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Abstract

Large language models (LLMs) are systematically overcon�dent: they routinely express
high certainty on questions they often answer incorrectly. Existing calibration meth-
ods either require labeled validation data, degrade under distribution shifts, or incur
substantial inference costs. Recent work has shown that LLMs already contain a better-
calibrated signal than the one they verbalize: the token probability of "True" when the
model is asked "Is this answer correct?" (�(True)) consistently outperforms their stated
con�dence, a gap that is theoretically grounded as generative error is lower-bounded
by roughly twice the corresponding discriminative error.

If a model can judge its own answers better than it can produce them, that judgment
can be turned into a training signal. We build on this idea with SECL (Self-Calibrating
Language Models), a test-time training (TTT) pipeline that exploits the gap as label-free
self-supervision, requiring no labeled data or human supervision. SECL adapts only
when the input distribution shifts, training on just 6–26% of the question stream at
lower cost than the baseline it distills from. Across four small language models from
three model families and four diverse domains, SECL reduces Expected Calibration
Error (ECE) by 56–78%, outperforming its own supervision signal and matching or
outperforming recent inference-time methods. SECL is the �rst method to apply
TTT to calibration; seven ablations covering signal quality, gating strategy, weight
accumulation, loss design, domain ordering, hyperparameter sensitivity, and layer
selection con�rm that each component is crucial and robust across con�gurations. Code:
https://github.com/rissalhedna/Truthfulness

https://github.com/rissalhedna/Truthfulness


Zusammenfassung

Große Sprachmodelle (LLMs) überschätzen sich systematisch selbst: Sie äußern routine-
mäßig hohe Sicherheit bezüglich Fragen, die sie häu�g falsch beantworten. Bestehende
Kalibrierungsmethoden erfordern entweder gelabelte Validierungsdaten, verschlech-
tern sich bei Verteilungsverschiebungen oder verursachen erhebliche Inferenzkosten.
Aktuelle Arbeiten haben gezeigt, dass LLMs bereits über ein besser kalibriertes Signal
verfügen als jenes, das sie verbalisieren: Die Token-Wahrscheinlichkeit von "True", wenn
das Modell gefragt wird: Ïst diese Antwort korrekt?"(�(True)), übertri�t konsistent
die geäußerte Kon�denz, eine Lücke, die theoretisch dadurch begründet ist, dass der
generative Fehler durch ungefähr das Doppelte des entsprechenden diskriminativen
Fehlers nach unten beschränkt ist.

Wir stellen SECL (SElf-Calibrating Language Models) vor, eine Test-Time-Training-
Pipeline (TTT), die diese Lücke als labelfreie Selbstüberwachung nutzt und weder
gelabelte Daten noch menschliche Aufsicht benötigt. SECL passt das Modell nur dann
an, wenn sich die Eingabeverteilung verschiebt, und trainiert lediglich auf 6–26% des
Fragenstroms zu geringeren Kosten als der Baseline, von der es destilliert.

Über vier kleine Sprachmodelle aus drei Modellfamilien und vier diversen Domänen
hinweg reduziert SECL den Expected Calibration Error (ECE) um 56–78 %, übertri�t das
eigene Überwachungssignal und erreicht oder übertri�t aktuelle Inferenzzeit-Methoden.
SECL ist die erste Methode, die TTT auf Kalibrierung anwendet; sieben Ablationsstudien
zu Signalqualität, Gating-Strategie, Gewichtsakkumulation, Loss-Design, Domänen-
reihenfolge, Hyperparameter-Sensitivität und Layer-Auswahl bestätigen, dass jede
Komponente entscheidend und über Kon�gurationen hinweg robust ist.
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1
Introduction

LLMs are systematically overcon�dent (Jiang et al., 2021; Xiong et al., 2024), and
alignment procedures such as Reinforcement Learning from Human Feedback (RLHF)
(Bai et al., 2022) worsen this by rewarding agreement with human preferences over
truthfulness (Sharma et al., 2024). The consequences are not abstract. In healthcare,
where LLMs increasingly support triage and diagnostics (F Liu et al., 2025), a recent
review of 519 studies found that only 1.2% measured calibration despite 95.4% measuring
accuracy (Bedi et al., 2025). The asymmetry is telling: the �eld has converged on accuracy
as the primary metric for clinical LLM evaluation while leaving the reliability of the
model’s own con�dence estimates almost entirely unexamined. Amodel that reports 90%
certainty on questions it answers correctly only 30% of the time erodes clinician trust
and risks patient harm, and the same failure mode generalizes to any high-stakes setting
where downstream decisions depend on knowingwhen to defer. Addressing this problem
needs calibration methods that work without labels and can adapt to new domains at
test time, since deployment distributions rarely match those seen during training.

