
Reflective Interfaces in Language-Model Systems:
Sources, Interpretation, and Control

Utkarsh Upadhyay
UTET Partners B.V.
uu@utetpartners.nl

Abstract
Language-model “self-reflection” is attributed to systems that re-read visible text, retrieve earlier

episodes, estimate correctness, inspect activation-derived representations, or query mechanistic tools.
These systems differ along more than one axis. We propose a reporting schema that first declares the
reflective subject—the model, a persistent agent, or a larger model–harness system—and then records
what information about that subject is available, how it is interpreted, what interface is presented, who
receives it, and what action follows. Within this schema, a source-access ladder groups visible context,
persistent and retrieved memory, output distributions, execution state, and implementation state by the
breadth or depth of system access required. The rungs are conventional access classes rather than a
scalar measure of quality or causal proximity. The remaining fields distinguish self-reflective deployments
from external monitoring, external control, and endogenous control interfaces that do not represent a
property of the subject. We classify representative work in verbal reflection, uncertainty estimation,
latent reasoning, and mechanistic interpretability, and derive evaluations of availability, informativeness,
grounding, and use. Exogenous signals enter these evaluations as controls, not as self-reflective evidence.
The taxonomy concerns operational information channels; it makes no claim about consciousness or
subjective experience.

1 Introduction
“Self-reflection” is used for several different phenomena. In agent research it often means generating a textual
critique and placing it back into context [Shinn et al., 2023, Madaan et al., 2023]. In uncertainty research it
can mean estimating whether an answer is likely to be correct [Kadavath et al., 2022, Farquhar et al., 2024].
In interpretability research it can mean decoding, reporting, or controlling properties of hidden computation
[Li et al., 2025, Lindsey, 2025]. These mechanisms may support similar decisions, but they expose different
evidence.

The relevant unit is usually not a bare language model. It is a language-model system: a model together
with prompt construction, storage, retrieval, learned monitors, tools, and decision policies. We call the system
about which information is claimed the reflective subject. It may be one model invocation, a persistent agent
assembled by a harness, or a larger model–harness system. The interface recipient is the human or component
that receives a readout. A recipient that chooses an action is a controller ; a passive researcher or evaluator is
not. A self-reflection claim therefore requires the subject, recipient, and any controller to be named rather
than inferred from first-person grammar.

The access ladder introduced informally in an earlier essay [Upadhyay, 2026] organizes one important
question: how deeply does an architecture reach into the model’s implementation? It does not by itself
specify whether the evidence is about the declared subject, how it is interpreted, what representation reaches
a recipient, or whether a controller uses it. For example, a learned monitor may consume thousands of hidden
activations yet expose one probability, while a mechanistic service may inspect parameters and Jacobians but
answer a natural-language query.

We therefore represent a reflective architecture as

reflective subject︸ ︷︷ ︸
declared boundary

−→ source interpretation−−−−−−−−−→ interface −→ recipient if a controller−−−−−−−−→ action. (1)
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The subject is a reference boundary, not another processing stage. The source ladder summarizes the second
term; the remaining terms describe what the architecture makes legible and actionable.

Our contributions are:
1. a role-explicit taxonomy separating reflective subject, information source, interpretation algorithm, pre-

sented interface, recipient, and optional controller/action;

2. a source-access ladder spanning visible context, persistent and retrieved memory, output distributions,
execution state, and implementation state;

3. four evaluation questions concerning availability, informativeness, grounding, and use; and

4. an experimental agenda for testing availability, predictive informativeness, causal or evidential grounding,
and closed-loop use.

2 A Reflective Pipeline
2.1 Subject, harness, and reflection points
Let episode i contain tokens xi,1:Ti

. A model with parameters θ defines

πθ(xi,t+1 | xi,≤t) (2)

and produces residual-stream states hi,ℓ,t. Let D<i denote completed episodes and mi persistent harness
state available when episode i begins. Within episode i, an architecture computes reflective readouts at one
or more reflection points d = 1, . . . , Di. Reflection point d falls immediately after token τi,d ≤ Ti and fixes
what evidence exists when the readout is computed; a readout computed at episode completion has τi,d = Ti.
The schedule of reflection points is part of the architecture: it may be fixed by the harness or chosen by a
gating policy, in which case the choice to reflect is itself an action. This separates episode history, reflection
time, and token-local computation.

