out-of-distribution degradation curves

3 TargetSpace overview

TargetSpace is a benchmark apparatus for turning passive longitudinal evidence into sealed, proper-
scored predictions of target-state transitions. It defines the task, answer spaces, baselines, scoring
rules, validity stack, and evidence-cost reporting needed to compare whether systems have learned
a target well enough to predict its future states; datasets, devices, and architectures instantiate
the apparatus — the sense in which ImageNet [1] is distinct from any network trained on it —



and the benchmark evaluates the end-to-end loop from observation to validation, organized as a
shared apparatus with multiple application tracks (Appendix Q.2). The systems in scope, ambient
target-state systems, capture longitudinal observations passively or semi-passively across days to
months (audio, screen traces, location, documents, calendar, interactions, sensor data) and turn
them into persistent representations meant to anticipate future-relevant states; both the raw signal
and the derived memory and model built from it are objects of evaluation and, as Section 11 argues,
of governance (the capture-to-inference ladder is Appendix N, Table 24).

3.1 Target states and observable transitions

TargetSpace scores predictions of target-state transitions. A target state is a pre-registered
configuration, resolved through observable evidence, that a target may enter, maintain, resume, or
abandon: a commitment completed or deferred, a priority maintained or displaced, a task continued
or switched, a patient state stabilized or worsened, a vehicle maneuver initiated or avoided, a
machine state remaining nominal or degrading. Each target state is tied to a deterministic resolution
rule over future evidence, which makes the benchmark operational: it scores the trajectory a target
actually traces, read through observable resolutions, rather than a profile, a preference label, or a
retrospective summary.

At any moment a partially observed target occupies a possibility space — the set of states it
may move into next — and this is the source of the benchmark’s name: TargetSpace scores how
well a system predicts how that space resolves, under sealed, proper-scored conditions. Transitions
matter because the moments when the trajectory changes are where routine baselines are weakest
and target-specific skill is most informative. The benchmark therefore treats the transition categories
— emergence, stabilization, competition, displacement, abandonment, resumption, and constraint- or
opportunity-driven change — as prediction targets with deterministic resolution rules (Appendix I),
which separates the task from recognizing which fixed objective is active in goal- and plan-recognition
work (Appendix K.2). The path a target traces through these transitions is its observed trajectory:
not a fixed profile of what the target is, but the sequence of states it enters, maintains, resumes, or
leaves, each read through an observable resolution, which the benchmark asks a model to anticipate
from observable evidence.

3.2 Definitions and the prediction unit

A target-system instance is a specific partially observed adaptive system tracked over time (a
person, animal, robot, organization, project, software agent, market). A latent target state is a
configuration it enters, maintains, resumes, or abandons, and a transition path is the sequence of
target states it moves through — the object a model is asked to predict. A benchmark instance
is the tuple (7, E<;, q, A, 7): instance ¢; evidence up to time ¢; a query ¢ about a future state
with discrete answer space A; and resolution time r > ¢ with a deterministic resolution rule;
the system outputs a distribution over A. Queries are organizer-issued, not entrant-chosen, so skill
cannot be inflated by predicting only easy instances; and because predictions are nested within
instance and serially dependent, inference is performed at the instance level, so the number of
independent instances, not the raw prediction count, bounds power for population-level claims.
Three background conditions — bounded achievable skill [8,9], evaluation only through observable
consequences, and non-stationarity of the instance — are stated in Appendix P. The measurement
is agnostic to which latent structure produces the predictions — the property that makes the grid
architecture-neutral (Section 6). Multi-horizon scoring is specified in Appendix H.



Formal scoring specification. The prediction unit can be stated compactly as follows. A sealed
prediction instance ¢ contains a target, a query g with finite resolvable answer space Ay, evidence E; <;
up to the sealed time ¢, a resolution time r > ¢, and a pre-registered deterministic resolution rule p,.
A system M emits a probability distribution

pu (- | Ei<t, q) € A(Ay),
sealed before the resolution window closes; the outcome then resolves as
Y, = Pq (Ei,(t,r]) € Aq'

Here A, is the finite resolvable answer space for query g — the operational possibility space: the future
states that remain possible before resolution — and A(A,) is the probability simplex over it; applying
the pre-registered rule p, selects the single outcome Y; that is scored. The primary per-instance score
is log skill over a reference R,

Al;(M, R) = logy pa (Y | E; <4, q) — log, pr(Y; | E; <4, q),

in bits. Aggregate Skill is the paired mean of Af; over sealed instances, reported separately against
the population prior R1 and an admitted own-routine baseline R2, with uncertainty computed at the
instance level under the blocked, target-clustered procedure (Appendix L). The Brier score [12] is a
secondary check; whether measured skill is target-specific and deployment-relevant is decided not by
the score alone but by the calibration and permutation-specificity gates and the evidence-ablation
and evidence-cost layers of the validity stack (Section 6). Operationally, TargetSpace asks whether
a system assigns more probability than the reference to the state that actually resolves, before that
resolution is observed.

Inclusion rule (hard). A target state is included in TargetSpace only if it has a pre-registered
observable resolution rule; otherwise it is evidence, not a scored state. Everything else — attention,
avoidance, concern, need, stated and inferred priorities, and any other latent construct — enters
only as evidence E<; and earns credit only once a pre-registered rule maps a future observable
consequence into the answer space. The pipeline is fixed and one-directional — evidence — latent
construct — prediction question ¢ — answer space A — deterministic resolution rule
— scored outcome — and only the last object is scored (assumption A2). Observable outcomes
are not treated as the target-state itself, but as pre-registered consequences through which a latent
target-state prediction can be scored. Three corollaries follow: attention is evidence, never a scored
state (Appendix Q.1); self-report may be evidence but is never the outcome label for an instance in
which it was also a model input (Appendix R.2); and causal claims require intervention or explicit
identification, outside the default observational benchmark (Section 11). Worked boundary examples
— valid, invalid, and out-of-scope candidates — are in Appendix P (Table 26).

3.3 The walk-forward sealed protocol

A retrospective benchmark replays logged histories, so apparent prediction becomes partly retrieval,
the failure that motivated contamination-resistant designs [3,4]. TargetSpace privileges a prospective,
sealed mode: predictions are timestamped and sealed (SHA-256) before outcomes exist and resolved
automatically, under strict walk-forward evaluation (only evidence timestamped < ¢, indices rebuilt
per slice; random cross-validation prohibited). Sealing binds only when the commitment leaves the
submitter’s control: the hash must be lodged with an external witness — the organizer’s registry or a
trusted timestamping service — before resolution, with the clock source declared. A hash generated
and held on the submitter’s own machine proves nothing; runs without external commitment are
labelled self-attested rather than contamination-audited. For sensitive longitudinal first-person data



the harness can run where the data lives (federation), exporting only sealed predictions, resolved
outcomes, and aggregate reports, so the scoring protocol is separable from the later consent-governed
construction of a shared corpus (Section 11). Because target-specific prediction is longitudinal
rather than IID the evaluation preserves chronology; and because a prediction is scored against
sealed external outcomes rather than internal self-consistency, a system that produces confident
rollouts in its own simulator earns no credit until they resolve against what the target actually did
— a guard against a model that is competent only inside its own dream.

4 Why prediction?

Several observables could anchor a benchmark of target-specific understanding, and none is sufficient
alone. Table 3 compares the candidates. Prospective state-transition prediction is chosen as the
anchor not because it exhausts understanding, but because it is prospective, falsifiable, naturally
quantitative, comparable across systems and architectures — including black-box commercial
systems — deployable in commercial settings, and directly tied to whether a model of a target
has predictive force. The alternatives each fail as an anchor while remaining valuable as modules:
intervention and control are often stronger evidence but are risky, ethically constrained, confounded
by execution, and hard to standardize; counterfactual reasoning is crucial but hard to verify
without experiments or natural experiments; planning mixes understanding with optimization,
objective selection, tool access, and execution quality; explanation is useful but vulnerable to
post-hoc rationalization; compression and generalization are elegant but harder to communicate
and operationalize; retrospective reconstruction and summarization are useful baselines but too
easy to satisfy with retrieval; and internal-representation probing is valuable when internals are
available, which for many commercial systems they are not. Prediction is the anchor; the validity
stack determines whether the prediction is meaningful.

In Pearl’s causal hierarchy, prediction from passive observation sits primarily at the associational
level; intervention and counterfactual reasoning require stronger causal structure [85]. TargetSpace
therefore does not equate prediction with causal understanding: it uses prospective prediction as the
scalable anchor observable and adds counterfactual and interventional modules only where ground
truth, ethics, and domain design permit (Sections 6.1 and 8).

5 When prediction fails as a proxy

A prediction benchmark must not be naive about prediction. Six failure modes are standing
objections. Goodhart dynamics: once a proxy becomes the optimization target, systems can
improve the proxy without improving the capability it was meant to measure [87]. Shortcut
learning: models exploit shallow correlations that happen to predict outcomes in-distribution
[86]. Causal blindness: the associational ceiling of Section 4 [85]. Predictive opacity: accurate
predictions need not yield human-understandable explanations [74]. Distribution shift: shortcut
predictors collapse outside routine patterns. Contamination and retrospective leakage: without
temporal sealing, apparent prediction is partly retrieval [3,4].

The TargetSpace validity stack is designed precisely to answer these risks. Sealing and walk-
forward evaluation answer contamination. The R2 own-routine baseline and the retrieval-only
comparison answer the cheapest shortcuts — habit replay and lookup. The wrong-target control
answers correlations that are generic rather than target-specific. Regime-shift stratification and
out-of-distribution degradation curves answer distribution shift: structural target modeling should
degrade more gracefully than shortcut prediction when the target departs from routine. Explanation-



Table 3: Candidate observables for target-specific understanding. Prediction anchors the benchmark;
the others enter as validity-stack modules where they can be verified.

Observable What it tests Strength / limitation as Role in
anchor TargetSpace

Prospective predictive force of falsifiable, quantitative, anchor metric

state-transition the target model comparable,

prediction black-box-compatible /

Intervention / control

causal grasp of
target dynamics

associational only

strongest evidence / risky,
ethically constrained,
execution-confounded

optional module
(where ethical)

Counterfactual model of unrealized  probes structure / hard to verify —advanced probe (Full)
reasoning alternatives without experiments
Planning using the model to deployment-relevant / mixes downstream track
act modeling with optimization and ~ (HT7)
tools
Explanation human-legible interpretable / vulnerable to faithfulness check

Compression /

account of the model

structure captured

post-hoc rationalization

principled / hard to

(Full)

implicit in transfer

generalization per bit operationalize and communicate  (H6)
Retrospective recall of the record easy to run / satisfied by baseline to beat
reconstruction retrieval alone

Internal- what hidden states mechanistic / requires white-box optional module
representation encode access

probing

faithfulness checks answer opacity where explanations are offered, and the counterfactual and
intervention modules address — without claiming to close — the associational ceiling. Goodhart
pressure is answered structurally rather than by exhortation: the stack is a conjunction, and
optimizing any single layer while failing another downgrades the claim (Appendix L.2, Table 20).

6 The TargetSpace validity stack

We present the controls not as a loose conjunction of desirable properties but as a stack: each layer
removes a way a prediction can look like understanding without being target-specific. Layers 1-7 —
the target-specificity stack — are mandatory; extended layers (Section 6.1) and deployment levels
(Section 8) define how much of the full apparatus a given evaluation carries. TargetSpace adopts
most of these tools from prior work (Section 10); its contribution is the conjunction, assembling
them around a single question, whether a prediction is genuinely about the target system, with
the own-routine baseline and the permutation gate as the two layers that make the stack test
target-specificity rather than generic predictive quality.

The stack (Table 4) composes into a single decision rule: a prediction earns target-specific credit
only if it beats R1, beats an admitted R2 (one that itself beats R1), passes calibration, and fails
under permutation. Removing any one layer reopens a way to score well without target-specific
skill, which is why we present them together rather than as separable contributions. We are
equally explicit about what a passed stack establishes: calibrated, person-specific predictive skill
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Table 4: The target-specificity stack. Layers 1-3, 5, and 7 are established tools we adopt and cite;
layers 4 and 6 — the own-routine baseline and the permutation specificity gate — are the anchors
that make the stack a test of target-specificity rather than of generic predictive quality. Most
components are adopted from prior work; the novelty is their assembly around one measurable
question, not isolated invention of any part.

Layer What it removes / establishes Role in
TargetSpace
1. Prospective sealing predictions sealed and timestamped before outcomes adopted tool [13]
exist — removes hindsight rationalization and contami-
nation
2. Proper scoring log / Brier scoring of the whole distribution — rewards adopted tool
calibrated probabilities, not cherry-picked accuracy [10-12]
3. R1 population-prior skill must exceed population base rates — filters out adopted tool [48]
baseline generic base-rate prediction
4. R2 own-routine skill must exceed the target’s own strong routine — filters TargetSpace
baseline out routine mimicry anchor
5. Calibration gate calibration intercept/slope and reliability (ECE a coarse adopted tool [6]
diagnostic at small n) — filters out overconfident lucky
prediction
6. Permutation skill must collapse when predictions are matched to the TargetSpace
specificity gate wrong target — tests dependence on the correct instance anchor
pairing
7. Evidence ablation skill as a function of evidence tier — measures which adopted tool
streams add target-specific information [39,40]

beyond R2’s declared feature set. It does not, by itself, establish dynamic latent-state modeling:
a stable idiosyncratic rule outside R2’s features — this person cancels whatever collides with a
standing obligation — beats R2 and collapses under permutation while modeling no dynamics at
all. Any claim about transition modeling therefore rests on the routine/transition stratification
(Appendix R.2), where skill concentrated in transition cases is the evidence that separates dynamics
from a static per-person profile. Beating R2 is the line between modeling the target’s routine and
modeling the target; the strata say which kind of modeling it was.

A hierarchy of claims. What a result licenses is graded, and the apparatus establishes each
level separately rather than letting one leak into the next. Level 1 — task skill: the system
predicts one behavioural outcome above R1. Level 2 — target-specific task skill: it beats an
admitted R2, stays calibrated, and its skill collapses under wrong-target permutation. Level 3 —
dynamic target modeling: its advantage depends on correct temporal order (the shuffled-history
control) and concentrates in transition cases. Level 4 — reusable personal representation: a
frozen representation transfers prospectively to held-out task families without labeled adaptation
(Appendix Q.3, hypothesis H6). Level 5 — downstream utility: the validated representation
improves assistance under a separate intervention protocol (hypothesis H7). The benchmark
proper tests Levels 1-3. Levels 1-2 alone are evidence consistent with a target-specific personal
representation, never a demonstrated personal world model; describing a particular system as
maintaining a personal world model is language earned only at Level 4, across multiple, diverse
held-out families. This grading is the paper’s answer to a fair objection — that a battery of task
predictions might measure a collection of narrow behavioural predictors rather than a model of
the person: the objection is correct about Levels 1-2, addressed by temporal-order and transition
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evidence at Level 3, and settled only by transfer at Level 4.

Holding the prediction unit and scoring fixed, the stack is applied across an evaluation grid
that varies what a system may observe (the evidence tier, from low-content behavioural metadata,
L0, to physiological sensors, L6) and what kind of system it is (the architecture class: LLM, VLM,
multimodal agent, latent-predictive, symbolic/probabilistic, reactive policy, hybrid, plus human
self-report and oracle anchors). Every cell is comparable because every system emits a distribution
over the same answer space on the same sealed instance, through a disclosed output adapter reported
as part of the system under test. The full architecture-class and evidence-ladder specifications,
including the per-tier privacy-risk taxonomy, are in Appendix M; whether richer evidence helps is
measured by the tier ablation (skill over R2 per tier), never assumed.

6.1 Extended validity layers

Beyond the target-specificity stack, six layers extend what a passed evaluation can license. (8)
Retrieval-only comparison: the same evidence through a retrieval-and-summarization pipeline
with no predictive model; lift a system cannot show over this arm is lookup, not modeling. (9)
Regime-shift and novelty tests: transition-heavy instances are scored separately, because shallow
repetition suffices everywhere else. (10) Out-of-distribution degradation curves: skill reported
over a pre-registered distance-from-routine measure (for example, R2’s surprisal on the realized
outcome); structural target modeling should degrade gracefully where shortcut prediction collapses.
(11) Counterfactual probes (advanced): estimates of how target states would change under
altered conditions, scored only where natural experiments or domain structure supply verifiable
ground truth [85]. (12) Explanation faithfulness: masking the evidence an explanation names
must degrade the prediction accordingly, so explanations cannot rationalize outputs after the fact.
(13) Internal-representation probes (optional): where internals are available, whether hidden
states encode stable target variables, temporal structure, and uncertainty; never required, because
many systems under evaluation are black-box. TargetSpace does not ask only: did the model
predict the target’s future? It asks: did it predict for the right reasons, under uncertainty, under
perturbation, and beyond routine?

[explanation faithfulness (+ optional probes)}

counterfactual probes

evidence-cost reporting

OOD degradation curves

regime-shift strata

evidence ablation

wrong-target control Controlled

calibration

R2 own-routine baseline

R1 population prior Core

proper scoring

| }
| J
{ }
| J
| J
[ retrieval-only arm } Full
| J
{ }
| J
| J
| J
| J

sealed prospective prediction

Figure 2: The TargetSpace validity stack by deployment level. Each level is a strict superset of the
one below; a report states its level, and claims are licensed accordingly.
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7 Minimal protocol and worked example

This section instantiates the protocol: the flagship personal track, a minimal runnable task, the
adopted scoring foundation, and a synthetic worked example. The scoring foundation is established
practice we adopt and cite; extended metrics, including the possibility-space-resolution metrics, are
in Appendix L, where ‘collapse’ is the flagged epistemic metaphor of Appendix O — a distribution
concentrating — with no physical meaning.

