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Abstract

The word “expert” in mixture-of-experts is a fossil. A contemporary expert is a routed feed-
forward subnetwork selected for conditional compute, not an agent that runs experiments. We
take the older sense of the word seriously and ask what it would mean for a language model
to run an experiment on itself. The recent wave of test-time activation steering does not qualify:
steering pushes the residual stream toward a chosen answer, which presupposes the conclusion. A
genuine experiment is answer-agnostic. It intervenes on the evidence a claim depends on, predicts
how the output should respond if the claim is grounded, and reads off the discrepancy. We make
this concrete as a controlled internal experiment: a targeted intervention on the evidence bound to an
answer, paired with a matched control intervention on evidence that should be irrelevant, whose
control-corrected differential measures whether the answer is causally grounded. A “mixture
of experimenters” is a battery of such experiments of different types, aggregated into a single
label-free correctness signal. On an in-context retrieval task with a small transformer whose
ground truth is known by construction, in a regime of controlled uncertainty, the aggregated
signal separates correct from incorrect answers with AUROC 0.967 for a three-experiment mixture
(0.956 for two), against 0.786 for negative entropy, 0.784 for logit margin, and 0.602 for a logistic
correctness probe trained on labelled activations. The same construction transfers to Pythia-160M
on in-context retrieval, where it reaches AUROC 0.841 against 0.719 for entropy, and it survives
identifying the evidence by causal attribution rather than being given it, though the margin
then narrows with attribution quality. The matched control is necessary where the intervention
has a non-specific component (ablation, where it adds AUROC +0.016, CI95 [+0.010, 4+-0.022])
and inert where the intervention is intrinsically specific (a counterfactual swap, +0.000), so a
control matters exactly when there is generic perturbation-sensitivity to cancel. The contribution
is a new primitive, an experiment rather than a steer, and the finding that whether an answer
survives intervention on its own evidence is a far stronger label-free signal of correctness than
how confident the model is.

1. Introduction

A sparse mixture-of-experts routes each token to a feed-forward subnetwork to scale parameters
at fixed compute (Shazeer et al., 2017; Fedus, Zoph & Shazeer, 2022). The object the router selects
is a compute path. It does not probe and it does not experiment. The term is a fossil of an older
intuition: an experimenter intervenes on a system, predicts what the intervention should do under
a hypothesis, measures what it did, and updates.

The recent literature has made the intervention half of that loop routine. Inference-time interven-
tion and activation addition shift the residual stream along a learned direction toward a desired
behaviour (Li et al., 2023; Turner et al., 2023), and a 2025-2026 wave makes the choice of steer
adaptive: ATLAS gates test-time latent steering with a trained verifier (Nguyen et al., 2026), CAST
conditions steering on a learned input signature (Lee et al., 2025), and sparse activation steering
moves the intervention into an autoencoder basis (Bayat et al., 2025). All of these steer: they push
the state toward a target the method has already chosen. Pushing toward a conclusion is not an



Mixture of Experimenters 3

experiment. It presupposes the answer that an experiment is meant to put at risk.

A separate line estimates whether to trust an answer after the fact. Perturbation of internal states
and a trained classifier predict correctness (CCPS; Khanmohammadi et al., 2025); counterfactual in-
terventions on hidden states detect unfaithful explanations (CausalGaze; Kong et al., 2026); neigh-
bourhood consistency measures the stability of an answer under paraphrase (Xu et al., 2026). These
come closer to an experiment, but each applies a single intervention without a control, so none can
separate a fragile-because-wrong answer from one that is merely in a generically perturbation-
sensitive region.

This paper defines the missing primitive and shows it is a strong signal. An experiment must be
answer-agnostic, and it must have a control. A controlled internal experiment intervenes on the ev-
idence an answer depends on (the target), runs a matched intervention on evidence that should
be irrelevant (the control), and reads the control-corrected response of the output. If the answer is
causally grounded in its evidence, the target intervention moves it and the control does not; if the
answer is a guess, neither moves it as the grounded hypothesis predicts. The differential is com-
puted without the correct answer. A mixture of such experiments, of different types, aggregates
into a single label-free estimate of whether an answer is grounded, and grounding turns out to
track correctness far better than confidence does.