Let B denote the declared reflective-subject boundary. If B is one model invocation, retrieved harness
memory is external to that subject. If B is a persistent agent, the same memory can be part of its state.
Neither choice is universal, but it must be explicit.

2.2 Operational components
At reflection point d of episode i, equation (1) instantiates as

B︸︷︷︸
subject

A−−→ si,d︸︷︷︸
source

I−−→ ri,d︸︷︷︸
readout

P−−→ zi,d︸︷︷︸
interface

−→ R︸︷︷︸
recipient

C−−→ ai,d︸︷︷︸
action

, (3)

where the single interpretation arrow of equation (1) resolves into a readout I and its presentation P, and
the final arrow exists only when the recipient is a controller. Written out,

si,d = A
(
B; xi,≤τi,d

, hi,·,≤τi,d
, θ, mi, D<i

)
, available source bundle, (4)

ri,d = I(si,d), interpretation or readout, (5)
zi,d = P(ri,d), presented interface, (6)
zi,d −→ R, interface recipient, (7)
ai,d = C(zi,d; ci,d), optional controller and action. (8)

The bundle is what an architecture could read at d, not what it does read; A selects from it, and the ladder
of section 3 classifies that selection. Gradients and Jacobians are functions of θ and the execution state rather
than additional primitives. Here ci,d collects task context, budget, memory, and other state held fixed when
the effect of zi,d is studied.

Two instantiations make the indices concrete. Reflexion has one reflection point per episode, at τi,d = Ti,
whose action writes the memory mi+1 consumed by a later episode. An uncertainty-gated delegator has a
reflection point before finalization, at τi,d < Ti, whose action is taken inside episode i.
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Reflective subject. What system is the information about? This boundary B may enclose a model
invocation, a persistent agent, or a larger model–harness system.

Source. What information about B is available at reflection point d, and through what acquisition process?
Examples include subject-produced text in the visible prefix, a persistent summary, selected trajectories,
output probabilities, hidden activations, attention patterns, parameters, gradients, and Jacobians. The
containing source bundle may also include ordinary exogenous task context.

Interpretation algorithm. How is the acquired source transformed? The operation may be identity,
entropy calculation, a learned probe, a sparse autoencoder, an auxiliary correctness predictor, circuit tracing,
a Jacobian lens, or an LLM interpreting the response of a mechanistic tool. Retrieval is source selection;
interpreting the returned records is a separate operation.

Presented interface. What representation reaches a recipient across a declared component boundary?
Possibilities include discrete text, a category, a probability, a low-dimensional vector, a soft token passed into
a later model step, sparse feature coordinates, an attribution graph, or a queryable API. Interface breadth
is functional rather than dimensional: a fixed-purpose correctness score answers one preselected question,
whereas a queryable mechanistic interface lets its recipient choose what to inspect.

Recipient, controller, and action. Who receives the interface, and does that recipient act? A recipient
may be a passive researcher, an external monitor, a separate policy, the target model in a later pass, or
the target model during the current request. A controller may answer, abstain, retrieve, delegate, allocate
computation, alter an activation, or propose a parameter edit. If the recipient or controller is external to B,
the architecture monitors or controls the subject from outside. If the channel is returned to B or one of its
internal control components, it can participate in self-reflection.

This decomposition prevents implementation pedigree from determining the system’s label. A tool may
use high-bandwidth internal state while exposing a narrow interface; source richness, recipient legibility, and
downstream use are separate properties.

2.3 Four evaluation questions
A reported architecture can be evaluated with four separable diagnostic questions:

1. Availability. Who can access the candidate source under the declared boundary, and at what implemen-
tation depth?

2. Informativeness. Does the interpretation map that information to the stated task-relevant variable?

3. Grounding. Does the readout depend on the purported subject-derived signal rather than an alternative
cue? Stronger mechanistic claims additionally require causal attribution.

4. Use. Does a recipient interpret the interface, and does a controller use it to change a report, decision, or
internal state?