7.1 The flagship personal track

The personal track (TS-Personal) is the flagship instantiation and the only one carried beyond
formulation here, because the observation bottleneck bites hardest for individual people. The target
is a consenting individual; the scored target states are categories such as commitment active versus
abandoned, priority maintained versus displaced, and task continuation versus switch, each with a
deterministic resolution rule (Appendix I); attention, concerns, and avoidance enter only as evidence.
Evidence tiers run from already-externalized digital exhaust (calendar metadata, user-authored text)
through passive audio, egocentric audiovisual capture, and location to physiology (Appendix M);
higher tiers may offer more independent access to state, but the benchmark scores only observable
future outcomes and never accesses experience itself. The sharpened question is target-specific: does
passive first-person evidence help a model predict this person’s future transitions beyond population
priors, beyond their own routine, and beyond their own self-report? The evidence hypothesis is
stated in Appendix O: exhaust encodes routine, and higher tiers may reveal the deviations where
skill over R2 is earned. Additional tracks (health, energy, robotics, enterprise) and the cross-task
transfer criterion are specified in Appendices Q.2 and Q.3.

7.2 A minimal runnable task

To fix ideas, one pilot-ready task — the Recurring-Commitment Completion Prediction — is
runnable on current language models, agents, and retrieval or memory systems. Given timestamped
evidence up to a sealed time T (calendar and task history, communication metadata, prior comple-
tion/defer/cancel history; optionally text traces and passive-observation summaries), the system
predicts how a scheduled recurring commitment resolves by resolution time r, over the answer space
A = {complete, defer, cancel, replace}. R1 and R2 are fit walk-forward on evidence before T’; a
deterministic rule over later observable evidence (calendar status, attendance, task completion, or a
pre-registered behavioural marker) fixes the outcome; scoring is log score (bits) and Brier against the
sealed outcome, reported as skill over R1 and over R2; and a permutation test across matched targets
must reduce or collapse the skill. The full specification is Appendix H. This is the shape of every
personal-track task: the transition types it draws from are catalogued in Appendix I. For a builder,
it makes a memory or context feature auditable — run the same sealed task with and without
the feature and read its prospective lift over R1 and R2, across evidence tiers and architectures
(Table 25); a feature that fails the comparison may still be valuable retrieval or personalization, but
it has not shown that it models the user’s evolving target state.

7.3 Preserved foundation (adopted)

Predictions are scored with strictly proper rules: the log score (primary; the log-likelihood In p
of the sealed outcome, so higher is better) and Brier score (secondary) [10-12]. The headline
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quantity is Skill, in bits:

Sill = mean log-scoregygiem

— mean 1Og‘Scorereference
In2 ,

a paired comparison on identical sealed instances. Skill is read as relative log-score improvement
in bits — a plug-in estimate rather than a measured information quantity (estimation caveats in
Appendix L). Skill is reported against R1 (population prior, estimated leave-one-out without the
scored target’s history, matched on question type, answer space, and horizon; the entry condition)
and R2 (the target’s recency-weighted, walk-forward routine; the target-specific condition). R2 is
pre-registered, organizer-fit, and frozen (Appendix D); it is admitted only if it beats R1 on historical
walk-forward slices for the same question family, answer space, and horizon, and otherwise that task
is not counted as a target-specificity test — so ‘skill over R2’ cannot be manufactured against a
weak baseline. Calibration gates the result [6] through intercept/slope and reliability diagnostics —
classwise for multiclass answer spaces [75], with sparse classes reported as non-assessable rather than
passed; ECE bands, small-sample bias, and pilot-scale treatment are specified in Appendix L. The
permutation specificity gate scores a system’s model for instance ¢ against another instance’s
outcomes, matched within compatible question types, horizons, and answer spaces so target identity
is not confounded with base rates; skill that does not collapse was not target-specific. A pass
requires true-instance Skill over R2 to exceed matched-permutation Skill by a pre-registered margin
— margin exceedance, never the mere absence of permuted skill, so an underpowered run cannot back
into a specificity pass (details and power treatment in Appendix L). What a passed gate licenses
is instance-specificity: dependence on the correct prediction-to-outcome pairing, no more. Of this
stack, R1, proper scoring, calibration, and sealing are adopted directly from forecasting practice
[6,10-13]; the R2 baseline and the permutation gate are standard tools placed in a role that is not
standard — target-specificity control — so the contribution is their conjunction, not any element in
isolation. Full reporting details — probability floors, stratified aggregation, recalibration policy,
permutation-effect reporting and power, and day-blocked / person-clustered uncertainty — are in
Appendix L.

7.4 A worked instance (synthetic, illustrative)

To make the apparatus concrete, we work through one synthetic instance (invented numbers, no
participant, no result claimed). A single tracked person has a recurring Wednesday review on the
calendar, but this week passive signals show attention redirected to an urgent dependency. The
query is whether the review is completed by Wednesday 17:00 (answer space {completes, defers}).
R1 (population prior), R2 (this person’s own routine), and the evaluated model assign P(defers)
of 0.15, 0.10, and 0.70; the review is deferred, so the model gains about +2.2 bits over R1 and
+2.8 over R2 — skill the routine did not contain. Scored against a different person who kept their
review, the same prediction earns about —1.6 bits over that person’s R2, so its skill collapses and is
confirmed specific to this target. A model that had learned only base rates or this person’s habit
would match R1 or R2 and show no lift. (All numbers are illustrative.)

7.5 Reporting contract and protocol card

Table 5 states the whole protocol as a card a team can implement now.

TargetSpace is meant to be run, not only read. A researcher choosing to evaluate a system spec-
ifies, in order: (1) the target-system instances; (2) the prediction questions and their deterministic
resolution rules; (3) the evidence tiers the system may access; (4) the architecture class(es) under
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Table 5: The TargetSpace protocol card. Every element is pre-registered before sealing and disclosed
with the result.

Element Specification

Target definition a person, team, organization, patient, project, device, or environment, tracked as
a persistent instance with consistent identity

Observation window the period during which evidence is collected, with disclosed coverage and miss-
ingness

Prediction window the future period whose state transitions are predicted; horizons pre-registered

Target state variables  pre-registered discrete state or transition classes with deterministic resolution
rules

Evidence streams the information the system may access, by tier, under strict walk-forward access

Baselines generic prior (R1); routine/autocorrelation (R2, admitted only if it beats R1);

retrieval-only over the same evidence; wrong-target substitution

Sealing predictions timestamped and hashed before outcomes exist; external witness for
contamination-audited runs

Scoring log score (bits, primary) and Brier (secondary); calibration intercept/slope and
reliability; lift over each baseline

Reporting evidence used and its cost vector (volume, sensitivity, collection burden, energy,
latency, consent burden, privacy risk); ablation results; independent-target count;
deployment level

test; (5) the R1 population-prior and R2 own-routine baselines; (6) the sealed prediction times
and horizons; (7) the scoring metrics; and (8) the permutation test. The federated harness then
runs where the data lives and reports a standardized row: Skill vs R1, Skill vs R2, calibration
(pass/warn/fail), permutation result (collapses / survives), predictive lift by evidence tier,
the number of resolved predictions and the number of independent targets (the inferential
unit for between-person claims — a large prediction count from few targets is not a large sample),
the horizon, the target domain, and the minimal sufficient tier — the lowest evidence tier
whose gated skill falls within a pre-registered equivalence margin of the best arm, the field that
makes evidence minimization a ranking rule rather than a preference. The reporting contract is
the point: every row discloses, simultaneously, whether the system beat the average, beat the
routine, stayed calibrated, and depended on the correct target — so a reader can tell target-specific
predictive skill from generic prediction at a glance.

8 Deployment levels and reporting

The full apparatus defines the research direction; early implementations can start smaller without
forfeiting validity. Three levels (Table 6) fix what a reported evaluation must include.

Comparability has a trust model: because Skill over R2 is cohort- and baseline-relative, and
because a self-run federated evaluation makes the entrant simultaneously cohort-selector, R2-fitter,
and outcome-resolver, self-run outputs are self-attested within-study diagnostics, not leaderboard
entries. Cross-system ranking requires organizer-issued queries, an organizer-fit frozen R2, third-
party or rule-deterministic outcome resolution, and externally committed seals — the distinction
the verification-level field of every row records (Appendix B).
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Table 6: Deployment levels. Each level is a strict superset of the one before it; a report states its
level, and claims are licensed accordingly.

Level Required components

Core prospective state-transition prediction; temporal sealing and leakage control; calibra-
tion; generic (R1) and own-routine (R2) baselines

Controlled Core, plus wrong-target controls; retrieval-only comparison; evidence ablation; regime-
shift / novelty stratification; OOD degradation curves; evidence-cost reporting

Full Controlled, plus counterfactual probes; explanation faithfulness; complete privacy-
efficiency reporting; optional intervention modules where ethical and practical;
optional internal-representation probes where internals are available

9 Observation science and evidence cost

The benchmark turns observation hardware into a measurable variable. Every device that captures
longitudinal evidence occupies a point on two axes: what it observes (the evidence tiers of Section 7.1)
and what that observation costs in energy, burden, and risk. This section states the research program
that follows. It is formulation, not product guidance; it makes no hardware claims and reports no
measurements.

We call the program observation science: the disciplined study of which evidence streams are
needed to model a target over time, how costly they are to collect — financially, computationally,
socially, ethically, and energetically — and how much predictive lift they provide. TargetSpace
is not only a benchmark for models. It is also a benchmark for observation: which evidence is
worth collecting, at what cost, and for how much target-specific lift? Text logs, calendars, messages,
location traces, wearable streams, app events, team communication, and environmental sensors all
have different signal-to-cost profiles, and the benchmark deliberately does not reward the systems
that simply collect the most data. The trade-off is familiar from autonomous driving, where
camera-centric and sensor-rich stacks differ in cost, latency, robustness, and the predictive lift
they enable; the TargetSpace-style question is never which stack is more impressive, but which
observation architecture produces validated predictive lift at acceptable cost and risk. The same
discipline applies to every channel, including self-report: TargetSpace ranks channels by measured
predictive lift and cost, rather than presuming any channel is ground truth (Appendix O). The
name proposes a research program, not an established field. It draws on established fields —
personal sensing, lifelogging, mobile and ubiquitous sensing, egocentric vision, activity recognition,
wearable computing, privacy-preserving learning — and invents neither passive sensing nor personal
modeling: person-dependent evaluation, personalized-versus-population comparisons, and sensor
ablations are established sensing practice — from continuous multi-month smartphone and wearable
sensing of individuals [65,66,80] — and the contribution here is to standardize and harden them —
sealing, proper scoring, specificity gates, disclosed cost — into one comparable measurement. The
contribution is the measurement link: TargetSpace connects an observation choice to the gated,
target-specific predictive skill it produces, so that questions about sensing can be answered by
experiment rather than assumption. The central question decomposes into the themes of Table 29:
which modalities matter, how much coverage is required, when additional sensing stops helping,
which evidence improves skill beyond the target’s own routine, how missingness should be represented,
and how acquisition should be optimized under energy, burden, and privacy constraints — and,
on the model side, which architectures best convert the same evidence into skill, a question the
architecture-neutral grid (Section 6) already carries.
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Grounding sets the program’s premise: no model, however capable, can recover target-specific
state from evidence that does not contain it. Text, self-report, and digital exhaust are compressed
traces of a target’s activity; sensor and multimodal observation may carry additional signal, but
only at additional cost, burden, latency, energy, and privacy risk. The benchmark therefore
treats observation as an experimental variable: the question is never whether more capture is
better, but which evidence configuration earns its cost in gated skill — the evidence-efficiency and
minimum-sufficient-observation program of the subsections that follow.

9.1 Evidence efficiency

The evidence-tier ablation (Section 6) measures what each observation stream adds. Hardware

design needs the same quantity normalized by cost. Evidence efficiency is a family of experimental

ratios, not a single score: gated, target-specific predictive lift per disclosed unit of observation cost.

Cost is never only energy: the disclosed axes include privacy exposure and intrusiveness, user and

consent burden, hardware and instrumentation cost, compute and storage, latency, missingness and

maintenance, and institutional or ethical risk. The general form is conditional and incremental,
SkillRQ(M§ Ehase U Ek) - Ski”RQ(M; Ebase)

EE.(Ey | Epase) = Coste(Ey) 7
(&

where Fy.s is a pre-registered baseline evidence configuration, Ej, an added modality, sensor, or
sampling policy, Skillgo prospective skill over the own-routine baseline in bits, and Cost. a disclosed
observation cost with a pre-registered boundary. The numerator is admissible only when the run
passes every gate: prospective sealing, an admitted R2, acceptable calibration, collapse under wrong-
target permutation, disclosed coverage, matched model architecture across arms, pre-registered
evidence boundaries, and deterministic outcome resolution. Efficiency computed from ungated skill
is descriptive only and is never a target-specific claim. EE is also conditional by construction: it
measures the marginal value of Fj to a disclosed architecture at a disclosed baseline configuration,
not an architecture-free property of the evidence — a null increment may indict the model’s ability
to use a stream rather than the stream itself; increments are non-additive and ordering-dependent;
negative increments are admissible results. Cross-study comparison therefore fixes the reference
Fhase, the arm ordering, and the denominator unit as part of pre-registration.

Five cost instantiations — energy, worn hours, valid capture time, captured bits, and manual
interactions — are specified in Appendix S; the cost function is reported per axis, never collapsed
into one universal scalar (privacy in particular is a vector); and evidence efficiency is specified here
and measured nowhere yet. The pricing logic inherits from value-of-information analysis [97] and
information-based experimental design [93], cost-sensitive and active feature acquisition [94], early
time-series classification [95], efficiency-aware reporting in machine learning [96], and sensor-suite
prognostics [89]; the addition is binding each cost to validated target-specific lift.

9.2 The model-evidence frontier

Weak target-specific skill has two distinct causes, and conflating them misdirects effort (the bottleneck
argument of Appendix O, stated as a design tool). Skill can be low because of an evidence
limitation — the signal that would resolve the prediction was never captured, so no architecture
can recover it — or because of a model limitation — useful signal is present in the evidence, but
the architecture cannot exploit it. Richer sensing does not fix a model limitation, and a stronger
model does not fix an evidence limitation; the two failure cells look identical in a single skill number
and require opposite investments (the conceptual matrix is Appendix S, Figure 8).

17



TargetSpace separates the two experimentally, because it varies evidence and architecture on the
same sealed instances against the same gates. Hold the model fixed and vary the evidence tier, and
the change in gated skill is observation value (the evidence-tier ablation). Hold the evidence fixed
and vary the architecture class, and the change is model value (a column of the grid, Section 6).
Vary both and the envelope of best-achievable gated skill traces the model-evidence frontier.
Add the disclosed cost and privacy vectors and the frontier becomes a Pareto surface over skill,
energy, burden, and exposure (Section 9.3). The decomposition is directly useful: it tells a model
builder whether a more capable architecture would pay at the current sensing tier, a sensor team
whether a new modality would pay before it is built, and a privacy team which streams can be
removed with no loss of validated skill; Table 25 maps the full decision set.

9.3 Minimum sufficient observation

The design objective the family points at is minimum sufficient observation: a least-burdensome
governed evidence configuration that preserves a pre-specified, organizer-set level of gated, target-
specific predictive skill. The definition is per disclosed cost dimension — over the full cost vector,
whose privacy components are never scalarized, the well-posed object is a Pareto set rather than a
unique minimum — and the minimal configuration is identifiable only up to the skill estimate’s
confidence band. The quantity is task-dependent, and no universal minimum sensor suite exists:
for one outcome, calendar metadata may suffice; for another, audio may be necessary; for another,
sparse images may add real lift; for some outcomes, no acceptable observation configuration may
exist at all, and that finding is itself a benchmark result. Because gated skill is expected to saturate
while observation cost keeps rising (Figure 3), the benchmark rewards evidence minimization: when
less invasive sensing produces equivalent gated skill, the smaller configuration wins — minimum
sufficient governed observation, not maximal surveillance. The incentive is operative rather than
aspirational: the reporting contract carries a pre-registered equivalence margin, ties within the
margin rank the lower evidence tier first, and every headline result reports the minimal tier whose
gated skill falls within the margin of the best (Section 7.5). More invasive capture must earn its
place in bits, and when it cannot, it loses the comparison by rule, not by exhortation.

gated skill over R2 (bits)

target skill F-------------

e dominated configuration

[conceptual illustration — no data]

minimum sufficient

. observatjon . .
one disclosed cost dimension (e.g. energy); privacy is tracked as a separate vector

Figure 3: Minimum sufficient observation, conceptually. Gated skill is expected to saturate while
observation cost keeps rising; the research objective is the least burdensome governed configuration
that preserves a pre-specified skill level, and higher-cost configurations delivering no additional
gated skill are dominated. The curve is illustrative and carries no empirical content.
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10 Related work and positioning

Conceptual lineage, compactly. The commitments behind the benchmark are inherited, not
invented: learned internal structure that supports prediction [88], world models and joint-embedding
predictive architectures [15,17-19,77], predictive processing [16,21,83] and the memory-prediction
framework [84], the causal hierarchy that ranks association below intervention and counterfactuals
[85], and the standard distinction between predictive and explanatory modeling [74]. TargetSpace’s
novelty is not the claim that prediction matters; it is making prediction target-specific, longitudinal,
prospective, calibrated, and controlled. The extended lineage — including the proving-ground
argument and the capability conjunction — is Appendix J.

The world-model connection. World-model research [15] and LeCun’s JEPA agenda [17-19,77]
argue that intelligent systems require learned representations capable of predicting future states from
partial observation, in latent space rather than at the sensory surface — in LeCun’s formulation [17],
especially in domains richer than language. TargetSpace takes that intuition to the evaluation layer:
rather than requiring a world-model architecture, it asks whether any system — latent-predictive,
symbolic, retrieval-based, or an LLM with memory — can transform longitudinal evidence about
a target into calibrated predictions of that target’s next observable transitions. TargetSpace is
architecture-neutral, but it is aligned with the world-model view: a system’s claim to understand a
target should cash out in its ability to use partial longitudinal observation to predict that target’s
future state transitions.