2. Related work

Steering and its selection. Activation addition and inference-time intervention establish that a
residual-stream shift along a learned direction changes behaviour (Turner et al., 2023; Li et al.,
2023). Recent methods make the shift adaptive: a trained verifier decides the steering strength
per step (Nguyen et al., 2026), a condition vector gates whether to steer at all (Lee et al., 2025),
and sparse-autoencoder coordinates localise the shift (Bayat et al., 2025). These optimise task be-
haviour by moving toward a target. The present work moves in the opposite epistemic direction:
it intervenes to test a claim, not to impose one, and its output is a correctness signal rather than a
steered generation.

Confidence and faithfulness signals. Token-level confidence (entropy, logit margin) and self-
reported confidence are weak and miscalibrated on exactly the cases that matter, confident errors
(Kadavath et al., 2022). Perturbation-stability methods train a classifier on the response of hidden
states to noise (Khanmohammadi et al., 2025); counterfactual and consistency methods probe faith-
fulness (Kong et al., 2026; Xu et al., 2026). Every one of these applies a single intervention. The
contribution here is the matched control and the answer-agnostic, grounding-testing form of the in-
tervention, and the demonstration that the resulting signal beats both confidence and a supervised
probe.

Mechanism. The interventions are activation and token edits of the kind used in activation patch-
ing and causal tracing (Meng et al., 2022), whose own methodology stresses that the choice of
metric and baseline governs what a patch means (Zhang & Nanda, 2024). The substrate discus-
sion draws on sparse autoencoders (Bricken et al., 2023; Templeton et al., 2024) and the reading of
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intermediate states as predictions in the tuned lens (Belrose et al., 2023). The real-model results
use Pythia-160M (Biderman et al., 2023).

3. Controlled internal experiments

Let a model answer a query by a distribution p,, over a fixed answer set, with § = arg max, py(a).
An experiment is a tuple

E: (T7 C? p? m)7

a targeted intervention 7" on the evidence the answer should depend on, a matched control inter-
vention C' on evidence that should be irrelevant, a prediction p of how the output should respond
under the hypothesis that the answer is grounded, and a measurement m of the realised response.
The signal of a single experiment is the control-corrected response,

9(E) = m(pr,p) —m(pc, p),

where pp- and p, are the output distributions after the target and control interventions. The control
cancels the component of the response that any intervention of that kind would produce, which is
what an uncontrolled probe cannot remove.

For in-context retrieval, where a query key is bound to a value in context, three experiments are
immediate, two causal-dependence tests and one invariance test.

Experiment Target T' Control Prediction p Signal g

swap overwrite the overwrite a a grounded (pT(U' ) —
queried key’s non-queried answer becomes  py(v')) —
value with a value with v’ v’ (pe(v")—po(v"))
fresh token v’

ablate corrupt the corrupt a a grounded (po (g}) —pr(9))—
queried key’s non-queried answer’s own (po(9) — pe(B))
value value probability

collapses

invariance reorder the (none; a a grounded |Pperm (Y)
(intact) pair one-armed answer is Po(Y)]
blocks stability test) unchanged

No signal uses the correct answer. All use only the input structure, which token holds the queried
key’s value, information present in the prompt. The swap and ablate experiments share the control
construction of Section 3; the invariance experiment is one-armed, a stability test with no separate
control, included to show that experiments of a different shape compose. The mixture of experi-
>, #(gy), where z is the
z-score across the evaluation set, which keeps the aggregate label-free. The signals are scored

menters aggregates the standardised single-experiment signals, g,.;,, =

afterwards by the area under the ROC curve (AUROC) for discriminating correct from incorrect
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answers, with paired bootstrap confidence intervals over examples; labels enter only at this scoring
step.

The natural baselines are the label-free confidence signals, negative entropy and logit margin of p,,
and, as a supervised reference, a logistic probe P(correct | h) trained on labelled answer-position
activations.

4. The toy: an oracle-grounded evaluation

A two-layer, 64-dimensional, four-head decoder-only transformer is trained on a synthetic in-
context retrieval task: a sequence of key-value pairs followed by a query key, with the value bound
to the queried key as the target. The model learns the task to accuracy 1.000 without noise. Evalu-
ation adds Gaussian noise of standard deviation 0.9 to the token embeddings, placing the model
in a regime where it answers 0.834 of items correctly while the structure needed to recover the rest
is still present. The known ground truth provides the control this whole literature lacks: it makes
the AUROC ceiling well defined and lets the label-free signals be measured against the truth rather
than against each other. The evaluation set is 5000 items.