Yet LLMs already contain a better-calibrated signal than the one they verbalize. When
asked whether their own answer to a question is correct, LLMs produce probability
estimates (�(True)) that are substantially better calibrated than the con�dence they
express during generation (Kadavath et al., 2022; Tian et al., 2023). This exposes a
systematic gap between discrimination and generation, with theoretical backing: Kalai
et al. (2025) shows that a model’s generative error is lower-bounded by roughly twice
its discriminative error. Intuitively, a model that cannot reliably produce the correct
answer can still often recognize when a given answer, or its own, is wrong. The same
asymmetry is familiar from human cognition: recognizing a correct answer in a multiple-
choice exam is easier than producing it from scratch. For an LLM, this gap provides a
continual source of self-supervision that needs no labeled data, and it is available on
every question the model answers. Prior work documents this phenomenon in LLMs;
our experiments test whether the same mechanism can be exploited e�ectively in small
language models, where the gap is, if anything, more pronounced.

Prior work on calibration falls into three broad categories, each with a key limitation
that SECL addresses (see Chapter 3 for more details). Sampling-based methods (Manakul
et al., 2023; Kuhn et al., 2023) measure consistency across multiple generations but are

1



2 1.1. Research Questions

expensive, requiring many forward passes per question, and they fail on con�dent
hallucinations where the model is consistently wrong. SECL avoids repeated sampling
entirely. Static probing methods (Du et al., 2024; X Liu et al., 2024) analyze internal
representations but are �t on a �xed distribution and degrade under distribution shift,
exactly the regime where calibration matters most. SECL adapts continuously via test-
time training. Training-based approaches (Lin et al., 2022a; Stangel et al., 2025; Damani
et al., 2025) can improve calibration within a domain, but many either require supervised
correctness labels or degrade out-of-distribution under standard reinforcement learning
training, since the calibration objective is tied to the training distribution.

Test-time training (TTT), which adapts model weights to incoming test data instead
of relying on a �xed training distribution, originated in computer vision (Sun et al.,
2020; D Wang et al., 2021; Q Wang et al., 2022) and has recently been extended to LLMs
for accuracy improvement (Hardt and Sun, 2024; J Hu et al., 2025; Sun et al., 2025;
Zweiger et al., 2025). It has not yet been applied to calibration, due to two obstacles.
First, TTT requires a self-supervision signal at test time; existing calibration signals
(sampling-based consistency or discriminative probes) are expensive to compute on
every question, making continuous adaptation costly enough to defeat the point of
adapting in the �rst place. Second, naive weight updates risk catastrophic forgetting or
over�tting to noisy targets, especially when the supervision signal itself is imperfect,
as any unsupervised signal must be.

We show that both obstacles can be overcome. SECL uses the generation–
discrimination gap as a naturally available scalar target: a normalized �(True) signal
computed from the frozen base model serves as self-supervision to adjust verbalized
con�dence via lightweight Low-Rank Adaptation (LoRA) (EJ Hu et al., 2022) updates,
requiring no labeled data or human supervision. Entropy-based gating triggers
adaptation only on distribution shifts, so the cost of calibration is paid only when the
model encounters genuinely new territory, and a conservative directional loss with
bounded updates mitigates catastrophic forgetting on the long tail of in-distribution
questions where no adaptation is needed.

Our contributions are as follows:

• We introduce the �rst TTT method for calibration, using the generation–
discrimination gap as label-free self-supervision. Entropy-based gating limits
adaptation to distribution shifts, so SECL trains only on 6–26% of the data at a
lower cost than the signal it distills.

• The adapted model surpasses its self-supervision signal and matches supervised
calibration without labels, showing that SECL generalizes beyond the training
signal.