Informal precedents across domains. The pattern anticipated in Section 2 is already visible,
informally, across domains: systems often improve when sparse declarations, static profiles, or one-
shot measurements are replaced by longitudinal evidence of what the target actually does. Industrial
prognostics predicts machine failure and remaining useful life from sensor telemetry [89]; learning
analytics predicts course outcomes from clickstream histories [90]; sequence-aware recommenders
predict next actions from behaviour histories rather than static preference profiles [91]; mobility
research shows next locations and routines to be highly — though not fully — predictable from
movement traces [9]; and ubiquitous-computing and personal-assistance work predicts routine and
attention from phone and interaction histories [66,92], with LLM personalization now drawing on
user history in the same spirit [25]. None of these literatures runs the full TargetSpace apparatus, and
none shows that richer longitudinal capture always helps; each instantiates a piece of the benchmark’s
central wager — that target-specific skill is best evaluated on future state transitions under evidence
that preserves temporal structure. TargetSpace formalizes this scattered practice into a controlled
apparatus: sealed prospective prediction, own-routine baselines, wrong-target controls, evidence
ablation, calibration, missingness reporting, and evidence-cost accounting (Table 16, Appendix J).

10.1 What prior work owns, by cluster (adopted, not claimed)

Credibility requires being explicit that TargetSpace invents none of its ingredients: it assembles
established tools around one question. We group the neighbours by cluster and keep only the
load-bearing comparisons here; the extended discussion and Table 17, itemizing each adopted
component and its use, are in Appendix K.

Personal sensing, phenotyping, and lifelogging. The nearest empirical neighbours gather
longitudinal individual-level signals from everyday life: experience sampling and ecological momen-
tary assessment [38], personal sensing [39], digital phenotyping [40], egocentric corpora [34,35], and
lifelogging with its constructive critique of total capture [58]; and latent states are demonstrably
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inferable from passive traces [59]. These are data resources that predict outcomes; TargetSpace
makes target-specificity the measured quantity, with self-report treated as auxiliary evidence on the
strength of the bias and self-other asymmetry literatures [36,37,44,56,57] (Appendix O).

User modeling, personalization, and goal recognition. Personalization [25], preference
modeling [29], persona and memory benchmarks [28,32], generative agents and digital twins [26,30],
a foundation model of cognition [31], and retrieval-augmented or long-context memory [47] predict
held-out responses or surface what happened; machine and Bayesian theory of mind [27] and goal
or plan recognition [14,33] infer which fixed goal explains behaviour. TargetSpace instead scores
whether stored history becomes an improved prediction of the next target-state transition under the
permutation gate.

World models and latent predictive learning. World-model agents [15,20], JEPA and its
variants [17-19], and predictive coding [21] learn to predict in a representation space; TargetSpace
scores the externally resolved transition, not the representation, and such systems enter the evaluation
grid as one architecture class among several (Section 6).

Forecasting, scoring, calibration, sealing, and contamination. Proper scoring [10-12],
calibration as a measured axis [6], sealed prospective event forecasting [13], and contamination-
resistant private evaluation [3,4,7] are adopted directly; they score external public events or fixed
tasks, not the target-state transitions of a tracked instance under an own-routine baseline and a
permutation gate.

Ethics of ambient capture and inferred data. A distinct literature governs the risks:
bystander and recording ethics [61], the privacy status of inferred rather than disclosed data [60],
manipulation via inferred state [62], workplace surveillance [64], and behavioural prediction as a
traded product [63]. These bear on the governance boundary of Section 11, where the derived
inference object, not only the raw signal, is the privacy boundary.

10.2 The conjunction

Each ingredient in Table 17 is occupied somewhere; the conjunction is not. We state the supported
claim narrowly: to our knowledge no existing benchmark scores prospective, calibrated,
proper-scored predictions of a tracked target system’s latent target-state transitions
under a strong instance-specific own-routine baseline (R2) and an instance-permutation
specificity gate, with an evidence-tier ablation, across architecture classes, linking the
choice of evidence configuration to the gated predictive skill it produces. We do not claim
to be first at architecture-neutral evaluation [22], cross-architecture comparison [23], calibrated
sealed prediction [13], evidence ablation, or resolution-timing [14]. The contribution is their assembly
around one measurable question.

A structured comparison of neighbouring benchmarks against the five dimensions (Appendix K,
Table 18) shows the pattern: prior work holds important subsets — sealed proper-scored prediction
(ForecastBench), a persistent individual (PersonaMem, Generative Agents, KnowMe-Bench), latent-
goal inference (EgoToM, ToMnet, goal /plan recognition), novel-task adaptation (ARC-AGI) — but
to our knowledge none combines all five in one prospective apparatus. The labels are cautious
design judgments, not measured scores, and the TargetSpace row reflects its proposed design, not
completed validation. The contrast with ARC-AGI [7] is representative: ARC asks whether a system
can acquire the skill to solve a novel task whose frame and success condition are given; TargetSpace
asks the earlier question of whether a system can infer the relevant frame — the latent target and
its likely transition — when nothing is framed for it. Both are needed; neither subsumes the other.
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10.3 Positioning

TargetSpace is not the best world-model benchmark, the first person-modeling dataset, or a
replacement for any neighbour above; it addresses a distinct, under-measured axis — target-specific
prediction under partial longitudinal observation — and is compared with other families only
where they overlap. Systems built for neighbouring benchmarks are candidate entrants here, not
competitors.

11 Discussion, limitations, and roadmap

Claim-by-claim status — what this pre-pilot paper claims, specifies, hypothesizes, and explicitly
does not claim — is tabulated in Appendix F (Table 11).

Benchmark validity is not deployment legitimacy. A TargetSpace score evaluates predic-
tive skill under the specified evidence, baselines, and controls: calibrated, prospective, target-specific
predictions about a consenting individual’s future observable states under sealed conditions. It does
not by itself authorize deployment, intervention, steering, surveillance, or consequential decisions
such as employment screening [64], insurance underwriting, or coercive use [62,63]; those uses require
separate evaluation, governance, and approval. A calibrated behaviour predictor is dual-use, and the
observe-not-intervene rule binds the benchmark, not downstream deployers; a containment /refusal
axis alongside the skill axis is required future work. Skill measured under passive observation is
predictive, not causal, unless interventional modules are run (extended boundaries in Appendix F.1).

Principal limitations. The most consequential: latent targets are evaluated only through
observable proxies; the federated design is holder-reproducible rather than publicly auditable;
small-cohort evaluation, selection bias, and overfitting to one idiosyncratic target limit external
validity, since the permutation gate guards cross-target leakage but not unrepresentative sampling;
capture can be reactive, so habituation windows and reactivity checks are required and induced
deviations are not read as transitions; targets drift, so R2 is re-fit walk-forward; predictability is
bounded [8,9], so reporting is per-instance; and the privacy and governance safeguards are design
commitments, not implemented features (no pilot has run, no review obtained). We specify informed
revocable consent, federation so raw data never leaves the target’s control, aggregate-only reporting,
institutional review before any deployment, and respect for recording law and bystander consent
[61]; a benchmark that rewarded changing the target would measure influence, not understanding.
The observation agenda adds governance surface: sensor minimization is an objective rather than an
afterthought (Section 9.3), non-wear must remain a costless choice rather than a penalized deviation,
energy and environmental cost are disclosed rather than externalized, and subgroup calibration
differences are treated as validity concerns before any deployment question arises. The full register
(L1-L16), unresolved issues, and a minimal safe pilot configuration are in Appendices F and E; no
public raw first-person dataset is released, and the synthetic harness and protocol are the released
artifacts.

11.1 The inference object, not the raw signal, is the privacy boundary

Privacy controls focused only on raw audio or video are incomplete. Even if recordings are deleted, an
ambient target-state system (Section 3) retains transcripts, embeddings, entity maps, commitments,
routines, and inferred priorities, derived objects often more searchable and actionable than the
recording itself (Table 24); their distinct legal and privacy status is the subject of a growing derived-
inference literature [60]. Deleting the recording does not delete the target-state risk if these layers
persist, and the same layering concentrates bystander, purpose-drift, and power-asymmetry risks.
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The boundary applies to the benchmark’s own exports: per-instance sealed predictions and resolved
labels are themselves derived inference objects about an identified participant. By default they
remain in the holder’s enclave; what crosses is aggregate reporting above a pre-registered minimum
cohort size, and the five-person feasibility cohort is below any releasable threshold — its per-instance
outputs are holder-internal by design [60]. Local processing and open-source implementations are
valuable mitigations [49,54], not complete solutions. These systems also have clearly beneficial uses
(accessibility, memory support, care coordination, safety), which is why a shared measurement and
governance vocabulary is needed rather than alarm; the industry cluster is in Appendix N.

Status and roadmap. This is release V1.0: a pre-pilot protocol release with a synthetic reference
harness and no human-subject results. The staged program runs from harness mechanics (Phase 0,
complete) through a five-person feasibility pilot, a simulation-powered confirmatory study, evidence-
tier and frontier studies, cross-task transfer, and downstream utility (Phases 1-5); releases V2
(pilot-derived benchmark tasks, baseline results, a DOI-linked release) and V3 (expanded tracks and
public leaderboards) map onto those phases. The hypothesis ladder HO-H7, the pilot design, and
the full roadmaps are in Appendix R.

11.2 What success and failure would mean

If the principal hypotheses hold — skill beyond R1 and an admitted R2, surviving calibration and
wrong-target controls, concentrated in regime shifts, rising with observation tier — the result would
make personal-model claims auditable, rank observation modalities by measured value, and open
evidence-minimizing sensing design. A well-designed null is equally informative, and the control
battery is built to say which null it is: systems performing retrieval and routine replay; sensors that
miss the state the outcomes depend on (an evidence limitation); architectures that cannot exploit
signal that is present (a model limitation); outcomes too intrinsically unpredictable to score [8,9];
or target-state definitions that need revision. The uninformative outcome is not a null — it is an
unaudited claim, which is where the field is now.

12 Conclusion

Personal Al is drifting toward evaluations of recall, memory, and stated-preference satisfaction,
which test how well a system re-serves what a person already externalized. TargetSpace proposes a
different bar: sealed, calibrated predictions of a specific target’s future observable state transitions.
R1 removes population base rates; R2 removes routine replay; the permutation gate tests whether the
prediction is about this target rather than the average; and the evidence-tier ablation measures what
passive observation adds over self-report. The R2 baseline and the permutation gate are the anchors,
and the rest is adopted and cited. This is a pre-pilot protocol with a synthetic harness and no
human-subject results; a high score establishes calibrated predictive skill over observable future states
under the protocol. The record is not the target; TargetSpace asks whether a system can predict
the target’s next transition rather than merely summarize its traces. TargetSpace is therefore also a
research-direction claim: progress in personal Al should not be measured only by richer memory
or more fluent personalization, but by prospective, calibrated skill at predicting target-specific
transitions under controlled baselines and specificity tests. A field that measures memory will build
better memory; a field that measures calibrated target-specific prediction will build systems that
model the people they serve. TargetSpace forces progress in target modeling, not merely model
scaling, memory storage, or data capture. The benchmark is the centerpiece; the industry map
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(Section 2; Appendix N) and evidence efficiency (Section 9) exist to make its question the one the
field optimizes. Evidence efficiency is the discipline that keeps that question from becoming a contest
in maximal capture: additional observation counts only when its lift survives baselines, ablations,
calibration, and cost accounting, and the preferred direction is minimum sufficient observation —
systems should improve by learning which evidence matters, not by collecting everything. Predict
the target, not the average, from what can be observed rather than what is professed: the target is
not a profile or a self-description, but an observed trajectory in motion. TargetSpace does not define
all of understanding; it makes one indispensable part — predictive understanding — measurable:
whether a system has formed a calibrated, target-specific model with predictive force over time.
Generic Al evaluations ask whether a model knows the world; TargetSpace asks whether a model
has learned this target.
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A Glossary of core terms

Definitions are deliberately compact; the body is authoritative where they differ.

Target state. A pre-registered configuration a target may enter, maintain, resume, or abandon;
evaluated only through observable consequences, never scored directly. Stated priority. What a
target declares it wants — evidence, not a scored quantity. Enacted priority. What a target’s
allocation of a scarce resource (attention, time) reveals, independent of what it states. Inferred
priority. What a model concludes a target is pursuing; evidence-bearing latent structure, scored
only via a mapped outcome. Implicit target. A latent orientation inferred from behaviour,
repetition, avoidance, or attention that the target has not declared and may not introspect. Score
target. A pre-registered discrete future state or transition with an externally observable resolution
— the only object that earns or loses credit; a candidate lacking such a rule is evidence, not a
score target. Inclusion rule (hard). A target state is included in TargetSpace only if it has a
pre-registered observable resolution rule; otherwise it is evidence, not a scored state (Section 3.2,
Table 26). Sealed outcome (outcome). The realized value of a score target at the resolution time,
fixed by a deterministic rule and hashed before it exists; scoring compares the sealed prediction
against it. Prediction horizon. The interval h = r — t from the sealed prediction time ¢ to the
resolution time r; predictions are specified and scored per horizon. Transition window. The span
over which a target-state transition is deemed to occur for resolution purposes, distinct from the
prediction horizon. Belief state. The observer/model’s distribution over a target’s latent variables,
updated as evidence arrives; a sufficient statistic of the history that the benchmark motivates but
never scores. Transition. A change in which target state a target enters, maintains, resumes,
or abandons: emergence, stabilization, competition, displacement, abandonment, resumption, or
opportunity-induced creation. Population-prior baseline (R1). A reference that predicts from
population base rates with no target-specific information; the entry condition a model must beat.
Own-routine baseline (R2). A pre-registered, walk-forward model of the target’s own recent
routine; skill over R2 is the headline target-specific signal. Evidence tier. A cumulative band of
the evidence ladder (Appendix M.2) describing which streams a system may use, from low-content
metadata to specialized sensors. Evidence ablation. Measuring skill over R2 as a function of
evidence tier, to test which streams add target-specific information. Permutation specificity
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gate. A test that scores a system’s predictions for one target against another target’s outcomes;
genuine target-specific skill should collapse. Prospective sealing. Timestamping and hashing
(SHA-256) a prediction before its outcome exists, preventing hindsight and leakage. Walk-forward
evaluation. Prequential scoring using only evidence timestamped at or before ¢; random cross-
validation is prohibited. Calibration gate. A pass/warn/fail check that stated confidence tracks
empirical frequency (proper scoring plus expected-calibration-error bands). Target-specific skill.
Calibrated predictive skill, in bits, that exceeds both R1 and R2 and collapses under permutation.
Epistemic resolution. The falling of the observer’s uncertainty as evidence accumulates (posterior
concentration), distinct from participatory formation in the target. Participatory dynamics.
Observable feedback, attention, action, and constraint signals through which a target’s own process
may change which futures remain reachable; recorded as auxiliary diagnostic variables (Appendix G),
never part of primary scoring.

Table 7: Protocol elements: each a concrete definition with its pre-registered option(s). Design
choices are fixed before a prediction is sealed and disclosed with the result.

Element

Definition

Pre-registered option(s)

Target
Target state
Prediction

Observation win-
dow

Prediction hori-
zZon

Label / outcome
Ground truth

Evaluation metric
Baseline
Uncertainty re-
porting

Leakage control

the tracked instance 7

latent configuration z; the target enters
or maintains

a distribution over the discrete answer
space A at time ¢

evidence F<; available up to predict time
t

h =r —t, from ¢ to resolution time r

the resolved value at r

how the outcome is established

how skill is scored
reference the system must beat
calibration and interval reporting

preventing use of future information

person / agent / system / organization /
process

scored only via observable consequences
(A2)

proper-scored; nonzero probability floor
zero- / short- / longitudinal-history arms
short / medium / long; scored per horizon

set by a deterministic resolution rule
observed action, sensor threshold, or
pre-registered rule; inter-rater reliability
where contestable

log score (bits), Brier; Skill over R1/R2
R1 population prior; R2 own-routine
calibration gate; day-blocked / person-
clustered intervals

sealing (SHA-256) + strict walk-forward,;
random CV prohibited

B Minimal synthetic harness and submission specification

Purpose and scope.

The minimal synthetic harness is a public, runnable reference implementation

for validating instance and forecast schemas, exercising proper-score and Skill computation, checking
the R1 and R2 baselines, running the permutation control, running calibration checks, running
evidence ablations, and producing a submission report. It is a smoke test plus reference path:
it is not the empirical validation dataset, and it is not evidence that the benchmark has been
experimentally validated. It uses no human data and supports no empirical claims. The harness
and this specification are distributed through the project website (https://targetspace.org) and
the public repository (https://github.com/yurisyl/targetspace-bench), and accompany the
preprint as ancillary files.
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What it does not demonstrate. No human data; no real personal intelligence; no evidence
that passive observation helps; no cross-domain validation; no safety validation.

Required input schema (instances and evidence). Per forecast instance: instance_id;
anonymized target_id (subject_id); forecast_time and resolution_time (or an ex-
plicit horizon); question_type; answer_space; the deterministic resolution_rule; and a
consent_status / eligibility flag. Per evidence record: segment_id; time window; modality
label (evidence tier LO-L6); optional text or transcript summary; and provenance pointers. Out-
come labels are withheld from the system under test and stored separately (instance_id, resolved
outcome, resolution provenance). Target-state or transition markers used to construct instances
follow the taxonomy of Appendix I. In the shipped TS-Personal JSON Schemas (the released
TargetSpace schema set) these generic fields instantiate concretely: the target is participant_id,
the instance is task_id, the question type is task_type, the resolved label is observed_answer, and
evidence modality /window are modalities with evidence_cutoff_time; the abstract vocabulary
here is the domain-general layer over that concrete personal-track schema.

Required output schema (per system). Per forecast: forecast_id, system_id, instance_id,
forecast_time, a probability for every element of answer_space (ranked candidates permitted for
ordered spaces); a payload sha256 seal recorded in the run/sealing manifest keyed by forecast_id (a
hash of the payload is stored alongside the record it seals, not inside it); and optional evidence_refs,
carried in the prediction metadata, identifying the segments supporting the prediction. Per run:
a metrics file (JSON or CSV) with the scores below; a run manifest (data slice, config, seeds,
timestamps); a model card or system description including the output adapter, retrieval/memory
access, and training cutoff; an ablation report per evidence tier; and the baseline comparison against
R1 and R2.

Baselines. The harness ships five reference conditions: RO, a uniform-random / prevalence
floor (sanity only); R1, the population-prior baseline fit leave-one-out without the scored target’s
history; R2, the target’s own-routine baseline (default recipe in Appendix D); the target-specific
system under test; and the permutation null, the system’s predictions scored against matched
wrong-target outcomes. Evidence-ablation variants re-run the system per evidence tier. R2 is the
decisive reference: a claimed TargetSpace improvement must beat R2 — not merely RO or generic
replay — and its skill must collapse under the permutation null.