These are evidential questions, not pipeline stages and not a maturity scale. Some tests presuppose others:
causal use of a readout is uninformative if the readout does not predict its stated target. A probe can
establish informativeness without privileged availability to the subject. An injected sentence can alter an
action without reading the subject’s state. A calibrated monitor can remain behaviorally irrelevant when no
controller uses it.

2.4 Channel eligibility and interface breadth
The schema applies broadly to candidate self-information architectures. A particular deployment counts as
self-reflective only when its channel represents a stated property of B, that channel value causally depends on
B, and the resulting interface is available to B or one of its internal control components for subject-directed
interpretation, reporting, or action. External probes and human-facing mechanistic tools are comparison
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architectures unless their outputs are returned across that boundary. Ordinary hidden-state propagation is
not self-reflection merely because endogenous state affects later computation; a subject-directed representation
or inference must be identified.

A source bundle may also contain exogenous information supplied independently, such as task instructions
or external feedback. Such context may influence the same controller, but that influence is a control condition
or ordinary input rather than self-reflective evidence. Thus the sentence “I am uncertain” is not intrinsically
introspective. Its provenance and deployment determine whether it presents a subject-derived estimate or an
experimenter-selected intervention.

3 The Source-Access Ladder

S0 Visible context

S1 Persistent summary

S1.5 Retrieved history

S2 Output distributions

S2.5 Execution state and sensitivities

S3 Implementation state

context and
harness state

model-produced and
model-internal information

broader or deeper
system access

Figure 1: The source-access ladder. Height groups conventional classes that require broader or deeper system
access, from context and harness records to model outputs, active execution state, and durable implementation
state. Rung numbers do not denote quality or a strict scalar order.

The ladder in figure 1 is a compact set of access classes. Moving upward generally requires broader or
deeper system access: from public or harness-mediated records, through model outputs, to active state and
durable implementation state. The sequence is not a total mathematical order. In particular, a persistent
summary and a retrieved archive differ by selection and retention; their plotted order records broader archive
access, not deeper implementation access. Systems may expose several classes simultaneously. Comparisons
must hold the declared subject boundary B fixed; the rung numbers do not license comparisons that silently
switch from an invocation to a persistent agent.

3.1 S0: visible-context access
At S0, the architecture uses only evidence visible in the current request. The request can mix exogenous
instructions with subject-derived evidence, such as a previous answer produced by B and placed back into
context. Only the latter can carry self-information about B. An observer can be given the same public
transcript; any advantage over that matched observer must therefore come from a source other than visible
text. First-person grammar alone does not establish such an advantage.

3.2 S1: persistent-summary access
At S1, a harness maintains a compact summary mi and exposes it during later episodes:

mi+1 = U(mi, Di), yi+1 ∼ πθ(· | xi+1, mi+1). (9)
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Reflexion stores verbal feedback in episodic memory and conditions later attempts on it [Shinn et al., 2023].
Generative Agents synthesize reflections over observations and return them to a memory stream [Park et al.,
2023]. A summary is internal only when B is declared to include the persistent harness; external feedback
inside that summary remains exogenous evidence even then. Such systems support cross-episode adaptation
without weight updates. Their bottleneck is selection: summaries can omit counterevidence, preserve stale
conclusions, or turn transient behavior into a stable self-description.

3.3 S1.5: retrieved-history access
At S1.5, the system can revisit records that were not selected for a standing summary. Given query qi,d,
corpus D<i, and requested result count k,

sret
i,d = Retrieve(qi,d, D<i, k) . (10)

Retrieval must complete strictly before the reflection point it serves, so that the selected records are already
in the bundle when the readout at d is computed; a retrieval issued at d itself could not inform that readout.
Retrieval selects a source; a later interpretation maps the selected records to a task-relevant readout. As at
S1, whether the archive lies inside B depends on whether B includes the persistent harness. This supports
longitudinal audit and evidence-backed correction, but similarity does not imply relevance. Evaluations
should include stale records, adversarially similar episodes, and tasks requiring reconstruction across several
interactions.