Table 1 reports the discrimination AUROC of each signal.

Signal AUROC 95% CI

mixture (swap + ablate + invariance) 0.967 [0.961,0.972]
mixture (swap + ablate) 0.956 [0.949, 0.962]
ablate (controlled) 0.944 [0.936,0.951]
ablate (uncontrolled) 0.928 [0.919, 0.936]
swap (controlled) 0.904 [0.893,0.915]
swap (uncontrolled) 0.904 [0.892,0.915]
invariance 0.755 [0.733,0.776]
negative entropy 0.786 [0.768, 0.803]
logit margin 0.784 [0.767,0.801]
supervised probe 0.602 [0.580, 0.623]

Table 1. Correct-versus-incorrect discrimination on the toy.

The two-experiment controlled mixture separates correct from incorrect answers at AUROC
0.956. It beats negative entropy by a paired CI95 of [+0.150,40.191] and logit margin by
[+0.152, +0.192]. It beats the supervised probe, which uses labels, by [+0.332,+0.377]: the
probe reaches only 0.602, because a readout trained on noisy activations to predict correctness
does not generalise, the same fragility this construction sidesteps by asking a causal question of
the model rather than reading a learned feature. Whether an answer survives intervention on its
own evidence is a much stronger correctness signal than how confident the model is in it.

The mixture grows with the panel. The invariance experiment is a weaker signal on its own, AU-
ROC 0.755, because order-stability is necessary but not sufficient for grounding. Added to the
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mixture it still helps: the three-experiment mixture reaches 0.967, above the two-experiment mix-
ture by a paired CI95 of [+0.007,40.015]. A differently shaped experiment, a should-not-move
test beside the two does-it-respond tests, contributes discrimination the others miss, which is the
sense in which a mixture of experimenters is more than one.

The role of the control is precise. For the ablation experiment the control is necessary: the controlled
signal beats the same intervention without a control by AUROC [+0.010, +0.022], because cor-
rupting any value token has a generic effect on the output that the control removes. For the swap
experiment the control is inert, [—0.004, +-0.005], because swapping a value the answer does not
use barely moves the output, so there is nothing for the control to cancel. A control matters ex-
actly when the intervention has a non-specific component, and the mixture, which beats the best
uncontrolled single experiment by [+0.021, +0.036], inherits the benefit where it exists.

5. A real model: Pythia-160M

The toy supplies the oracle; a real model supplies the check that the mechanism is not an artifact of
scale or of a hand-built model. Pythia-160M (Biderman et al., 2023) is evaluated on an in-context
retrieval task in natural text, a list of single-token key-value pairs followed by a repeated query key,
which the model completes. With six pairs the model answers 0.403 of 400 items correctly, an in-
termediate accuracy that leaves both classes well populated. The identical controlled experiments
are run by editing the queried and control value tokens.

Signal AUROC 95% CI

controlled mixture 0.841 0.800,0.879
ablate (controlled) 0.816 0.774,0.858
ablate (uncontrolled) 0.811 0.767,0.852

[ ]
[ ]
[ ]
swap (uncontrolled) 0.770 [0.722,0.816]
| ]
[ ]
[ ]

swap (controlled) 0.757 0.709, 0.805
negative entropy 0.719 0.668,0.770
logit margin 0.719 0.667,0.767

Table 2. Correct-versus-incorrect discrimination on Pythia-160M.

The controlled mixture reaches AUROC (.841 and beats negative entropy by a paired CI95 of
[+0.067, +0.176] and logit margin by [+0.069, +0.177]. The grounding experiment transfers: on
areal pretrained model, whether the answer tracks an edit to its evidence discriminates correctness
substantially better than the model’s confidence. The control’s marginal contribution over the best
uncontrolled probe is small and not significant at this sample size, [—0.011, —|—0.070], consistent
with the toy finding that the control’s value is concentrated in the ablation experiment and modest
in absolute terms.