Metrics. The harness reports, per horizon and per evidence tier: log score (bits; primary) and
Skill over R1 and over R2; Brier score; calibration (top-label ECE bands with pass/warn/fail, plus
intercept/slope where sample size permits); the permutation-control delta (true-pairing Skill minus
wrong-pairing Skill); and the evidence-ablation delta per tier. For binary or ranked answer spaces,
AUROC/AUPRC and top-k accuracy may be reported as secondary diagnostics; no composite score
is used, and lead-time (horizon-specific) performance is reported rather than pooled (Appendix L).

Command-line flow. The single-file demonstration is runnable today as python
targetspace_synthetic_demo.py and executes the full flow (generation, walk-forward evalua-
tion, R1/R2, scoring, calibration, permutation, ablation) in one run. The stepwise commands
below are the reference CLI specification — the intended command structure for the full submission
harness; they are not part of the arXiv ancillary bundle, which ships only the single-file harness (a
fuller reference implementation is maintained in the public repository):
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o python generate_synthetic_targets.py -config example_config.yaml (or: validate
your own data against the input schema)

e python run_walk_forward_eval.py -config example_config.yaml -baselines
r0,rl,r2

e python scoring.py -predictions runs/system/forecasts.jsonl -truth
data/outcomes. jsonl

e python permutation_test.py -predictions runs/system/forecasts.jsonl
-matching matched

e python run_walk_forward_eval.py -config example_config.yaml -ablate
evidence_tier

Ancillary files (shipped with release V1.0). README.md (run instructions and
scope); targetspace_synthetic_demo.py (the runnable single-file harness; Python 3.8+,
standard library only, deterministic); example_output.md (a captured reference run);
requirements.txt (no third-party dependencies). The stepwise standalone-script invocation named
above (generate_synthetic_targets.py, run_walk_forward_eval.py, permutation_test.py,
example_config.yaml) is a reference specification and is not part of the arXiv ancillary bundle,
which ships only the single-file harness. The corresponding capabilities — proper scoring, the R1/R2
baselines, and the permutation and calibration checks — are nonetheless implemented in the public
repository as an installable package and command-line tool, on synthetic data only and supporting
no empirical claim.

Submission readiness. A team with compliant longitudinal passive-observation data should be
able to use this specification to format a submission, run the reference checks, compare against
R1/R2, and generate a benchmark report. The synthetic harness verifies the mechanics; it does not
itself constitute a benchmark result.

Example leaderboard row. Values are illustrative synthetic outputs of the demo script; they
are not empirical results.

Table 8: Ilustrative synthetic leaderboard row produced by the demo script. Skill is measured in
bits over the named reference baseline.
system_id tier vs_R1 vs_R2 Dbrier «cal. warn perm. loss n_tgt n_fc

toy-L2 L2 +0.049 +40.036 0.183 none collapses 20 800

The columns report, in order, the system identifier, evidence tier, skill in bits over R1, skill in bits
over R2, Brier score, calibration-gate warning status, the permutation specificity outcome (skill
collapses under permutation, as required), and the target and prediction counts.

C Running TargetSpace on a product: implementation guide

This appendix is an operational recipe for a product team — a note-taking or memory app, a
wearable audio recorder, or multimodal glasses — to run a TargetSpace evaluation on its own users’
data without guessing. It reuses the released schemas (Appendix B) and adds no new record types.
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Everything below is a protocol usage guide, not an empirical claim; a run over real users must
satisfy the consent, privacy, and governance requirements of Section 11 and Appendix E.

Minimum-viable benchmark path

The smallest defensible run is seven steps; each maps to one released TargetSpace schema.

1.

Choose target instances. Select consenting users and a sealed evaluation window.
Register each as a target with participant.schema.json (participant_id, timezone,
routine_profile, allowed_tasks); for real users the synthetic fields are replaced by de-
identified profile metadata.

. Choose a task family. Pick one or more rows from the quickstart pack below. Each fixes a

task_type, an answer_space, and a deterministic resolution_rule.

. Freeze evidence tiers. Declare which evidence tiers (LO-L6, Appendix M.2) each

condition may use in evidence_manifest.schema.json (evidence_tier, modalities,
evidence_start_time, evidence_end_time, hash_manifest). One manifest per tier condi-
tion drives the evidence ablation.

. Generate sealed predictions. Before any outcome is observed, emit one

forecast.schema.json record per instance: a probability over every element of
answer_space, an evidence_cutoff_time < 7T, and a hash sealing the payload. Store
forecasts write-once.

. Resolve outcomes deterministically. At resolution time, apply the task’s resolution rule

to later observable evidence and write outcome.schema. json (observed_answer, resolver,
resolution_method). Outcomes are withheld from the system under test until sealing.

. Score against R1 and R2. Compute log score (bits, primary) and Brier per instance; report

Skill in bits over the population prior R1 and over the own-routine baseline R2 (Appendix D),
plus top-label calibration (ECE band). A claimed improvement must beat R2, not merely R1
or replay.

Run the permutation control and report the standard row. Re-score each sys-
tem against matched wrong-target outcomes; target-specific skill must collapse. Emit one
leaderboard.schema. json row (and a submission.schema. json record) with the columns
of Table 8: system_id, tier, vs_R1, vs_R2, brier, calibration status, permutation outcome,
n_tgt, n_fc.

Quickstart task pack

Six product-relevant task families, each expressible in forecast.schema. json with the answer
space and deterministic resolution rule shown. All are scored against R1/R2 with log score (bits),
calibration, and the permutation gate.

Three product-facing instantiations

o Note-taking / memory app (LO-L1). Evidence = notes, tasks, calendar, and communi-

cation metadata already in the app. Natural tasks: recurring-commitment completion and
response-latency bucket. Resolution is read from the app’s own state at the horizon. No new
sensing; the manifest declares tiers LO-L1 only.
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Table 9: Quickstart task pack. Each row is a task_type with a fixed answer_space and a
deterministic, pre-registered resolution_rule over later observable evidence. No subjective report
resolves an outcome.

Task family Answer space Resolution rule (deterministic)

Recurring-commitment  {complete, defer, cancel, re- Calendar/task status or a pre-registered behavioural
completion place} marker at the next scheduled occurrence fixes the label.

Meeting / event realiza- {attended, no-show, resched- Attendance signal (join event, location match, or logged
tion uled, cancelled} presence) within the event window.

Response-latency bucket  {<1h, 1-24h, 1-3d, >3d, no- Time from a flagged inbound obligation to the first out-
response} bound reply, bucketed; no reply before the horizon re-
solves to no-response.

Task continuation vs. {continue, switch, pause} The active task at T versus the active task after the

switch next transition boundary; continuation iff the same task
persists past the window.

Priority maintained vs. {maintained, displaced} Whether the top-priority commitment at T still receives

displaced sustained allocation after the window, or is supplanted
by a newly dominant one.

Engagement vs. avoid- {engaged, avoided} Engaged iff a substantive action on the named obliga-

ance of a defined obliga- tion (reply sent, document edited, task advanced) occurs

tion before the horizon; otherwise avoided.

o Wearable audio recorder (L2). Evidence = on-device transcripts and derived commit-
ments/entities from ambient speech (Appendix N), not raw audio. Natural tasks: meet-
ing/event realization and engagement vs. avoidance of a spoken obligation. Transcription
stays local; only sealed predictions and resolved labels leave the device.

o Multimodal glasses (L3—L4). Evidence adds embodied context — objects, screens, doc-
uments, and locations in view. Natural tasks: task continuation vs. switch and priority
maintained vs. displaced, where visual attention disambiguates transitions. Higher tiers carry
higher sensitivity, so bystander redaction and on-device filtering (below) are mandatory, and
the evidence-tier ablation measures whether L3-L4 actually buys skill over the L2 audio-only
condition.

Practical constraints (required for any real run)

o Consent and eligibility. Consenting adults only; per-instance consent_status/eligibility
gating; ethics or IRB review before recruitment (Appendix E).

e Bystander capture. Visible recording notice where feasible; bystander redaction or exclusion;
no capture in bathrooms, bedrooms, medical/legal settings, schools, children’s spaces, or
confidential meetings.

o Missingness. Missing evidence is a first-class state: instances without eligible evidence at T’
are reported, not silently dropped, and the R2 admission threshold (Appendix D) governs
which strata are scored.

o Device coverage. Report coverage per target (fraction of the window with usable evidence);
low-coverage targets are stratified separately, never pooled to inflate skill.

o Local / federated. Local-first storage; on-device filtering converts raw audio, video, and
screen streams into task-relevant semantic events before persistence (Section 3.3).

33



e No raw-data export. Only sealed predictions, resolved labels, and aggregate metrics leave
the client; no raw media or transcripts are exported by default.

o Aggregate reporting. Public output is the leaderboard row and aggregate diagnostics
(Table 8); no per-target trajectories or raw inference objects are published (Section 11).

D Default R2 own-routine baseline specification

This appendix fixes a pre-registered default recipe (v1) for the R2 own-routine baseline. The recipe
is provisional and protocol-configurable: the values below are defaults to be frozen before evaluation,
not claims about any observed data. The aim is to make R2 a fair, routine-only competitor against
which target-specific skill in bits can be measured without manufacturing lift against a weak baseline.

Admission. R2 is admitted for a given target and question type only when two conditions hold
jointly: the target has enough prior resolved history (see minimum history below), and R2 beats R1
on a pre-seal validation slice (or a rolling historical criterion fixed before the seal). When R2 does
not beat R1 on that slice, we report that R2 is not informative for that stratum and fall back to R1
as the reference; we do not manufacture target-specific lift by scoring against a deliberately weak
own-routine baseline.

Minimum history. The default minimum is the stricter of 20 prior resolved opportunities or 14
days of eligible history per target and question type. Strata that do not meet this threshold are not
admitted for R2 and are reported separately. The threshold is provisional and protocol-configurable.

Features (allowed). R2 may use only simple pre-prediction routine features: marginal historical
frequency for the target x question type; recency-weighted frequency; persistence or previous target
state; recent target-state transition counts; time-of-day; day-of-week; and known recurring calendar
or deadline commitments that are available before prediction time.

Exclusions. R2 may not use any of the following: passive audio, video, or screen content;
semantic text content beyond pre-specified routine labels; any future information relative to the
evidence available up to time t; entrant model outputs; manually selected post-hoc features; or any
representation learned from the scored test outcomes.

Fitting. R2 is organizer-fit and frozen before evaluation. Fitting is walk-forward only: no random
cross-validation and no tuning against test outcomes. Parameters are estimated from history
available before each prediction time and never revised using resolved test labels.

Smoothing. R2 applies a pre-registered smoothing scheme and a nonzero probability floor over the
answer space A, so that every admitted answer receives positive probability and proper scores (log
score in bits, Brier) remain finite. Exact smoothing constants and the floor are protocol parameters
fixed before test results are seen.

Reporting. Skill in bits is reported against R1 and against R2 separately, never collapsed into a
single number. Strata in which R2 fails admission are reported as such, with R1 as the reference.
Incomparable answer spaces are not pooled without strata.
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E Safe pilot configuration

The benchmark can be tested without assembling an uncontrolled lifelogging dataset. Table 10 lists
a default minimal safe pilot configuration, and Figure 4 shows the federated, local-first architecture
it assumes: raw capture stays on the participant device, and only sealed predictions, resolved labels,
and aggregate metrics leave the client.

Table 10: Minimal safe pilot configuration. The benchmark can be tested without creating an
uncontrolled lifelogging dataset. The following practical controls are the default for any pilot.

Default controls for a minimal safe pilot

e Consenting adults only.

e Local-first storage.

e No public release of raw video or audio.

e No raw third-party export by default.

e Only sealed predictions and aggregate metrics leave the device or client.

e Participant controls for review, pause, deletion, and opt-out.

e No capture in bathrooms, bedrooms, medical or legal settings, schools, children’s spaces, or confidential
meetings.

e Visible recording notice where feasible or required.

e Bystander handling as a hard constraint: on-device enrolled-speaker filtering with immediate discard of

non-enrolled speech as the default L2 configuration; diarization uncertainty resolves to discard; egocentric
video admitted only under venue-based capture rules [68,69,70].

Short raw-media retention window unless explicitly consented otherwise.

Ethics / IRB (or equivalent) review before recruitment.

Special handling for third-party content, employee contexts, children, and sensitive data.

On-device (local) boundary

-
Local feature

! l

| ) E— |

! Participant extraction, Local pre- |

! device / redaction, diction !

! local storage priva-ucy generation |

! filtering !

| |

! Sealed kealed prediction

‘ Later local prediction label, metrics Aggregate

| outcome (hash + ! leaderboard /
| resolution probability) ! reporting only
| |

| |

\ I

Figure 4: Safe federated pilot architecture. Raw audio, video, and screen data stay on the participant
device: feature extraction, redaction, privacy filtering, prediction generation, sealing (hash and
probability), and outcome resolution all run locally within the dashed on-device boundary. Only
the sealed prediction (and, later, resolved labels and aggregate metrics) leaves the client; the
off-device stage performs aggregate leaderboard and reporting computation only. No raw capture is
transmitted.
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F Limitations register

For reference, Table 11 states what this pre-pilot paper claims and does not claim.

Table 11: What this pre-pilot paper does and does not claim.

Item

Status

TargetSpace benchmark framework
The personal track (TS-Personal) / personal
intelligence

Self-report as auxiliary evidence, not the substrate
Synthetic demonstration harness

Human pilot results

Cross-domain empirical validation

Passive observation improves prediction

Attention causes target formation

Public raw first-person dataset

Understanding, consciousness, or unbiased capture

Claimed (specified here)

Specified as flagship track; “personal intelligence” is a
bounded, product-facing label for that track’s target
capability, operationalized only as the prediction
task — not a claim of general intelligence

Framing claim (Appendix O)

Implemented; sanity check only

Not claimed (no pilot run)

Not claimed

Hypothesis; to be tested by evidence ablation

Not claimed; tested for incremental predictive value
Staged, consent-governed release planned; not in
initial release

Not claimed; a high score establishes calibrated pre-

dictive skill about observable future states only, and
passive capture carries measurable, not absent, bias
Not authorized by a score; requires separate evalua-
tion, governance, and approval (Appendix F.1)

Deployment or intervention on the basis of
predictions

The full register of limitations summarized in Section 11, with mitigations where they exist.
(L1) Latent targets are evaluated only through observable proxies. (L2) The federated, prospective
design makes reproduction harder than a downloadable dataset and precludes third-party audit
of sealing, labelling, and resolution, so results are holder-reproducible, not publicly auditable; we
mitigate with a versioned protocol and shared harness. (L3) Single-instance and small-cohort
evaluation limits external validity. (L4) Predictability is bounded [8] and heterogeneous, so reporting
is per-instance. (L5) Capture can be reactive — being observed may alter the behaviour being
predicted — so habituation windows and reactivity checks are required, and induced deviations must
not be read as target-state transitions. (L6) Domain-generality is a property of the formulation,
demonstrated in one domain; the cross-domain claim is specified, not established. (L7) The privacy
and governance safeguards are design commitments, not implemented features: no pilot has run, no
institutional review has been obtained, and the privacy-filtering layer is unbuilt. (L8) A calibrated
behaviour predictor is dual-use, and the observe-not-intervene rule binds the benchmark, not
downstream deployers. (L9) Longitudinal individual-level data carry selection and representation
bias; a benchmark validated on a narrow cohort will not transfer, and per-instance reporting does
not cure unrepresentative sampling. (L10) Ecological validity is limited: instrumented, consented
capture may not reflect unobserved behaviour, and a habituation window does not guarantee it.
(L11) Many target states admit annotation and label ambiguity — whether a commitment was
‘abandoned’ or ‘deferred’ can be genuinely contested — so resolution rules must be pre-registered
and inter-rater reliability reported. (L12) Targets exhibit drift and non-stationarity: the dynamics
a model fits can change, so R2 is re-fit walk-forward and skill decay is tracked rather than assumed
stable. (L13) For some outcomes ground truth is intrinsically hard to establish — probabilistic,
delayed, or only partially observed — which bounds achievable skill and is why scoring is proper
rather than accuracy-based. (L14) Multimodal longitudinal capture is costly and burdensome to
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collect and store, constraining cohort size and biasing toward participants who can be instrumented.
(L15) Results risk overfitting to a single person, household, or organization; the permutation gate
guards against cross-target leakage but not against a model tuned to one idiosyncratic target, so
external validity requires multiple independent targets. (L16) The benchmark measures prediction
of behaviour: a high score is predictive alignment with observable future states, and any inference
about latent structure — priorities, reasons, or inner states — is explanatory audit (Section 3.2)
subordinate to the sealed prediction, never established by the score.

F.1 Operational boundaries and governance

Five boundaries govern what any TargetSpace result means. The benchmark scores observable tran-
sitions, never private experience; evidence channels, including self-report, are compared by predictive
lift on the same sealed outcomes (Appendix O). Predictive success is not causal identification unless
interventional modules are run. A score licenses no downstream action: deployment, intervention,
steering, surveillance, and consequential decisions each require their own evaluation, governance,
and approval (Section 11). Future participant studies require ethics review and informed consent
before any recruitment or collection. And derived inference objects — transcripts, embeddings,
entity maps, predicted states — are privacy-relevant in their own right, not only the raw recordings
(Section 11.1).

G Participatory dynamics as auxiliary state variables

TargetSpace keeps epistemic scoring separate from target-state formation. Prediction accuracy
is scored only against sealed external outcomes (Section 3). Separately, the harness can record
observable feedback, attention, action, and constraint signals as auziliary variables, letting researchers
test whether adaptive feedback loops change the reachable target-state space and whether those
changes improve predictions. Two processes must not be conflated: epistemic resolution is the
observer’s uncertainty falling as evidence accumulates — posterior concentration over the observer’s
maintained distribution; participatory target-state formation is a change in the target itself —
through attention, action, feedback, and constraint — that alters which futures remain salient,
reachable, reinforced, or stable. Posterior concentration in the observer is not target-state formation
in the observed system. These proxies are a diagnostic layer only: the benchmark continues to score
predictions solely against sealed outcomes, never against the auxiliary variables.