3.4 S2: output-distribution access
At S2, the source includes quantities produced at the model’s output boundary, such as token probabilities
or samples from repeated generations. A probability from the target invocation causally depends on that
invocation. Repeated-sample methods require B to include the sampling procedure or collection of invocations;
if B is one invocation, the other samples are observer-accessible evidence about it rather than its internal state.
Interpretation algorithms can turn output evidence into token entropy, sequence-level confidence, verbalized
uncertainty, or semantic entropy [Kadavath et al., 2022, Lin et al., 2022, Kuhn et al., 2023, Farquhar et al.,
2024]. These quantities differ in meaning and cost. Token entropy measures uncertainty over the next surface
token; semantic entropy groups sampled generations by meaning.

A statistic becomes a candidate reflective interface only when a recipient receives it across a declared
boundary. It becomes part of self-reflection only when returned to B or an internal control component under
the eligibility rule above. Rendering a probability as text changes the presentation, not the source. Its
usefulness must be evaluated under calibration, selective risk, and decision cost rather than raw accuracy
alone.

3.5 S2.5: execution-state access
At S2.5, the source includes objects from the current forward or backward computation: hidden activations,
attention patterns, gradients, or Jacobians. Many interpretation algorithms operate here. Unsupervised
latent-knowledge probes, tuned lenses, Patchscopes, sparse feature dictionaries, and activation interventions
expose different functions of hidden state [Burns et al., 2023, Belrose et al., 2023, Ghandeharioun et al., 2024,
Bricken et al., 2023, Li et al., 2023, Turner et al., 2023, Zou et al., 2023].

Hidden-state access does not determine interface width. Semantic entropy probes estimate semantic
uncertainty from a single generation’s hidden states [Kossen et al., 2024]. Gnosis passively observes final-layer
hidden-state trajectories and layer–head attention maps, processes them through learned encoders and a
fusion predictor, and exposes a scalar correctness estimate while leaving the backbone frozen [Ghasemabadi
and Niu, 2025]. Both consume execution state but produce fixed-purpose readouts; in their monitoring
deployments, an external recipient rather than B receives the result.

Anthropic’s interpretability sequence illustrates several other interpretation objects. Sparse autoencoders
identify feature coordinates [Bricken et al., 2023]; Scaling Monosemanticity extends feature extraction to
Claude 3 Sonnet [Templeton et al., 2024]; circuit tracing connects active features into prompt-specific
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attribution graphs [Ameisen et al., 2025, Lindsey et al., 2025]. Human-facing, external-model, and target-
model-facing deployments answer different availability and use questions even when they expose the same
artifact.

3.5.1 Jacobians and J-space as interpretation methods

An activation records the state occupied by a computation. A derivative describes how a local change would
propagate. For intermediate state hi,ℓ,t and a later final-layer state hi,L,t′ , the Jacobian lens constructs an
average downstream map

Jℓ = Ei,t,t′≥t

[
∂hi,L,t′

∂hi,ℓ,t

]
(11)

and reads the transported state through

softmax(WU norm(Jℓhi,ℓ,t)) , (12)

where WU is the unembedding matrix [Gurnee et al., 2026]. J-space uses sparse non-negative combinations
of token-associated J-lens directions. It is an interpretation method over execution state and derivative
information.

The averaged map describes typical first-order downstream transport, not the exact local effect for every
request. Prompt-local backward Jacobians also appear in circuit tracing, where they estimate influence
between features [Ameisen et al., 2025]. The J-space work instead uses averaged transport to define readout
coordinates. A self-information architecture might expose J-lens scores, sparse coordinates, local Jacobian-
vector products, or a queryable service; the interface, recipient, and any controller must still be specified.

Recent work provides limited evidence that models can consume activation-derived signals about themselves.
Models can learn through neurofeedback to report and modulate selected activation projections [Li et al.,
2025]; concept-injection experiments show model- and context-dependent identification of injected activation
patterns [Lindsey, 2025]; and models can describe dispositions introduced by fine-tuning [Betley et al., 2025].

3.6 S3: implementation-state access
At S3, the source includes parameters or durable functions of them. Raw tensors are not automatically a
useful interface: representations are distributed and superposed [Elhage et al., 2022]. Practical systems are
more likely to expose parameter tensors, low-rank parameter decompositions, parameter-derived diagnostics,
or candidate weight edits [Dai et al., 2022, Meng et al., 2022]. Execution-conditioned gradients, feature
activations, and prompt-specific circuit graphs remain at S2.5.