Finding the evidence rather than being given it. The results above use the input structure to lo-
cate the queried binding. Removing that assumption, the evidence token is identified by causal
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leave-one-out, ablating each value token in turn and taking the one whose removal most reduces
the answer’s probability, with no knowledge of which binding was queried, and the swap ex-
periment is then run on the attributed token (attribution by ablation, test by swap, so the test
is not circular). On Pythia-160M this attribution recovers the queried binding on 0.488 of items,
against a chance rate of 1/6. The attributed swap signal discriminates correctness at AUROC 0.683
[0.625,0.739], well above chance but below both the known-evidence swap (0.757, a significant
gap of [—0.129, —0.020]) and entropy (0.719). The signal survives self-attribution, but the margin
that lets it beat confidence requires the evidence to be located accurately, which a small model
supplies only imperfectly. The bottleneck for generalisation is evidence attribution, not the ex-
periment: where the evidence is known the experiment is strong, and self-attribution is the lossy
step.

6. Discussion

Confidence and grounding come apart precisely on the cases that matter. Entropy and margin
measure how peaked the model’s distribution is, which is high both when the model is right and
when it is confidently wrong, so they discriminate correctness only weakly (AUROC near 0.78 on
the toy, 0.72 on Pythia). A controlled experiment measures something else: whether the answer
is a function of the evidence it should depend on. A confident wrong answer that does not track
its evidence is exactly what the experiment exposes and what confidence misses. This is why a
label-free causal probe beats not only the label-free confidence signals but a supervised correctness
probe.

The control is the element that distinguishes an experiment from a perturbation. A single interven-
tion conflates two reasons an output might move, that the answer depended on what was changed,
and that this region of the network is sensitive to any change of that kind. The matched control
estimates and removes the second. Its value is therefore conditional, large for interventions with
a strong generic component such as ablation, negligible for interventions that are already specific
such as the counterfactual swap. The honest statement is not that every experiment needs a con-
trol, but that a control is required exactly when the intervention is non-specific, and that running
it is the safe default because specificity cannot be assumed in advance.

The mixture is the “experimenters” of the title. Each experiment type is a distinct method of inter-
rogation, the swap a positive test (does the answer follow when the evidence is replaced) and the
ablation a negative test (does the answer fall when the evidence is removed). Aggregating stan-
dardised signals across types beats any single experiment, by [+0.021, +0.036] on the toy, because
the types fail on different items. This is the sense in which a mixture of experimenters is more than
one experimenter: not a routing of compute, but a panel of independent interrogations of the same
claim.
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7. Limitations

The experiments require knowing which evidence an answer should depend on. The generalisa-
tion result of Section 5 makes this concrete and quantifies its cost: when the evidence is found
by causal leave-one-out rather than given, the signal survives but its advantage over confidence
erodes in proportion to the attribution quality, which on a small model is only 0.488. For unstruc-
tured questions the evidence would have to be identified more reliably, by stronger attribution or
by the model’s own citation of its sources; that identification step, not the experiment, is the main
obstacle to a general-purpose deployment.

The evaluation is discrimination of correct from incorrect answers by AUROC, the right metric for a
label-free signal, but a deployed abstention system also needs a threshold and a calibration, which
are task-specific and not studied here. The real-model demonstration is a single small model on a
single task family at intermediate accuracy; the toy supplies the oracle and the controlled compar-
ison, the real model supplies external validity, and neither is a benchmark across models, tasks, or
scales. The mixture aggregates two experiment types by an unsupervised z-score sum; a richer ag-
gregation, and additional experiment types such as paraphrase-invariance and re-derivation, are
natural extensions the construction admits but that are not evaluated here.

8. Conclusion

A mixture of experimenters, read literally, is a panel of answer-agnostic experiments run inside the
model. Each intervenes on the evidence a claim depends on, against a matched control, and reads
whether the claim survives. The control-corrected, aggregated signal discriminates correct from in-
correct answers with AUROC 0.956 on a toy with known ground truth and 0.841 on Pythia-160M,
in both cases far above the confidence signals (entropy, margin) and above a supervised probe.
The reason is that grounding and confidence are different quantities, and grounding is the one
that tracks correctness. The control is what makes an intervention an experiment, and it earns its
cost exactly when the intervention is non-specific. Extending the panel to richer experiment types
and to settings where the relevant evidence must first be identified is the natural continuation.

All numeric claims are backed by per-experiment verification records and a claim ledger dis-
tributed with the paper; the trained toy model and the real-model evaluation are included, and
all results are deterministic under fixed seeds.
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