H Personal track: task specification and extended discussion

To show that TargetSpace instantiates runnable tasks and not only a framework, we specify one
minimal personal-track task, the Recurring-Commitment Completion Prediction. It is synthetic and
illustrative; no empirical results are reported.

o Task. Given timestamped evidence available up to a sealed time 7', predict how a scheduled
recurring commitment resolves by a later resolution time r.

o Inputs (by tier). Calendar and task history, communication metadata, and prior comple-
tion/defer/cancel history (LO0); optional user-authored text traces (L1); optional passive-
observation summaries (L4). See Appendix M.2.

o Answer space. A = {complete, defer, cancel, replace}.
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o Baselines. R1 (population prior over the four outcomes) and R2 (the target’s own recurring-
commitment routine), both fit walk-forward on evidence before T'.

e Resolution. A deterministic rule over later observable evidence — calendar status, attendance,
task completion, or a pre-registered behavioural marker — fixes the outcome at r.

o Scoring. Log score (bits) and Brier against the sealed outcome; report skill over R1 and over
R2 (Section 7).

o Specificity. A permutation test across matched targets should reduce or collapse the skill if a
model’s prediction was genuinely target-specific.

The task is small enough to run on current language models, agents, and retrieval or memory
systems, and exercises the full stack: sealed prospective scoring, R1/R2 baselines, calibration,
evidence tiers, and the permutation gate.

Horizon—abstraction hierarchy

The four task families of Appendix R.2 (TS-R, TS-A, TS-D, TS-X) are scored across the following
horizon—-abstraction hierarchy.

Table 12: A horizon—abstraction hierarchy for target-state prediction. Each level is scored inde-
pendently; no single representation is assumed optimal across horizons, and resolution rules are
deterministic or pre-registered. Uncertainty generally grows with horizon.

Level Horizon Answer space / resolution rule Baseline; metric
Immediate action / seconds— concrete next state; observed action R2; log/Brier, calibra-
next state minutes tion

Short-horizon task tran- minutes— small discrete set; observed completion or R2; Skill, top-k

sition hours switch

Medium-horizon com- hours-days commitment set; follow-through within a R2; Skill,  time-to-
mitment window resolution
Longer-horizon priority = days—weeks priority /regime set; sustained reallocation R1/R2; transition-path
/ target-state shift of attention/resources likelihood

High-level regime / weeks+ coarse regime labels; observed regime change  R1; Skill, calibration

strategy transition

H.1 TargetSpace as a benchmark for human-centered world models

The world-model research direction defines intelligence operationally as the ability to predict the
consequences of actions in an abstract representation space and to plan over those predictions [17,19].
TargetSpace applies that idea to human-assistive Al. The ‘environment’ is not a physical system but
the latent state of a person: can a system infer, from passive observation up to a sealed time T and
before the user writes an explicit prompt, the user’s current target state, hidden constraints, and the
likely next transition? The classical form is state + action — next state; the TargetSpace form is
passive longitudinal observation — belief state over latent targets (Section 3.2) — target-relevant
future behaviour, scored by calibrated skill over R1/R2 rather than by reward or reconstruction.
Only the sealed prediction is scored — not planning, action, or the model itself; the target is abstract
predictive state, not raw reconstruction, and the framing is architecture-neutral (Appendix M.1).
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I Transition taxonomy and resolution rules

The full taxonomy of target-state transitions the personal track predicts (referenced from Section 3.1
and Appendix Q.1) is given in Table 13. Each transition type carries a deterministic or pre-
registered resolution rule grounded in later observable consequences, an ambiguity/evidence profile,
and the baseline expected to be hardest to beat. The taxonomy is a provisional coding scheme,
not an ontology: types are non-exclusive labels over episodes (a deadline-forced displacement is
also constraint-forced), the scored object is always the answer space and its resolution rule, and
type-assignment reliability is reported alongside outcome inter-rater reliability.

Table 13: A taxonomy of target-state transitions the personal track predicts. Each has a deterministic
or pre-registered resolution rule grounded in later observable consequences, not subjective report.
“Likely baseline” is the baseline expected to be hardest to beat; “horizon” is the typical prediction

range.
Transition type Operational description / resolution cri- Ambiguity risk; ev- Baseline; hori-
terion idence needed zon
Routine continua- target persists; resolved by continued alloca- low; digital exhaust R2; short

tion

Latent-but-active
target

Emerging target
Stabilization
Competition
Displacement  /
priority reversal
Abandonment
Resumption
Constraint-forced

transition

Opportunity-
induced target

tion/action matching the prior pattern

already pursued but unstated; resolved by later
action or commitment

a new target becomes determinate; resolved by
first commitment or resource expenditure after
onset

a provisional target consolidates; resolved by
repeated allocation across windows

two targets contend; resolved by which receives
sustained allocation

a new target supplants the prior one; resolved
by a switch in sustained allocation

a target is dropped; resolved by absence of
follow-through past a window

a prior target returns; resolved by renewed
allocation after a gap

a constraint forces a change; resolved by the
observed transition under the constraint

new evidence or opportunity creates a target;
resolved by uptake after the encounter

suffices

medium; behaviour +
context

high (onset timing);
attention + context

medium; attention tra-
jectory

high; attention + out-
comes

medium; attention +
calendar /task

medium; non-action

over time
high; longitudinal his-
tory

low—medium;
straint + outcome

con-

high; evidence event +
uptake

R2; short—-medium

R1/R2 weak;

medium

attn-conditioned;
medium

attn-conditioned;
short—-medium

attn-conditioned;
medium

R2; medium

R2; medium-long

R1; short

R1/R2 weak;
short—medium

J Conceptual background and lineage

The idea that prediction is central to modeling is old and well-owned, and this paper claims none of
it. In the neural-network tradition, understanding has long been treated as learned internal structure
that supports prediction — distributed representations rather than stored symbolic propositions
[88]. World-model research makes the same commitment architectural: learned latent models that
predict how an environment evolves [15], joint-embedding predictive architectures that predict in
representation space [17,18,19,77], and learned models used for planning [20]. Cognitive science
supplies converging accounts: predictive processing and the free-energy tradition treat brains as
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prediction machines [16,21,83], and the memory-prediction framework makes prediction the test of
a learned model of the world [84]. Two disciplines bound the claim. Pearl’s causal hierarchy places
association below intervention and counterfactuals [85], a ranking this paper accepts: prospective
prediction from observation sits at the associational rung, strengthened — not replaced — by
the counterfactual and intervention modules of the validity stack. And the statistical literature
distinguishes predictive from explanatory modeling [74], a distinction the benchmark preserves
by scoring only the former. Finally, the risks of optimizing predictive proxies are themselves
well documented: Goodhart dynamics [87] and shortcut learning [86] are the standing objections
any prediction benchmark must answer, and Section 5 answers them by construction rather than
disclaimer.

TargetSpace’s novelty is not the claim that prediction matters. Its novelty is making prediction
target-specific, longitudinal, prospective, calibrated, and controlled — applying the prediction observ-
able to the question of whether a system has learned a specific target, and surrounding it with the
validity controls that make the answer meaningful.

J.1 Personal world modeling as a proving ground

World-model research asks whether a system can infer a predictive representation of an evolving
environment from partial observation and use it to anticipate what happens next [15,17]. Its
most visible instances concentrate on physical scenes, simulated or interactive environments, and
robotic control: joint-embedding predictive architectures for images and video [18,19,77], generative
interactive-environment models [78,79], learned latent models for planning [20], and generalist robot
policies [24]. The analogous problem for a persistent individual is comparatively neglected, and it is
unusually difficult. Observations are multimodal and incomplete; the dependencies that matter span
weeks rather than frames; the target itself changes, so yesterday’s model decays; identical outward
behaviour can arise from different underlying constraints; population regularity, stable personal
routine, and genuine state transitions must be separated rather than conflated; the achievable skill
is bounded because much of a person is irreducibly unpredictable [8,9]; and identity and evidence
attribution must persist correctly across time, binding each week of evidence to the right target.
TargetSpace does not prescribe how any of this is represented internally — a personal world model
is one architectural hypothesis among many (Section 2) — it evaluates whether any architecture
converts partial longitudinal evidence into calibrated, target-specific prospective skill.

The significance is stated carefully: a high score would not establish general intelligence,
consciousness, or full psychological understanding (Table 11), and personal world modeling is
not claimed to be sufficient for advanced machine intelligence. The defensible claim is structural:
building a persistent, calibrated predictive model of one real person from partial longitudinal
evidence requires a difficult conjunction of capabilities that more capable machine intelligence will
likely need more broadly (Table 14). TargetSpace supplies an instrument for measuring progress on
that conjunction — simultaneous pressure on all of it, with the failure-mode read-out (Table 20)
localizing which element a system lacks. A proving ground, not a proof.

The connection to world-model research is methodological, not reductive, and it is sharpest against
the JEPA line of work. JEPA-style systems learn representations that preserve predictable, task-
relevant structure without exhaustively reconstructing the sensory surface [18,19,77]. TargetSpace
applies the same measurement intuition at the entity level: a personal model need not reproduce the
complete record; it must preserve enough target-relevant structure to improve prospective prediction.
Table 15 draws the correspondence. Two points prevent it from being read as a rivalry. JEPA is an
architectural direction; TargetSpace is an evaluation framework, and a JEPA-style latent predictor
is an eligible participant in the grid rather than a competitor (Appendix P.1; Section 10). And the
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Table 14: The capability conjunction: what target-specific personal prediction demands, and the
control that pressures each element — an argument about what the task demands, not a claim that
a passing system has mastered any capability in isolation.

Capability

Why target-specific personal prediction tests it

Persistent identity

Long-horizon memory

Temporal abstraction

Multimodal integration

Latent-state inference
Adaptation under drift
Uncertainty calibration

Specificity

Selective attention
Causal restraint

Transfer across tasks

evidence must be bound to the same target across time; the wrong-target
permutation gate fails a model whose skill is not about this target (Section 6).

individually banal observations become predictive only when integrated across
weeks; the longitudinal-history arm rewards integration over recency (Ap-
pendix L.2).

predictions are scored at multiple horizons, and the shuffled-history control
penalizes a model indifferent to when evidence arrived.

the evidence ladder spans metadata, text, audio, egocentric audiovisual,
location, and physiology; the tier ablation scores whether a system fuses them
into lift.

the scored object is a latent target state read only through observable resolu-
tions; a system must infer state it cannot directly see (Section 3.2).

the target is non-stationary (assumption A3); skill concentrated in transition
cases rewards updating over routine replay.

strictly proper scoring and the calibration gate require honest full-distribution
probabilities, not confident point guesses.

skill must exceed the target’s own routine (R2) and collapse under wrong-
target permutation — the two anchors that separate a model of the person
from a model of the average.

attention-conditioned lift (Appendix Q.1) tests whether a system attends to
the leading evidence that precedes a transition.

predictions are scored observationally and causal claims are out of scope; a
well-behaved system withholds the unlicensed causal claim (Section 11).

cross-task personal transfer (Appendix Q.3, hypothesis H6) distinguishes a
reusable representation of the person from a narrow per-task rule.

analogy claims no more than structure: it does not assert that any such system derives explicit laws,
that a person is merely a physical scene, or that observation is unbiased — the person remains
partially observed, and the benchmark scores only observable future states.

Table 16 collects the informal precedents behind the cross-domain positioning of Section 10:
each field already predicts future target states from longitudinal behavioural evidence; none runs
the controlled apparatus the benchmark specifies.

K Adopted components and extended related work

Table 17 itemizes the components TargetSpace adopts from prior work, their representative sources,
and the use each is put to; the two anchors contributed here are the R2 own-routine baseline and
the permutation specificity gate (Section 6).

41



Table 15: Physical and personal world modeling as a structural correspondence, not a reduction:
both must preserve predictable, target-relevant structure from partial observation. The person
remains partially observed; only observable future states are scored.

Element

Physical world modeling

Personal world modeling

Observed input
Latent object

Prediction target

What is preserved

Downstream use

partial visual / sensor context of a scene

a representation of the evolving scene

or environment

a future representation or task outcome
task-relevant structure, not every pixel

interaction, planning, or control

tion

partial longitudinal personal evidence

a belief over the evolving target state

a future observable target-state transi-

target-relevant structure, not every

word or action

validated assistance or planning, as a
separate layer (Section 11)

Table 16: Informal precedents of the TargetSpace logic. Each domain already predicts future target
states from longitudinal behavioural evidence; none runs the controlled apparatus (sealing, own-
routine baselines, wrong-target controls, evidence ablation, calibration, missingness and evidence-cost
reporting) that TargetSpace specifies.

Domain

Existing practice

TargetSpace
translation

Why it matters

Industrial IoT /
predictive
maintenance

Education /
learning analytics

Recommenders /
commerce

Mobility /
transportation

Personal assistance
/ memory systems

longitudinal sensor telemetry predicts
failure, anomaly, and remaining useful
life [89]

clickstream histories predict
performance and persistence [90]

sequential clicks and purchases predict
next action, churn, and preference [91]

mobile-phone and movement traces
show next location and routine to be
highly predictable [9]

phone context, notification response,
and interaction histories anticipate
attention, routine, and preference
[25,66,92]

machine-state
transitions

learning-state
transitions

preference- and
action-state
transitions

trajectory-state
transitions

personal-state
transitions

temporal telemetry
demonstrably reveals future
state changes

longitudinal behaviour
predicts outcomes where
sparse survey and
demographic measures are
weak or missing

commercial systems already
treat behaviour history as
predictive evidence

passive longitudinal traces
reveal routines and their
deviations

the nearest precedent that
personal assistance benefits
from longitudinal evidence,
not yet under a shared
benchmark

K.1 World models, predictive learning, and consequence prediction

A long lineage predicts the latent state rather than the surface: predictive coding [16,21]; world-model
agents that plan over learned latent dynamics [15,20]; and joint-embedding self-supervised methods,
notably LeCun’s JEPA program [17-19], a training framework that predicts a target’s embedding
rather than reconstructing pixels or tokens. These reactive, predictive, and planning systems are
candidate participants, not competitors; uniformly, though, they are compared by representation
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Table 17: Prior components and TargetSpace-specific contributions. TargetSpace adopts prospective
sealing, proper scoring, calibration, evidence ablation, and latent-predictive evaluation from prior
work; its own contribution is target-specific prediction under strong controls — the R2 own-routine
baseline and the permutation specificity gate — assembled around one evaluation question.

Prior component Representative sources TargetSpace use
Architecture-neutral ~ world- AutumnBench / WorldTest [22] Adopt; add calibration, R1/R2,
model evaluation permutation
Cross-architecture comparison ~ WorldPrediction [23] Adopt; add proper scoring, seal-
ing, specificity
Latent predictive learning JEPA [17-19] Evaluate as an architecture
class
Proper scoring & calibration ~ Good; Brier; Gneiting & Raftery [10— Adopt directly
12]; HELM [6]
Sealed prospective prediction — ForecastBench [13] Adopt
Evidence ablation digital phenotyping / personal sensing Adopt; report as lift over R2
[39,40]
Goal recognition & resolution goal-recognition design / WCD [14] Adapt to sealed, tracked in-
timing stances

quality, reward, task success, or rollout quality — evaluations that do not themselves test calibration,
skill over a target-specific routine, instance specificity, prospective sealing, evidence-value attribution,
or multi-horizon target-state prediction. TargetSpace supplies that measurement layer and applies
it to these classes on identical sealed prediction instances; what matters for scoring is whether
the predicted transition resolves correctly against the external target, not how the prediction is
represented internally.

K.2 Forecasting, person modeling, and goal recognition

Calibrated event forecasting is established — ForecastBench [13] — but scores external public
events, not target-state transitions of a tracked instance, and uses no own-routine or permutation
control. Person-modeling benchmarks are the nearest in framing but retrospective or uncalibrated:
Park et al. [26] replicate individuals’ survey answers (their own-consistency reference is the closest
cousin to R2, though used as a ceiling, not a baseline); KnowMe-Bench [32] formalizes person
understanding as retrospective comprehension; EgoToM [33] infers a wearer’s goals per clip by
accuracy, without calibration or a persistent target; PersonaMem [28] tracks evolving preferences.
Goal- and plan-recognition [14] infer latent goal posteriors under partial observability and define
how early a target is identifiable, but the evaluation object differs: conventional goal recognition
asks which goal, from a candidate set, best explains observed behaviour, whereas TargetSpace
prospectively scores how a target’s state, attention, and environment produce the nezt target-state
transition (Table 13) under the R1/R2 and permutation controls. We adopt the resolution-timing
idea for the metrics and re-cast it as a calibrated, prospective, instance-tracked measurement.

L Extended metrics and scoring details

This appendix carries the metric extensions and reporting details beyond the core scoring of Section 7.
Ordered, continuous, or structured outcome spaces can be scored with appropriate strictly proper
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Table 18: The five-dimension conjunction across neighboring benchmarks (referenced from Sec-
tion 10.2). Dimensions: 1: persistent individual / evolving entity; 2: longitudinal, continuously
updated evidence; 3: strictly prospective / sealed prediction; 4: calibrated proper scoring with
meaningful baselines; 5: target-state / meaningful-transition forecasting as the target. Labels
are cautious judgments from each benchmark’s design, not measured scores. Prior work contains
important subsets; we are not aware of a benchmark combining all five in one prospective evaluation
apparatus.

Benchmark / family 1 2 3 4 5
EgoToM ([33] absent partial partial absent arguable
ToMnet [27] partial partial partial absent arguable
ForecastBench [13] absent absent clear clear absent
PersonaMem [28] clear partial absent absent arguable
Generative Agents [26] clear partial absent absent absent
KnowMe-Bench [32] clear partial absent absent absent
Goal / plan recognition [14] partial partial arguable absent arguable
ARC-AGI [7] absent absent clear absent absent
TargetSpace (this work) clear clear clear clear clear

rules (for example, the continuous ranked probability score [11]); the default TargetSpace protocol
uses finite resolvable answer spaces.