Reading implementation state is monitoring; applying an edit is control. Weight updating alone is ordinary
learning. A stronger self-reflective deployment would require a parameter-derived diagnosis about B to be
interpreted and used by an internal controller, which predicts the effect of a constrained edit and verifies
both the intended change and side effects.

4 Classifying Existing Systems
Table 1 applies the schema to candidate self-information architectures. It separates the declared subject and
information source from deployment status; the same method can support external monitoring, external
control, or self-reflection under different boundaries.

Our framework is complementary to two recent accounts with broader aims. Liu et al. [2026] survey
the wider literature on metacognition in LLMs, including its measurement, elicitation, improvement, and
applications. Naphade et al. [2026] instead formalize policy and mechanistic introspection and introduce an
empirical benchmark for those capabilities. The present paper focuses more narrowly on the information flow
and deployment roles of reflective interfaces across model–harness systems. We refer readers to those works
for broader reviews of LLM metacognition and introspection.

Soft Thinking is useful as a boundary case even though it is not primarily a self-reflection paper. It
converts the next-token distribution into a probability-weighted mixture of token embeddings and feeds that
continuous “soft token” into the same model’s next reasoning step [Zhang et al., 2025]. It demonstrates an
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A. Evidence pipeline

Method Citation Declared subject B Available information (“what”) Transformation (“how”) Interface

Reflexion Shinn et al.,
2023

Persistent agent plus memory harness Completed trajectories and feedback Summary construction and record
selection

Text memory

Semantic
entropy

Farquhar
et al., 2024

Sampling procedure / set of runs Repeated output samples Semantic clustering and entropy Scalar
uncertainty

Semantic-
entropy
probes

Kossen et al.,
2024

Target invocation Hidden states Learned probe Scalar
uncertainty

Gnosis Ghasemabadi
and Niu, 2025

Target invocation Hidden trajectories and attention Learned encoders and fusion Correctness
probability

Sparse au-
toencoders

Bricken et al.,
2023,
Templeton
et al., 2024

Target model Hidden activations Sparse dictionary learning Feature
activations /
labels

Circuit
tracing

Ameisen et al.,
2025, Lindsey
et al., 2025

Target invocation Features and local derivatives Attribution-graph construction Directed feature
graph

J-lens /
J-space

Gurnee et al.,
2026

Target model instantiated on the
queried input

Activations and averaged Jacobians Transport and sparse coding Token readouts /
coordinates

Soft
Thinking

Zhang et al.,
2025

Active invocation Next-token distribution Weighted embedding mixture Continuous soft
token

B. Deployment and status

Method Recipient / controller Scope shown Action or use demonstrated Status in cited setup

Reflexion Same agent, later attempt Retrospective Text memory changes a later attempt Self-reflective deployment
Semantic entropy External monitor by default Concurrent /

post hoc
Monitoring unless connected to a
controller

External monitoring

Semantic-entropy
probes

External monitor by default Concurrent Monitoring unless connected to a
controller

External monitoring

Gnosis External monitor Concurrent Correctness prediction; no internal loop External monitoring
Sparse
autoencoders

Researcher in cited setup Post hoc Feature extraction and interpretation External analysis

Circuit tracing Researcher in cited setup Post hoc Graph construction and causal checks External analysis
J-lens / J-space Researcher in cited setup Concurrent /

post hoc
Readout and targeted modulation External analysis / control

Soft Thinking Same model’s next step Concurrent Changes the next reasoning step Endogenous control; reflection not
established

Table 1: Representative candidate self-information architectures. Panel A reports subject, available in-
formation, transformation, and interface; panel B reports recipient, temporal scope, demonstrated use,
and deployment status. Entries report the cited setup; where a cited study evaluates both analysis and
intervention, both are named.

endogenous, continuous, intra-request control interface. It does not by itself establish self-reflection because
no subject-directed property is interpreted.