Reporting and inference details

In expectation Skill equals a difference of divergences from the truth, D(P|ref) — D(P||sys), and
reduces to a mutual-information gain only in the special case where the reference matches the true
marginal and the system the true conditional [11]; since R1 and R2 are estimated, we read Skill as
relative log-score improvement in bits — a plug-in estimate whose reference error propagates into
the bit count — not as a measured information quantity.

Predictions use a pre-registered nonzero probability floor; Skill is aggregated within homogeneous
answer-space and horizon strata before pooling; Brier is a secondary robustness score, ordered answer
spaces may add an ordered proper score, and no composite score is used. R1’s exact fitting is pre-
registered: population information only, leave-one-out with respect to the scored target, rolling, with
smoothing for rare classes. Any recalibration uses a separate pre-seal split, is disclosed, and is never
fitted on sealed outcomes. R2’s exact feature set, recency kernel, minimum history, and admission
rule are pre-registered; the default recipe (marginal frequencies, persistence, recent transitions,
time-of-day and day-of-week effects, and recurring calendar/deadline commitments known before
the prediction) is Appendix D, organizer-fit rather than entrant-fit, and never selected on test
results. The allowed-feature boundary is operational, not rhetorical: the reference harness ships the
frozen R2 implementation, and the admissible feature extractors are exactly those it enumerates —
marginal and recency-weighted frequencies, persistence, time-of-day and day-of-week effects, and
calendar-declared recurrences — so two compliant organizers produce the same baseline rather than
materially different ones. Two admission caveats are pre-registered rather than discovered: stratum
admission (R2 counted only where it beats R1) is a selection step, so admission is decided on a pre-
seal slice with a multiplicity-aware rule and disclosed alongside results; and because rare transition
strata give R2 little transition history to fit on, transition-stratum skill is reported only where
R2 had pre-registered minimum support in that stratum, and is otherwise labelled unsupported
rather than credited. The permutation gate swaps complete eligible histories rather than scrambling
outcomes and is reported as an effect — true-instance Skill minus the mean permuted-instance Skill,
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as absolute and proportional skill loss with an interval and a pre-registered margin; its resolving
power grows with the number of instances permuted, so it is directional and operational in a
five-person pilot and a powered test only above a stated minimum cohort size. Uncertainty respects
the repeated, serially dependent structure of predictions within a target: within-person differences
use day-blocked analysis and between-person summaries use person-clustered (cluster-bootstrap)
intervals, since the person — not the individual prediction or day — is the independent unit for
between-person claims; the current reference implementation reports point estimates. Calibration is
assessed primarily through the calibration intercept and slope (logistic recalibration parameters)
and a reliability decomposition; top-label ECE is reported only as a secondary diagnostic under a
fixed pre-registered binning scheme with a bootstrap interval, since ECE is positively biased and
sensitive to bin count and placement at the per-stratum sample sizes of a five-person pilot, and its
pass/warn/fail bands are therefore interpreted as diagnostic bounds rather than a hard gate below
a pre-registered minimum stratum size.

Multiscale consistency (proposed components)

Because the levels of the horizon—abstraction hierarchy (Table 12) are scored separately, we also
specify cross-level checks as future evaluation components, not results: cross-horizon consistency (a
detailed prediction should not contradict the abstract target state without explicit uncertainty or
branching); refinement (as the horizon shortens and evidence arrives, abstract predictions should
sharpen into concrete ones); intermediate-state coherence (predicted intermediate states should form
a plausible path to the higher-level target); horizon-conditioned calibration (confidence is evaluated
separately at each horizon); hierarchical abstention (a system may abstain at the detailed level
while keeping a calibrated abstract prediction); and rollout drift (repeated one-step predictions may
diverge from external reality even when each step is locally accurate).

L.1 Metrics for possibility-space resolution

Predictive lift by evidence tier is Skill computed as a function of the evidence rung —
the evidence-ablation read-out; no new mathematics. Top-k target-state recall complements
distribution-level Skill for large answer spaces. Transition-path likelihood is the length-normalized
likelihood of the realized path of target-state transitions, in bits vs R1/R2 — the natural metric for
the transition track. Time-to-correct-resolution and false-resolution rate measure when a
model resolves the possibility space: respectively, how early its distribution concentrates correctly
on the realized target, and how often it concentrates confidently and early on the wrong one. We
are explicit that ‘how early can a target be identified’ is not a new idea: it descends directly from
goal-recognition design and worst-case distinctiveness (WCD) [14] and from online goal recognition
(recognition time, false-positive rate). Our contribution is to operationalize it as a proper-scored,
calibrated, prospective quantity on tracked instances, paired so that a model must achieve early
correct resolution and low false resolution together. We freeze and unit-test these definitions before
claiming them and report none as results pre-pilot.

L.2 The control battery

TargetSpace is not only a dataset; it is an evaluation protocol for whether longitudinal target
information improves prediction in a measurable way. A meaningful evaluation runs a model across a
battery of conditions, each instantiating machinery defined earlier: a zero-history arm (operationally
R1), a short-history arm (locating where added history first pays), and a longitudinal-history arm
(the condition the benchmark rewards); a shuffled-history control (the correct target’s history in
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Table 19: Metric provenance. The honesty rule: claim the conjunction and the R2 + permutation
anchors; concede the rest as adopted, adapted, or (for resolution-timing) a new operationalization
of an existing idea.

Metric Status Nearest prior art (cite, do not claim)

Skill / lift / entropy reduction adopted (information skill score; Gneiting & Raftery [11]

gain)

Log + Brier, ECE gate, sealing  adopted [10,12,13]; calibration-as-axis [6]

R2 own-routine 4+ permutation TargetSpace anchor own-history baselines & self-consistency as

gate cousins

Top-k recall; transition-path like- adapted retrieval; cell-fate / trajectory likelihoods

lihood

Time-to-correct-resolution operationalization, not goal-recognition design / WCD [14]; online
new idea goal recognition

False-resolution rate new metric (concept premature-commitment / false-stop / FPR
has precedent) in goal recognition

scrambled temporal order — a re-scored diagnostic that never alters a sealed prediction and isolates
order) and a wrong-target control (the permutation gate, isolating identity); ablated-modality controls
(the evidence-tier ablation); oracle and human anchors bounding the achievable range; calibration;
and evidence attribution (the model identifies the observations supporting a prediction, enabling the
explanatory audit a passed gate licenses). The three history arms plus the wrong-target gate suffice
to substantiate the core claim; the remainder are recommended diagnostics. The shuffled-history
and wrong-target controls separate the two ways a prediction can be target-specific in name only:
indifference to when the evidence arrived, and indifference to whose evidence it was.

Ablation logic. The benchmark’s core claim is validated through these ablations, not asserted.
The benchmark’s central signal is not merely whether a model predicts the future, but whether
prediction improves when the model is given the correct target’s history in the correct temporal
order. If target history, temporal order, target identity, or multimodal evidence do not improve
performance, the benchmark is not measuring the capability it targets, and the result should be
read as null; improvement under the true conditions that degrades under the shuffled-history and
wrong-target controls is the inference the stack licenses (Section 7).

The battery pairs with a fixed set of baselines (trivial-prior R1, recency, single-modality L0/L1/L2,
multimodal, long-context, and human where feasible; a retrieval-only arm — the same evidence
through a retrieval-and-summarization pipeline with no predictive model — is required at Controlled
level and above, since lift a system cannot show over it is lookup, not modeling) and ablation
dimensions (observation-window length, modality removal, target permutation, memory/retrieval
access, prediction horizon, and temporal-leakage controls), each reported per evidence tier and
per horizon and never pooled into a single headline number; the full specification follows in this
appendix. Table 20 consolidates how each characteristic partial-pass pattern across these baselines
and gates is read: a result counts as genuine target-specific signal only when it clears every row at
once.

M Evaluation grid, evidence ladder, and tracks

This appendix specifies the evaluation grid summarized in Section 6: the architecture classes and
the person-domain evidence ladder with its privacy-risk taxonomy.
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Table 20: Failure-mode read-out: each observed pattern maps to the diagnosis it licenses. A result
is genuine target-specific signal only when it clears every row at once; any single pattern below
downgrades the claim.

Observed pattern Diagnosis (claim downgraded to)

Beats R1 but not R2 Routine replay: recovers population base rates and the target’s
own habit, with no skill beyond memory.

Beats R2 but fails calibration Overconfident or lucky: the bit gain is not trustworthy; recali-
brate or abstain before any claim is made.

Skill survives the permutation gate Not target-specific: skill rides base rates or structure shared
across targets, not this target’s dynamics.

Lift appears only under richer capture Capture artifact: the gain tracks instrumentation and coverage,

with poor coverage not target state; check coverage logs and held-out sensor com-
parisons.

Improves only on routine-continuation Not transition modeling: predicts habit persistence, not target-

cases, not transitions state change — the capability the benchmark most rewards.

M.1 Architecture classes

The grid does not rank architecture classes in the abstract. Systems become comparable only
because each one emits, or is adapted to emit, a calibrated probability distribution over the same
answer space A on the same sealed instance, scored by the same proper rule. A reactive policy, an
LLM, a VLM, a JEPA-style latent-predictive model, a symbolic or probabilistic system, a hybrid,
and a human self-report are all evaluated at the level of the prediction output, not by inspecting
internal representations. Because the output adapter — which maps a system’s native output
(action, token sequence, latent prediction, query result) to a distribution over A — can change
measured performance, it is disclosed and reported as part of the system under test: it must be
specified before the prediction is sealed, so reported skill reflects the system as actually run rather
than a post hoc reinterpretation.

M.2 The evidence ladder

The evidence ladder is the benchmark’s measurement instrument. Tiers are cumulative and ordered
by increasing capture intrusiveness (and, roughly, privacy sensitivity), not by assumed predictive
power. By reporting target-specific skill (over R2) as a function of tier, the ablation turns “does
richer observation add target-specific information?” into a measured quantity. We give the canonical
person-domain ladder; the apparatus is domain-general wherever a strong own-routine R2 baseline
and deterministic resolution rules exist, though only the synthetic personal track is instantiated.
The ladder also encodes a distinction richness alone does not (developed in Appendix O): lower
tiers (LO-L1) are records the target already produced, beginning after relevance was assigned and
largely encoding routine, whereas higher passive tiers are pre-interpretive — captured before the
target fixed what would matter, they carry retrospective option value (the same recording can
be re-scored under questions chosen later) and are, more precisely, independent from retrospective
human interpretation rather than “objective”. The grid is the cross-product: each leaderboard cell
names an (evidence tier, architecture class) pair, with R1, R2, human self-report, and the oracle
spanning all tiers. Because the relevance of an observation may only become clear retrospectively,
TargetSpace treats raw-evidence preservation, provenance, and ablation as first-class concerns: it
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Table 21: Architecture classes. LLMs and JEPA-style models are complementary components,
not rivals: TargetSpace asks whether any of them produces calibrated, target-specific predictions.
Human self-report and the oracle anchor the achievable range and are not ranked. The third column
indicates what each class supports natively versus through a disclosed output adapter; labels are

cautious, classes are not ranked, and real systems are often hybrid.

Architecture class

What it is

Prediction
adapter)

interface (native / via

LLM-only
VLM
Multimodal agent

JEPA-style / latent
predictive (incl. world
models)

Symbolic / probabilis-
tic

Reactive / imitation
policy (incl. VLA)

Hybrid

Human
(baseline)

Oracle upper bound
(baseline)

self-report

text-in, distribution-out language
model [5,6]

vision-language model over image
/ video

tool-using agent with retrieval and
memory [47)

learns latent dynamics, predicts
in representation space [17-19]

explicit structured or Bayesian
model [46]

maps observation + instruction to
action [24]

any combination, e.g. policy +
learned subgoal or world model
[20,24]

the target, or an expert, predicts
itself [13,37]

a privileged predictor; approx-
imate ceiling (benchmark con-
struct, no external referent)

distribution native; explicit state model via
adapter

distribution via adapter; no native state
model

distribution via adapter; target-specific mem-
ory possible

state and action-conditioned prediction na-
tive; calibrated distribution via adapter; plan-
ning by search

calibrated distribution and state prediction
native; planning architecture-dependent

action native; consequence distribution via
adapter; not intrinsic

architecture-dependent; reactive and predic-
tive components may coexist

distribution via elicitation; not ranked

not ranked

can ask not only whether a system used evidence but which evidence was necessary to improve a
target-specific prediction. Preservation is always bounded by the consent, federation, aggregate-
only, and retention limits of Section 11; the benchmark scores evidence value, it does not license
indiscriminate retention. Retrospective option value is bounded by purpose limitation: re-scoring
happens only under a registered question set and within fixed retention deadlines, so preservation
never shades into indefinite retention [60].

N Industry case cluster: from Al recorders to first-person memory
systems

This appendix gives the analytical survey behind the motivation of Section 1. It is evidence that
the capability class is arriving, not empirical validation of TargetSpace, and not a claim that any
vendor misuses data; each such system also has clearly beneficial uses (accessibility, memory support,
productivity, care coordination, safety).

Three product groups are shipping the capability class: always-on ambient audio recorders,
wearable “memory” devices that persist and summarize conversation, and first-person audiovisual
glasses that add embodied visual context [49-55]. Across all of them the trajectory is consistent,
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Table 22: The person-domain evidence ladder. Tiers are ordered by increasing capture intrusiveness
(and, roughly, privacy sensitivity) — from already-externalized digital residue toward pre-interpretive
observation; they are not ordered by assumed predictive power, which is exactly what the ablation
measures.

Tier Evidence (person domain; operational examples) Primary sensitivity risks

Lo low-content behavioural metadata: calendar timestamps, commu- social-graph and rhythm in-
nication metadata, app/event logs, coarse routine traces ference

L1 user-authored text: notes, chats, documents, search/query text, third-party content; work-
task lists place/confidential exposure

L2 speech and transcript layer: audio recordings, ASR transcripts, bystander capture
speaker turns, optional prosody

L3 screen and interaction context: screen recordings, Ul activity, workplace/confidential expo-
browser/app context, document-interaction traces sure; intimate-behaviour in-

ference

14 egocentric / passive multimodal observation: wearable or scene bystander capture; re-
video, ambient audio, images, environmental context identification

L5 location, mobility, and physical-world traces: GPS, Wi- location-trace risk; re-
Fi/Bluetooth proximity, visits, commute patterns identification

L6 physiological / biometric / specialized sensors: heart rate, sleep, health and biometric infer-

gaze, motion, wearable health signals ence

and the TargetSpace-relevant observation is common: product value is increasingly located in the
derived, longitudinal layer — summaries, entities, commitments, routines, persistent memory — not
in the recording itself. That is exactly the layering of Table 24, and the same ladder is climbed with
different signals by assistants and agents over email, calendar, and documents, by enterprise copilots,
tutors, care systems, and recommenders — any system that converts accumulated longitudinal
traces into a persistent, future-relevant model of a particular target (Section 3).

N.1 Convergence, layers, and builder decisions

Today’s personal-Al products look fragmented. Meeting recorders, Al wearables, camera-and-
microphone glasses, memory assistants, digital companions, enterprise copilots, passive audio
devices, and lifelogging systems ship as separate categories with separate metrics [49-55]. Their
trajectories are not separate. Each starts from a bounded capture problem, accumulates longitudinal
context, and advertises the same destination: a persistent model of a particular person that improves
what the product does next. The market vocabulary of memory, context, and goals is advancing
faster than any way to test it.

Figure 5 names the shared ladder. Recording externalizes single events. Structured memory
persists them. Longitudinal evidence links them across weeks. Target-specific predictive capability
turns them into calibrated predictions of what this person does next, and validated assistance
is what that capability can epistemically support (deployment legitimacy is a separate question,
Section 11). The ladder climbs toward a capability, not a representation: a personal world model is
one architectural hypothesis for the internal state; target-specific prospective skill is the measured
capability. TargetSpace requires no world model, no memory graph, no simulator, and no particular
architecture — a reactive policy, a state-space model, an LLM, a JEPA-style latent predictor, or a
probabilistic program may all participate, provided each produces sealed probabilistic predictions
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Table 23: Evidence substrates for the personal track and their role in TargetSpace (referenced from
Appendix O). Self-report is retained as an auxiliary channel and a baseline, not discarded; passive
capture is not claimed unbiased, only to carry externalized, measurable, partially normalizable bias.
Tiers refer to the ladder above; “standardizability” is how readily the bias can be characterized and

normalized across people and time.

Substrate

What it supplies / characteristic
bias

Standardizability

of the bias

Role in
TargetSpace

Self-report / stated
priorities

Digital exhaust
(LO-L1)

Passive audio (L2)

Passive audiovisual
/ egocentric
(L3-L4)

Sensors & future

internal-state
proxies (L5-L6)

declared beliefs, priorities, feelings; bias
endogenous — selective, post-hoc,
socially filtered, introspection-limited

calendars, messages, clicks, notes;
already-externalized, routine-heavy
residue

speech, prosody, turn-taking, timing;
ASR error, mic placement /range,
bystander capture

embodied context: what is seen, where,
which objects/people; FoV, occlusion,
framing

location, mobility, physiology;
prospectively affective/internal-state
proxies; sensor-specific error

low; varies across
people and over
time

moderate;
well-defined logs

device-
characterizable
(WER, coverage)

device-
characterizable;
higher sensitivity

sensor-calibratable

auxiliary channel
+ human-self-
report baseline

primary R2
signal; ablation
floor

candidate lift
over

exhaust /self-
report
candidate lift;
tested by
ablation

candidate lift;
still scored on
observable

outcomes

Table 24: From capture to target-state inference (referenced from Sections 3 and 11). Each layer is
more compressed, searchable, and actionable than the one below; TargetSpace evaluates, and the

governance discussion concerns, the top layers, not only the raw signal.

Layer Representation Example capability Primary risk

Signal raw audio, video, screen, lo- record or observe events unauthorized or unnoticed
cation, sensor traces capture

Text / per- transcripts, OCR, visual la- make events searchable searchable bystander

ception bels, logs speech and activity

Structure speakers, entities, topics, organize experience into rela- relationship and obligation
tasks, commitments tions and obligations mapping

Memory persistent longitudinal profile, retrieve and personalize over pattern-of-life inference

Target state

embeddings, summaries, rou-
tines

predicted priorities, needs, ac-
tions, future commitments

time

anticipate (or steer) future be-
haviour

manipulation, surveillance,
unwanted steering

under the protocol. The claim is observational: it is evidence that the capability class is arriving,
not validation of any method, not a claim that any vendor misuses data, and not a claim that any
vendor has reached, or should reach, the top rung.
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Figure 5: The convergence ladder. Today’s product categories (left) start from different capture
problems but climb the same ladder (right): recording becomes structured memory, memory
becomes longitudinal evidence, and evidence either does or does not become target-specific predictive
capability — the rung TargetSpace measures. The internal representation is unconstrained; the
placement of categories is illustrative, not a ranking.

N.2 Three layers, one sequence

The program separates into three layers with different time scales and different owners.

Layer 1 is scientific instrumentation. Can a given evidence stream produce calibrated, target-
specific predictive lift beyond the R1 population prior and the R2 own-routine baseline? Today’s
hardware — phones, recorders, wearables, glasses, and enterprise capture systems used as instruments
— is sufficient to pose the question. A device can be a poor all-day product and still be a good
instrument; its role here is experimental (Section 9).

Layer 2 is observation architecture. If Layer 1 validates, the question becomes how to acquire
faithful, low-burden, temporally useful evidence over months to years. Its objective is not interaction;
it is evidence acquisition under constraints — modality, duty cycle, placement, timestamp quality,
coverage, comfort, charging, buffering, exportability, missingness, privacy controls, reactivity, and
energy. Section 9 states it as an open research problem, not a product roadmap.

Layer 3 is interactive personal AI. Assistants, displays, chat, recommendations, reminders,
and agents are interaction surfaces. In the sequence this paper argues for, they are downstream
applications built on validated predictive capability, not the place where that capability is assumed.

The sequence is observe, infer, forecast, validate, interact (Figure 6). Observation produces
evidence; inference maintains a belief state over the latent target-state; forecasting commits to a
distribution before the outcome exists; validation scores it against the sealed outcome; interaction
then acts on a model that has earned its claims. Interaction quality is a legitimate product metric;
it is not evidence of a target-specific model, which is why the benchmark scores the prediction and
nothing else.

N.3 What TargetSpace lets builders decide

The same apparatus that answers the scientific question answers a set of product and architecture
questions, by turning each into a controlled comparison rather than a matter of conviction. A team
runs the same sealed task set with one factor changed — a feature toggled, a sensor added, a model
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Figure 6: One sequence, two paths. The benchmark implements the validate step: the point where
a claimed model of the person either survives contact with the future or does not.

swapped, a window shortened — and reads the change in gated, target-specific skill and its disclosed
cost. Table 25 lists representative decisions and the control that settles each; every entry reduces
to Skill over R2, under the gates, at a disclosed cost, never interaction quality or offline accuracy.
Because the comparisons run in the federated mode (Section 3.3), a team can answer them on its
own users’ data without exporting raw evidence.

Table 25: What TargetSpace lets builders decide. Every answer is a change in gated, target-specific
skill at a disclosed cost — never interaction quality; ties within the pre-registered equivalence margin
rank the cheaper or less invasive configuration first (Section 9.3).

Decision

Control that answers it

Does long-term memory improve a
model of the user?

Does retrieval add predictive value?

Does audio add value beyond calendar
and text?

Does video add value beyond audio?

How much history is enough?

Is a larger model better under the
same evidence?

Can inference stay on-device?

Is the system calibrated enough to
abstain?

Which data can be deleted?

Does personalization exceed routine
replay?

Does the representation transfer across
features?

Does better prediction improve
downstream assistance?

run the sealed task with memory on/off; read Skill over R2.
Memory that lifts R1 but not R2 is retrieval, not a personal
model.

toggle the retrieval feature across identical sealed instances; Skill
over R2 plus calibration.

evidence-tier ablation L0/L1 — L2, reported as EE per disclosed
cost (Section 9.1).

evidence-tier ablation L2 — L3-L4, same gating.

observation-window ablation (zero / short / longitudinal arms);
the minimal window within the equivalence margin (Ap-
pendix L.2).

architecture comparison at a fixed evidence tier on the grid
(Section 6).

EE-energy with processing locality in the cost vector; edge versus
cloud at equal gated skill.

the calibration gate plus abstention and coverage reporting (Sec-
tion 7).

the minimal sufficient tier: streams outside the equivalence mar-
gin can be dropped without losing validated skill (Section 9.3).

Skill over R2 plus the routine-versus-transition split (Ap-
pendix R.2).

cross-task personal transfer (Appendix Q.3, hypothesis H6).

the downstream-utility track (hypothesis H7), under a separate
intervention and safety protocol (Section 11).
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O Evidence channels: self-report and passive observation

The apparatus of Section 6 is agnostic to how a target is observed; the personal track motivates
a specific choice of evidence. Two channels are available — first-person self-report (prompts,
journals, notes, saved memories, stated priorities, surveys) and third-person passive observation
(a longitudinal record of observable behaviour and context) — and neither grants access to “the
real mind,” which TargetSpace never claims: it scores only predictions of future observable states.
Neither channel is the target-state itself; each is an observation of it through an instrumented
channel, so neither is a gold standard, and TargetSpace ranks channels by measured predictive lift
rather than presuming one is ground truth. We reject any claim of observer superiority; the issue is
asymmetric observability: self and observer see different parts of the state, their biases differ
in kind, and their relative predictive value is an empirical question TargetSpace measures — by
evidence tier, on identical sealed instances — rather than assumes.

Self-report is privileged but structurally biased. Self-report has genuinely privileged
access to subjective experience, and we do not dismiss it; but it is not the target-state itself, only
another observation channel, and as a substrate for prediction it is structurally biased in ways hard to
remove: it is selective and post-hoc (autobiographical memory is reconstructed toward current goals
[44], and retrospective accounts diverge from momentary experience [38]), introspection-limited [36],
socially filtered [56,57], and declared intentions predict behaviour incompletely: intention—behaviour
associations are moderate to large, yet a substantial fraction of intenders fail to act [45] — which
makes stated priorities a strong baseline and comparison arm C of the pilot design (Table 28) a
stringent test, not a strawman.

This makes self-report an evidence modality and a baseline (human self-report is an architecture
class in the grid, Appendix M), not the substrate or a gold standard.

Passive observation is biased differently, but more instrumentable. A longitudinal
observer can detect regularities, inconsistencies between stated and enacted priorities, and slow
changes hard to notice from inside experience; self and informants know different things, each more
accurate for different trait classes [37]. Passive capture is not the target-state itself either, but an
externally measured trace, and it is not unbiased: microphones, cameras, sampling windows, ASR
and vision-model error, missing context, and reactivity to being recorded all bias the record.

The comparative claim is a hypothesis, not a structural fact: we hypothesize that capture
bias is more readily externalized and device-normalized (coverage logging, transcription-error rates,
held-out sensor comparisons) than self-report bias — while acknowledging that psychometrics has
spent decades building corrections for self-report [56,57] and that experience sampling [38] is itself a
self-report methodology engineered against retrospective distortion. Comparison arm C tests the
hypothesis in both directions, and the self-other asymmetry literature [37] predicts domains where
self-report should win.

Digital exhaust is produced after the person has already decided what was worth recording; a
model that learns only the surface regularities of that residue learns a routine, not a generator. Within
passive evidence, digital exhaust (calendars, messages, clicks) is a thin, already-interpreted residue
that largely encodes routine, which a strong R2 already captures, whereas higher pre-interpretive
tiers can reveal deviations from routine, where skill over R2 is earned; “resolve” and “collapse” are
epistemic shorthand for a distribution concentrating, with no physical claim. TargetSpace assumes
richer capture is not automatically better: the evidence-tier ablation measures whether passive
observation adds lift over digital exhaust and self-report on identical sealed instances (extended
basis in Appendices H and G; substrate summary Table 23).
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P Task framing: boundaries and distinctions

Background conditions. Three background conditions are explicit. A1 states that achievable
skill is bounded above [8,9]: it guarantees no positive skill — positive skill over R2 is what the
benchmark discovers, never what it assumes — and is one reason no single headline number can
represent the construct. A2 latent target states are evaluated only through observable consequences.
A3 is a measurability precondition rather than an empirical premise: the instance changes, so the
benchmark rewards adaptation, and where a target is near-stationary and R2 near-deterministic the
benchmark returns an uninformative, not an invalid, result. Predictions are specified and scored
at multiple horizons and abstraction levels — short-horizon concrete next states, medium-horizon
routine deviations, and long-horizon abstract transitions — each level scored independently rather
than assuming one representation is optimal across horizons (Appendix H, Table 12).

Table 26: Valid versus invalid target states (inclusion rule, Section 3.2). A candidate is a scored
target state only if a pre-registered rule resolves it against a future observable consequence;
otherwise it is evidence about a state, or lies outside the default benchmark, and is never scored
directly. Each valid candidate is predicted as a probability distribution over its answer space.

Candidate Verdict Why

No substantive reply to message Valid discrete answer space; deterministic rule over an

m by r observable future action

Commitment ¢ resolves as Valid pre-registered answer space; outcome fixed by calen-

{complete, defer, cancel, replace} dar/task status

by r

“The person feels anxious about Invalid affect has no observable resolution;

the deadline” (evidence) scorable only via a mapped outcome, e.g.
P(avoidance of obligation by )

“The person is attending to X Invalid attention is a leading evidence stream, not a scored

now” (evidence) state, unless part of a pre-registered observable out-
come

“The person’s true priority is Y” Invalid an inferred priority is a latent construct; scored only

(evidence) through a resolvable future state it predicts

“Attention causes the switch to  Invalid (out of causal claim; requires intervention or identification,

Y” scope) outside the default observational benchmark

Self-reported priority G at r, Invalid (label) self-report may be evidence but is never the outcome

where G is also a model input label when also used as input

Two clarifications sharpen the construct definition of Section 3.1. First, the scored object is
extensional: a scored target state is a pre-registered behavioural event class with a deterministic
resolution rule, nothing more; the teleological reading — a configuration the target acts to reach
and restore — is an interpretive hypothesis about what generates the regularities, not a property
the protocol tests, and perturbation-resumption probes that would test it directly are future work
outside the default observational benchmark. Second, the vocabulary has lineage — cybernetic
teleology [71], plan structures [72], the intentional stance [73], and substrate-agnostic accounts of
target-directed behaviour [41] — and what is different here is only binding it to pre-registered
resolution rules, so every use of it is scored.

Belief-state framing. One sufficient strategy — not a requirement — is to maintain, from
observations Oq., a belief state By over latent variables (priorities, constraints, salient episodes,
recent transitions, and its own uncertainty) and emit the calibrated future distribution it implies.
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Figure 7: The conceptual hierarchy. The benchmark is the operational instrument inside a larger
program; it is not itself the science, and the science is not reducible to it.

In the POMDP idealization B; is a sufficient statistic of the history [46]; real targets violate the
stationarity that sufficiency requires (A3), so B; is a useful abstraction rather than a guarantee.
TargetSpace does not score By: systems with different internal B, stay comparable because both
emit a distribution over the same answer space, and R2 and the permutation gate test whether
whatever B; a system maintains is genuinely about this target.

Several often-conflated notions are kept distinct because the benchmark scores some and not
others (definitions in Appendix A): a stated priority (what a person declares) and an inferred
priority (what a model concludes they pursue) are evidence; an enacted priority is what allocation
of a scarce resource reveals; an implicit target is a latent orientation inferred from behaviour,
repetition, and avoidance, possibly held without introspective access to it [36]. TargetSpace scores
only predicted future states and their transitions — a pre-registered discrete state or transition
with an externally observable outcome that resolves it (assumption A2) — not stated priorities, not
attention or affect, and not next-action mimicry, and never a self-report channel the model itself
consumed as evidence (Appendix R.2): “the person is avoiding this reply” is scored only as, e.g.,
P(no substantive response to message m by r).

Protocol elements. Each element of a benchmark instance — target, target state, prediction,
observation window, prediction horizon, outcome, ground truth, evaluation metric, baseline, uncer-
tainty reporting, and leakage control — is fixed as a concrete definition with a pre-registered option
set before sealing and disclosed with the result, so the protocol is concrete rather than left implicit;
the full element-by-element table is Appendix A (Table 7).

P.1 What TargetSpace is not

Not user modeling. A user model predicts a target’s outputs (clicks, ratings, responses) to tailor
a system; a target-state model predicts the evolving latent state that generates those outputs. Not
event-outcome forecasting. Sealed proper-scored prediction of external events is established,
including live LLM-forecasting leaderboards over real-world events and regulated prediction markets
[13,81,82]; TargetSpace scores transitions in the latent target state of a tracked instance with
instance-specific controls (R2, permutation) those benchmarks do not use. Not a chat, retrieval,
task-completion, or desktop-automation benchmark. Those evaluate what a system does
when asked; TargetSpace evaluates whether a system can infer and predict a person’s target states
and their transitions from passive observation up to a sealed time, before any request is made. Not
a competitor to JEPA or to latent-prediction research (Section 10): it evaluates such systems
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rather than replacing them. The shift is clearest by contrast: a transcript benchmark asks what was
satd?; a memory benchmark asks what happened?; TargetSpace asks a third question — what target
state is the person in, and what transition is likely next? The first two score recall of artifacts a
person already produced; the third scores prediction of a latent, evolving process.

P.2 Why target-state prediction differs from generation and imitation

Four capabilities are easy to conflate, and the benchmark scores a specific one. Generation predicts
surface outputs, judged by plausibility; an imitation or reactive policy maps observations to
actions; consequence prediction predicts the future state an action or event produces; planning
searches over predicted futures to choose actions. These may coexist in one system [24]. Generation
is not agency: a system that produces a plausible next action without predicting the state it leads to
cannot plan, cannot be held to an outcome, and cannot be distinguished from a confident imitator.
TargetSpace scores consequence prediction and target-state prediction: it does not infer planning
ability from action success and requires no human-readable internal simulator — any system that
emits a calibrated distribution over externally resolvable future states may participate, whether a
reactive policy, a latent world model, an LLM, a symbolic planner, or a hybrid. It also does not ask
a system to predict every ripple in the river — every pixel or token, much of which is irrelevant
or unpredictable — but whether it identifies the target-relevant transition, the same intuition
that motivates predicting in a learned representation rather than reconstructing raw observations
(Appendix K.1), lifted to the measurement layer. An optional action-conditioned mode makes
consequence prediction explicit while keeping passive prediction, observational counterfactual predic-
tion, actual intervention, and causal-effect estimation distinct: a prediction scored on observational
data is not a causal estimate, since causal identification requires intervention or explicit structural
assumptions (Section 11).

Q Personal track: extended material

Q.1 Attention-conditioned predictive lift

In the personal track, attention allocation is the leading evidence stream: it reveals what competes
for a person’s limited resources [42,43] and is a continuously observable, hypothesized leading
indicator of transitions, evidence of allocation rather than a read-out of the underlying target
state (in non-person domains the analogue is whatever scarce resource the instance allocates).
Attention-conditioned predictive lift is the difference in target-specific Skill between a model
conditioned on the attention trajectory and a matched model that omits it, measured beyond
R1, R2, stated priorities, and contemporaneous behaviour, with the attention proxy, granularity,
missingness, and leakage controls pre-registered and lift scored only on sealed outcomes. A positive
lift demonstrates incremental predictive value, not causation: attention may proxy an unobserved
cause, and causal identification would require intervention (Section 11). Whether attention also
helps form the next target state is a falsifiable ablation hypothesis, not the core contribution; active
inference is one compatible framing [16], and the extended treatment is in Appendix G, with the
evidence-channel basis in Appendix O.

Q.2 The multi-track apparatus

TargetSpace is a shared apparatus, not a single dataset: personal intelligence (TS-Personal) is
the flagship track, and additional tracks — health, energy, robotics, enterprise — are named only to
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show the framework is not merely a personalized-assistant benchmark. Each track preserves the
common scoring spine of Section 6 [6] and is admitted only when it requires a distinct validator,
evidence band, and horizon profile and admits a strong R2; otherwise it is a regime within an
existing track, or not yet a track. One-shot cross-sectional problems (such as cell-fate prediction) are
excluded because without repeated longitudinal observation of the same instance the own-routine
baseline R2 is undefined. We report no results for any track other than the synthetic personal
instantiation, and make no cross-domain empirical claim.

Q.3 Cross-task personal transfer (advanced track)

The target-specificity stack establishes skill on the task it scores, but a single task cannot distinguish
a reusable model of the person from a narrow rule tuned to one outcome. The stronger claim —
that a system has learned a representation of the person rather than a per-task heuristic — calls
for a transfer test. We define one, as an advanced track and explicitly not a requirement of the
feasibility pilot.

Definition. A personal representation demonstrates cross-task transfer when it improves
sealed Skill over R2 on a held-out target family without being updated using labeled outcomes from
that family. The representation is built from a disclosed set of source task families and frozen at a
declared time; the held-out family is scored under the same sealing, resolution, and gating rules,
with no labeled adaptation on it.

Candidate held-out families, any of which can be withheld while the others build the representa-
tion, include response timing, commitment resolution, event realization, task continuation versus
switching, priority maintenance versus displacement, and engagement versus avoidance of a defined
obligation. The specification fixes: the source (representation-building) evidence; the held-out task
family; the constraint that no labeled outcomes from that family were used for adaptation; identical
sealing and proper scoring; the R1, R2, calibration, and permutation controls applied to the held-out
family; a comparison against a task-specific baseline trained directly on that family (transfer is
credited only when the frozen shared representation approaches or exceeds it); and target-clustered
uncertainty, since the inferential unit remains the person. Transfer that survives these controls
is evidence that the model carries person-level structure reusable across the ways that person’s
target states resolve — the property a per-task rule lacks. Three further rules keep the claim honest.
Permitted adaptation is declared: unsupervised updates from the held-out period’s evidence stream
may be allowed under the declared adaptation policy, but any use of the held-out family’s outcome
labels voids the transfer claim. Failure is graded: held-out skill that vanishes indicates a per-task
rule; skill that survives but falls far below the task-specific baseline indicates partial, weakly reusable
structure — both are reportable results. And the language is earned incrementally: describing a
system as maintaining a personal world model requires transfer across at least two held-out families
from distinct behavioural domains (e.g., response timing and commitment resolution), each passing
the full gate set; one family is a data point, not a model. This is hypothesis H6 (Appendix R.1); it
is future work, and no transfer result is claimed here.