Temporal scope is an independent reporting axis, and the reflection point makes it precise. Retrospective
architectures draw the source at d from completed episodes D<i to affect a later one, as in Reflexion.
Concurrent architectures draw it from the active computation of episode i with τi,d < Ti, as in Soft Thinking
or an online uncertainty controller. Prospective architectures state a property q(B) concerning behavior after
τi,d, such as whether an answer will be correct or how the model will respond [Binder et al., 2025, Naphade
et al., 2026]. Each scope can pair with more than one source, interface, and deployment status.

5 An Experimental Agenda
Throughout this section we suppress the indices (i, d) where a statement holds at every reflection point, and
restore them where an expectation is taken. The ∆ quantities below are defined per reflection point and
reported as averages over them.
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5.1 Availability and privileged-access evaluation
A privileged-access claim is strongest when the reflective subject outperforms an observer with matched
public evidence and no greater computational cost. For subject M , observer O, self-property q, and ground
truth y, compare

∆priv = score(M(q; sM ), y) − score(O(q; sO), y), (13)
where sO includes the transcript, task data, and examples available to M but excludes the candidate privileged
source. Cross-model self-prediction uses this logic [Binder et al., 2025]; cost-matched observer controls make
the criterion stricter [Song et al., 2025].

Controls should match the source. Memory systems require observers with the same records. Output-
distribution systems require matched samples or probabilities where possible. Execution-state systems require
comparisons with another model’s state, stale states, shuffled layers, or matched random projections. Model
identity is a useful observer input because it supports inference from known model behavior, but identity
alone does not expose the subject’s current internal state. In the sampling-temperature task, apparent
self-reporting did not outperform a cost-matched third party strongly enough to satisfy privileged self-access
[Song et al., 2025].

This evaluation answers availability: who can access the candidate evidence under matched public
information? Privilege is one comparative result, not the definition of availability.

5.2 Informativeness and readout evaluation
Given a stated property q(B) and readout r = I(s), evaluate predictive validity on held-out examples
before asking whether the readout is privileged or causally used. Report a proper scoring rule when r
is probabilistic, calibration and selective risk when the interface supports abstention or escalation, and
class-conditional metrics when the target is imbalanced. Compare against public-context baselines, simpler
source summaries, and source-shuffled controls. Repeat under distribution shift to distinguish a stable readout
from a dataset-specific correlate.

This evaluation answers informativeness: whether the interpretation maps the candidate source to
its stated target. It does not by itself establish availability to B, grounding in the purported source, or
downstream use.

5.3 Causal grounding
To test whether a readout is grounded in its purported source, intervene upstream on the claimed source s
while holding alternative cues and the interpretation algorithm fixed. Let s′ be a targeted, shuffled, stale, or
counterfactual replacement, define z(s) = P(I(s)), and compare

∆ground = Dz(z(s′), z(s)) , (14)

where Dz is chosen for the interface object. If the claim concerns a specific internal mechanism, intervene at
that mechanism and measure its effect on the downstream readout. Specificity, dose response, and reversibility
distinguish source grounding from generic disruption or a correlated alternative cue.

Natural grounding interventions include editing the subject-derived part of a summary, swapping retrieved
episodes, perturbing output probabilities before interpretation, patching activations or Jacobians before
J-space interpretation, and applying constrained parameter edits. Directly replacing a monitor output, J-space
coordinate, or presented interface value does not test grounding; it tests downstream use.

This evaluation answers grounding: whether the readout depends on the purported subject-derived source
rather than an alternative cue. Mechanistic attribution requires the stronger interventions appropriate to the
mechanism claimed.

5.4 Monitoring-to-control transfer
Useful reflection should close a loop. Given interface value z and context c, a controller selects action
a = C(z; c), such as answer, abstain, retrieve, call a tool, allocate compute, or request help. Evaluate

∆use = DG(G(C(z′; c)), G(C(z; c))) , (15)
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where z′ is a truthful, shuffled, stale, or counterfactual interface replacement, c is held fixed, G returns a
defined action or behavioral statistic, and DG is chosen for the range of G. Then evaluate outcome quality
and cost:

U = Ei,d[R(ai,d, yi) − λ cost(ai,d)] , (16)

where the expectation runs over episodes and the reflection points within them, R captures task value, and
cost captures inference, latency, or tool cost. Charging the cost inside the same expectation keeps value and
expenditure on one population of reflection points, so a controller cannot look cheap by acting at fewer of
them than it is scored on. For example, a local on-device model may delegate to a stronger remote oracle;
the cost can include both money and response latency. This objective prevents trivial gains from always
escalating.

For a concrete oracle-delegation task, let z be the local model’s estimated probability that its answer is
correct. The controller chooses a ∈ {answer locally, delegate}, and G(a) = 1[a = delegate]. Replacing z by a
shuffled estimate z′ makes ∆use measure how much the interface changes the delegation decision. The reward
R(a, y) then scores the answer ultimately returned under that decision against ground truth y; the cost term
charges for invoking the oracle. Thus ∆use tests whether the controller responds to the interface, while U
tests whether those responses improve task value enough to justify their cost.

A clean progression holds the task and controller fixed while changing the source or interface. Compare
no signal, output probabilities, a fixed-purpose hidden-state readout, a richer activation representation, and a
queryable mechanistic interface. The question is not whether the highest-dimensional source wins, but which
pipeline yields calibrated utility under distribution shift.

This evaluation answers use: whether a recipient can interpret the interface and whether a controller
changes action in a way that improves cost-sensitive outcomes.

5.5 Benchmark families
We suggest four benchmark families:

1. Longitudinal contradiction. Test whether retrieved records permit evidence-backed correction when
current behavior conflicts with a persistent summary.

2. Reasoning-state uncertainty. Compare output-derived uncertainty with hidden-state correctness
readouts before finalization, using selective accuracy and tool use as outcomes.

3. State versus sensitivity. Compare activation readouts with matched Jacobian-derived readouts on
interventions whose effects depend on downstream sensitivity rather than activation magnitude.

4. Mechanism-aware self-editing. Ask a system to predict and verify the consequences of a constrained
activation or parameter edit on held-out tasks.

All benchmarks should report subject boundary, source and provenance, interpretation algorithm, interface,
recipient, controller if any, deployment status, temporal scope, observer controls, corrupted-channel controls,
and compute cost.

6 Limitations and Risks
The source ladder describes practical classes of broader or deeper system access. That classification is useful
for specifying what evidence an architecture can acquire; it should not be substituted for intelligence, maturity,
causal relevance, or downstream utility. A calibrated fixed-purpose readout can outperform an open-ended
interface that its recipient cannot interpret. More permissive access can also require greater bandwidth and
stronger safeguards.

The reflective-subject boundary remains partly conventional. Different studies may choose one invocation,
a persistent agent, or a larger model–harness system. The schema makes that choice visible but cannot choose
it for every research question; within a comparison, however, B must remain fixed.

Internal readouts can fail under distribution shift, adversarial optimization, or representational drift. A
model trained to consume a monitor may learn to influence it. Mechanistic access can improve diagnosis,
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but it can also expose evaluation awareness or support monitor evasion [Gurnee et al., 2026]. Independent
monitoring and causal validation remain necessary.

Human analogies can generate hypotheses, but they also import unsupported conclusions. This taxonomy
concerns information interfaces and control loops. It neither establishes nor requires consciousness, subjective
experience, or a human-like self-model.

7 Conclusion
In this paper, we have introduced a role-explicit framework for describing reflective interfaces in language-
model systems. Its source-access ladder identifies how broadly or deeply an architecture reaches across
context, harness records, model outputs, active state, or implementation state. The full schema declares the
reflective subject and records which information is about and causally dependent on that subject, how it is
interpreted, what interface is presented, which recipient receives it, whether a controller acts, and when the
channel operates. Together, the ladder and schema make architectures comparable without collapsing access
class, readout quality, deployment status, and downstream use into a single level.

They also make partial evidence legible. A probe may decode failure without making that readout
available to the subject. A mechanistic tool may expose rich evidence without improving a decision. An
endogenous control interface may influence later computation without representing a property of the subject.
A controller may respond to a signal whose value is not grounded in the source claimed. Stronger evidence
for self-reflection connects a declared subject, a subject-dependent and subject-directed channel, informative
and grounded interpretation, and useful reporting or action under matched-observer, predictive, causal, and
cost-sensitive evaluations.
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