R Hypothesis ladder, pilot plan, and roadmaps

R.1 A research-hypothesis ladder

The controls of the validity stack (Section 6) are not a checklist of equals; they form a ladder of
progressively stronger, separately falsifiable claims (Table 27). Each rung presupposes the ones
below it, and a program can stall or fail at any rung — a failure that is itself an informative result
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(Section 11.2). The ladder also disciplines what this paper currently supports: the synthetic harness
exercises the mechanics of HO-H4; the feasibility pilot examines them without the power to confirm
them; H5—H7 are later or future work, claimed here only as method. Each rung is assigned to a
phase of the staged roadmap (Appendix R.3).

Table 27: The research-hypothesis ladder. Each rung is a separately falsifiable claim presupposing
those below it; the right column keys each to a phase of the staged roadmap (Appendix R.3).
Nothing above mechanics is claimed as an empirical result in this pre-pilot paper.

Rung Claim Where addressed

HO Generic predictability: — out- Phase 0 mechanics; Phase 1 examines
comes are predictable above pop-
ulation priors (R1).

H1 Routine predictability: the tar- Phase 0 mechanics; Phase 1 examines
get’s own history improves pre-
diction over R1 (an admitted
R2).

H2 Target-specific information: the Phase 1 examines; Phase 2 confirms
system beats R2 and loses skill
under wrong-target permuta-
tion.

H3 Longitudinal dynamics: correct Phase 1 examines; Phase 2 confirms
temporal order beats shuffled
history, especially on transition
cases.

H4 Observation value: added pas- Phase 1 examines; Phase 3 confirms
sive or multimodal evidence
beats digital exhaust and self-
report.

H5 Evidence efficiency: comparable Phase 3 (Section 9.3)
gated skill at less energy, data,
burden, capture, or privacy ex-
posure (minimum sufficient ob-
servation).

H6 Cross-task personal transfer: a Phase 4 (Appendix Q.3)
shared personal representation
improves sealed predictions on
held-out target families without
labeled outcomes from them.

H7 Downstream utility: a validated Phase 5 (Section 11)
personal model improves assis-
tance under a separate interven-
tion, safety, and deployment pro-
tocol.

R.2 Task tracks, pilot plan, and status

The planned V2 task set uses auto-scorable, high-frequency targets organized into four domain-neutral
task families instantiated for persons: TS-R short-horizon realization (next contact; event realization;
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response behaviour); T'S-A attention/allocation; TS-D decision/commitment (commitment follow-
through); TS-X target-state transition/drift.

The pilot’s experimental question, stated sharply, is whether passive longitudinal observation
improves calibrated, target-specific prediction over each of five references: (A) the population prior
R1; (B) digital exhaust; (C) self-report and stated priorities, where available; (D) the person’s own
routine R2; and (E) the wrong-target permutation; Table 28 states what beating each reference
demonstrates. This is a feasibility study only; the confirmatory test of these comparisons is a later,
powered study (Appendix R.3).

Table 28: Pilot comparisons and what beating each one demonstrates. A feasibility check of these
comparisons, not a powered test; self-report is a comparison and evidence channel, never the outcome
label.

Reference What it supplies / holds fixed What success demonstrates

A. Population prior (R1)  population base rates; no target-specific skill exceeds base rates (entry
information condition)

B. Digital exhaust (LO- already-externalized calendar, metadata, passive capture adds beyond a

L1) and text routine-heavy residue

C. Self-report / stated pri- the person’s own declarations, where avail- observation adds beyond what

orities able the person says

D. Own-routine (R2) the target’s recency-weighted, walk- skill exceeds habit and memory
forward routine replay (headline)

E. Wrong-target permuta- predictions scored against another person’s  skill is specific to this person
tion outcomes (must collapse)

The first pilot is harness validation: a feasibility study of whether the protocol can run (pre-
diction generation, sealing, deterministic resolution, variance and dependence estimation, and
preliminary signal over R1/R2) — Phase 1 of the roadmap, with Phase 1’s license only. Concretely,
it will be an audio-first exploratory study: five consenting participants, thirty days, sealed daily
calibrated predictions, systems differing only in evidence (A population prior; B digital exhaust; C
+text/transcript and available self-report; D +continuous first-person stream; model and prompts
fixed across B-D), with a human self-report baseline where feasible. The primary endpoint is
the paired prospective log-score improvement over R2, AL(M,R2) = L(M) — L(R2) in bits per
prediction (positive when the system beats R2), with within-person day-blocked and between-person
person-clustered uncertainty; performance over R1, calibration, and skill loss under permutation are
validity gates. With five participants the study is not powered to confirm population-level effects:
a near-deterministic R2 leaves little headroom and the permutation null is coarse, so it supplies
inputs for simulation-based power planning of a later confirmatory study rather than a confirmatory
result. Abandonment criteria: no system beats R1 (noise); none beats R2 (target-specific prediction
not demonstrated); skill survives permutation (not target-specific, read as a directional flag at this
cohort size).

Pre-registration and controls. Prediction instances are organizer-issued under a pre-registered
eligibility and sampling frame — not entrant- or retrospectively selected — stratified across routine-
continuation and transition cases, with skill reported separately on each, since skill concentrated in
transitions is stronger evidence of structure beyond routine. Outcomes follow pre-registered rules
(deterministic behavioural outcomes preferred; ambiguous classes use prediction-blind adjudication
with reported inter-rater reliability), and an outcome label is never the same self-report channel
a model uses as evidence. Negative controls comprise target permutation, a leakage/known-null
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canary, and a temporal-specificity check. Before any data collection the protocol pre-registers R1/R2
fitting, sampling frame, answer spaces, resolution rules, calibration split, permutation matching,
missingness and abstention handling, primary endpoint, multiplicity rule, and analysis; the full
specification is Appendix L.

R.3 The staged roadmap

The program is staged so that each phase asks one question, produces one artifact, and licenses
one claim — and no phase borrows the license of a later one. Phase 0 — synthetic harness
(complete). Question: is the pipeline correct? Artifact: the reference harness and schemas. Success
licenses mechanics only; failure is a bug, not a finding; it establishes nothing about people. Phase
1 — feasibility pilot (next). Question: does the protocol run end-to-end on real, consented lives
— sealing, resolution, missingness, variance and dependence estimates, R1/R2 headroom? Artifact:
a completed five-person, thirty-day run with abandonment criteria evaluated. Success licenses
feasibility statements and power inputs, never effect claims; failure redirects task design before any
scale-up. Phase 2 — powered target-specificity. Question: do H2-H3 hold at a sample size set
by simulation from Phase-1 estimates? Success licenses the core target-specific claim; a null bounds
what current systems extract from the tested evidence — a publishable finding, not a dead end.
Phase 3 — evidence-tier and frontier study. Question: which observations pay, at what cost
(H4-H5)? Artifact: measured observation-value curves, the model-evidence frontier, and minimum
sufficient tiers. Phase 4 — cross-task transfer. Question: is the representation reusable (H6,
Appendix Q.3)? Phase 5 — downstream utility. Question: does validated prediction improve
assistance (H7), under a separate intervention, safety, and deployment protocol? Sample sizes
for Phases 2—-5 are deliberately not stated: they are outputs of Phase 1’s variance estimates, not
promises made before them.

R.4 Release roadmap

The benchmark itself is versioned separately from the research phases, and this paper is explicit about
which release it is. Version 1.0 (this preprint). Defines the benchmark, terminology, protocol
card, validity stack, deployment levels, and reporting standard; includes example task schemas and
the pilot design; ships a synthetic reference harness. It claims no large-scale validation, no dataset,
and no empirical leaderboard — its contribution is the protocol, the benchmark specification, and
the evaluation standard. Version 2. Publishes the first pilot-derived benchmark tasks and baseline
results, with a DOI-linked benchmark release (corresponding to Phases 1-2). Version 3. Expands
targets, modalities, and task families; adds public leaderboards and certified evaluations (Phases
3-5). Nothing in this paper should be read as claiming that a dataset or empirical leaderboard
already exists.

S Observation architecture: extended material

S.1 Evidence-efficiency instantiations

Five cost instantiations are defined. EFE-energy: incremental skill per joule, with the default
boundary set at capture energy plus required edge preprocessing; transfer, storage, training, and
inference energy are reported separately, and an end-to-end figure may be reported in addition, never
instead. EF-wear: incremental skill per worn hour — whether a device extracts useful evidence from
the time a person actually tolerates wearing it. EFE-capture: incremental skill per valid capture hour,
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Figure 8: The model-evidence frontier. A single low skill number cannot distinguish an evidence
limitation (top-left: the signal was never captured) from a model limitation (bottom-right: the
signal is present but unused); the two demand opposite investments. TargetSpace separates them
experimentally by varying one axis at a time. The layout is conceptual and carries no data.

separating wearability failure from sensor productivity. EFE-data: incremental skill per captured
bit, an information-exposure and storage-efficiency measure. EFE-interaction: incremental skill per
required manual activation, a burden measure. Privacy is deliberately not collapsed into a scalar:
it is reported as a vector — raw audio hours, image count, video duration, bystander exposure,
retention period, identifiability, processing locality, derived-inference retention — and treated as
a Pareto dimension (Appendix S.3). The evidence-cost family reported alongside any lift claim
includes predictive lift, evidence volume, evidence sensitivity, collection burden, compute and energy
cost, latency, user consent burden, privacy risk, and the marginal value of each evidence stream
(the disclosed cost axes of Section 9.1). We deliberately do not name any of these “understanding
per joule”: understanding in the richer sense is not the measured object; gated predictive skill —
predictive understanding — is. Evidence efficiency is specified here and measured nowhere yet; it
inherits the paper’s pre-pilot status.

S.2 Three device classes

Scientific instruments are existing devices used for Layer 1 validation: phones, audio recorders,
wearables, and glasses, selected for evidence coverage, exportability, and privacy architecture rather
than product features. The pilot of Appendix R.2 requires nothing more than instruments that
already ship. Observation devices are future hardware optimized for a single objective: maximize
calibrated, target-specific evidence per unit cost, under consent. No shipping product is optimized
for this today; current wearables appear to allocate most of their budgets to interaction. Interaction
devices are the consumer products of Layer 3 — assistants, displays, glasses with output — which
consume a validated model rather than produce one. These classes are roles, not product categories.
One physical device may play more than one role, but the objectives conflict: an interaction surface
invites exactly the reactivity an observation instrument must minimize, so the roles should be
designed, and evaluated, separately.
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S.3 The observation design space

The agenda is the systematic study of evidence efficiency across the observation design space —
modality, cadence, coverage, placement, compute location, and governance — summarized as nine
themes in Table 29. Each is answerable with the apparatus already specified: fix the task set, vary
the sensing arm, and read the gated skill and its cost. TargetSpace does not assume that richer
sensing is better; it asks which evidence configurations remain non-dominated after predictive lift
and observation cost are measured together. The optimal observation system is not the one with
the highest raw skill but one on the Pareto frontier across skill, energy, coverage, weight, comfort,
manual interactions, raw data volume, privacy exposure, latency, cost, exportability, and reliability.

Table 29: The observation-science agenda: nine themes, each an open experimental program. Every
minimal experiment uses the sealed protocol with pre-registered arms; the primary validity risk

names the failure mode the design must control. All themes are open; none has been run.

Theme Core questions Minimal experiment /
primary risk
A. Sensing Is continuous audio sufficient to beat R2? What do  Tier ablation on identical sealed
sufficiency sparse images, mobility, physiology add? Which modal- instances / unmatched arms
ities are redundant, and which matter for deviations
rather than routine?
B. Temporal How many valid hours per day, and days per study, are ~ Coverage-stratified re-scoring /
coverage required? How does skill degrade with non-wear? Are coverage confounded with

C. Sampling & duty
cycling

D. Placement &
form factor

E. Compute
placement

F. Missingness &
uncertainty

G. Privacy &
governance

H. Longitudinal
adaptation

1.
Transition-centered
observation

transition windows worth more than routine hours?

Can sparse images replace continuous video? Can
event-triggered capture beat fixed schedules? What
rate preserves predictive information?

How do chest, wrist, glasses, pendant, earbud, phone,
or room placement change the evidence? Which place-
ments minimize reactivity and preserve attribution?

What must run at the edge? What can be de-
ferred? When does edge summarization destroy ev-
idence needed later?

How should non-wear, battery failure, and gaps be
encoded? Can models distinguish no event from no
observation? How does coverage enter calibration?

How much raw evidence must be retained? Can de-
rived features replace raw? How is bystander exposure
minimized and derived inference deleted?

How fast does a model adapt to a new target? How
does evidence value decay? How are regime changes
distinguished from noise?

Which evidence predicts transitions? Are transition
windows rare but disproportionately informative? Can
high-value windows be identified prospectively?

engagement

Schedule arms with frozen triggers
/ outcome leakage through the
trigger

Placement arms, same tier /
placement confounded with
coverage

Raw-vs-derived arms / lossy
preprocessing unreported

Explicit missingness manifests /
silent imputation

Federated runs, derived-only arms
/ privacy cost hidden from the
comparison

History-length arms, walk-forward
/ drift mistaken for skill

Routine/transition strata reported
separately (Appendix S.4) /
post-hoc window selection

S.4 Transition-centered observation

The benchmark’s target is future observable state transitions, so the observation agenda distinguishes
routine-state observation, transition-window observation, pre-transition evidence, post-transition
evidence, and background evidence that predicts nothing. We state a hypothesis, not a finding:
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a small fraction of observed time may contain a disproportionate share of transition-relevant
predictive information. The pre-registered stratification into routine-continuation and transition
cases (Appendix R.2) already reports skill separately by stratum; the observation-side experiments
extend it — compare random sampling with transition-adjacent sampling, fixed duty cycles with
prospectively triggered sensing, and routine-hour with transition-window lift, and quantify value
per joule by stratum. One constraint is absolute: a trigger policy is part of the sensing arm, so it
must be frozen before evaluation and may not condition on information unavailable at capture time.
Adaptive sensing that peeks at outcomes is leakage, not efficiency.

S.5 Reactivity and forgettability

Observation devices can change the behaviour they measure. Sources include visible cameras,
recording indicators, manual activation, displays, assistant responses, notifications, social awareness
of being recorded, charging rituals, discomfort, and repeated prompts. The naturalistic-observation
literature has managed this for two decades: the Electronically Activated Recorder tradition [67]
uses duty-cycled sampling with documented habituation, and its sampling discipline is the default
L2 configuration here. Forgettability is an experimental property, not a marketing word, and it is
defined as minimal burden subject to hard disclosure constraints — wearer notice and a bystander-
perceptible recording state dominate it. Candidate measures: self-reported awareness of the device,
device-interaction counts, removal frequency, non-wear share, and behaviour drift between early and
later study periods, read against documented habituation curves [67]. Enrollment consent is not
ongoing consent: the protocol includes periodic re-consent, and habituation is a validity resource,
never a consent substitute. Visible-versus-concealed comparisons are admissible only where legally
and ethically permitted; inconspicuousness never overrides consent, recording law, or bystander
rights (Section 11).

S.6 Current hardware as scientific instruments

No shipping product is an optimized observation device, and none needs to be for Layer 1. Table 30
classifies current hardware by experimental role: what each class can test, and the validity risk that
most constrains it.

S.7 The ideal observation device

The benchmark’s validity conditions imply a design envelope for Layer 2 hardware. We state it as
hypotheses to test, not a product specification. The device should run 12-24+ hours between charges,
because charging gaps are structured missingness: the hours a device spends on a charger plausibly
coincide with exactly the routine breaks the benchmark most needs to observe. It should be passive,
comfortable, and forgettable — always worn, no display, minimal interaction — because reactivity is
a validity threat (Section 11): a device the wearer performs for measures the performance, not the
person. It should carry no interaction surface, because an output channel turns the instrument into
an intervention and strains the observe-not-intervene rule that binds scoring windows. It should
sense simply and defer inference: an ultra-low-power microcontroller writing compressed evidence to
encrypted local storage, uploaded once daily to the wearer’s own enclave, keeps the energy budget
in capture rather than compute, keeps thermal output and social salience low, and keeps raw data
inside the federation boundary of Section 3.3. It should be socially unremarkable in burden, never
in disclosure: wearer notice and a bystander-perceptible recording state are hard constraints that
dominate forgettability. Venue-based removal — the dinner table, the clinic, the school — is the
protocol working as intended, and it enters the record as legitimate structured missingness rather
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Table 30: Current hardware classified by experimental role. Every class is usable as a Layer-1
instrument for some theme of Table 29; none is claimed to be a good all-day product, and no specific
product is endorsed or ranked.

Instrument class

What it can test

Key limit / validity risk

Passive audio wearables
Meeting recorders
Audiovisual glasses /
cameras

Research sensing platforms

Enterprise capture systems

Assistive systems

Interaction-first devices

continuous conversational evidence (L2); audio
sufficiency; sampling schedules

bounded, deterministic outcomes; fast starter
studies on commitments and replies

modality ablation (does vision add lift over au-
dio?); sparse-image substitution

raw data, synchronization, custom acquisition,
timestamp quality

repeated workflow-state transitions on organiza-
tional exhaust (LO-L1)

high-stakes calibration and abstention behaviour

the cost of co-locating observation and interven-
tion (reactivity measurement)

coverage gaps from battery and
social contexts

evidence limited to scheduled
contexts

reactivity of visible cameras;
short battery

not wearable at habitual
timescales

consent and power asymmetry;
personal-organizational
boundary

heterogeneous capacity; strictest
consent architecture

the intervention contaminates the
observation

than as a defect in coverage. Beyond these, the instrument must document itself: battery telemetry
(enabling EE-energy), a hardware manifest (sensors, firmware, sample rates, duty cycles, trigger
logic), explicit missingness logs (protecting calibration analysis from silent gaps), timestamped
capture with a declared clock source, physical recording controls, and a visible governance state.
These are not product features; they are the difference between a consumer accessory and a scientific
instrument. Whether such a device outperforms today’s instruments is an empirical question —
precisely the one evidence efficiency is defined to answer.
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