• We provide nine ablations that isolate each design choice, showing that signal
quality sets the calibration ceiling and that each component is necessary. SECL
is robust across four architectures, forward and reversed domain orderings, and
all tested hyperparameters.

1.1 Research Questions
This thesis is organized around two research questions, which together cover the
feasibility and the empirical behavior of test-time calibration via the generation–
discrimination gap.
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1. Introduction 3

RQ1: Can the generation–discrimination gap serve as a label-free self-supervision
signal for test-time calibration of small language models? The gap is well-documented
in large models (Kadavath et al., 2022; Tian et al., 2023), but its use as a continuous
training target during deployment is untested. Answering this question requires showing
that a normalized �(True) signal is informative enough to drive weight updates, and
that those updates can be applied selectively, without a labeled validation set, and
without destabilizing the base model.

RQ2: Can a model adapted with this signal surpass the signal itself and match
supervised calibration, and which design choices are necessary for this to hold?
A self-supervised method is only useful if it does more than imitate its own training
signal. This question covers both the headline result, that the adapted model exceeds the
calibration of its supervisor and approaches supervised baselines, and the ablations that
isolate which components, gating, the normalized �(True) target, the bounded LoRA
update, and the directional loss, are individually required for that result. It also covers
robustness across architectures, domain orderings, and hyperparameter settings.

1.2 Structure of the thesis
The remainder of this thesis is structured as follows.

Chapter 2 (Fundamentals) introduces the technical background needed to follow
the rest of the thesis. It builds from neural network basics through the Transformer
architecture and large language models, then covers the concepts speci�c to this work:
calibration metrics, uncertainty estimation, parameter-e�cient �ne-tuning with LoRA,
and test-time training.

Chapter 3 (RelatedWork) surveys prior work on LLM calibration, organized into the
three categories above (sampling-based, static probing, and training-based methods), the
literature on the generation–discrimination gap, and the recent extensions of test-time
training to LLMs. It positions SECL as the �rst method to combine these threads.

Chapter 4 (Methods) presents SECL in full. It formalizes the entropy-based gating
mechanism, the normalized �(True) self-supervision signal, and the test-time LoRA
calibration loop, including the directional loss and the bounded update rule that together
prevent catastrophic forgetting. This chapter delivers the �rst contribution above.

Chapter 5 (Experiments) describes the experimental setup, including the base
models, the evaluation domains, and the supervised and unsupervised baselines against
which SECL is compared.

Chapter 6 (Evaluation) reports the main results and the seven ablations. It shows
that SECL surpasses its own self-supervision signal, matches supervised calibration
without labels, and remains robust across four architectures, forward and reversed
domain orderings, and all tested hyperparameters. Together with Chapter 5, it delivers
the second and third contributions.

Chapter 7 (Conclusion) returns to the two research questions, summarizes the
answers this thesis provides, and discusses limitations and directions for future work.
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2
Fundamentals

This chapter builds the technical background needed for the rest of the thesis. It
assumes familiarity with basic machine learning and probability, and climbs from
neural network basics up to the four concepts that SECL combines: calibration, the
generation-discrimination gap, Low-Rank Adaptation (LoRA), and test-time training
(TTT). Section 2.1 introduces neural networks, the Transformer architecture, and the
training pipeline that produces modern instruction-tuned LLMs. Section 2.2 de�nes
calibration, gives the metrics we use to measure it, and explains why LLMs tend to
be miscalibrated in the �rst place. Section 2.3 covers the uncertainty signals SECL
relies on: entropy over the next-token distribution, the �(True) self-evaluation probe of
Kadavath et al. (2022), and the formal generation-discrimination gap of Kalai et al. (2025).
Section 2.4 introduces LoRA, and Section 2.5 introduces test-time training and the recent
work extending it to language models.

2.1 Neural Networks and Language Models

2.1.1 Feedforward Neural Networks
A feedforward neural network, or multi-layer perceptron, is a function �� � R� � R�

composed of alternating linear transformations and element-wise nonlinearities. For
input � � R� , a network with � layers computes

�0 = � , �� = �(�����1 + ��), ��(�) = �����1 + ��, (2.1)

where � = {��, ��}��=1 are the learnable weight matrices and bias vectors, and � is a
nonlinearity such as ReLU or GELU.

Training proceeds by minimizing a loss function L(�) over a dataset via gradient
descent. For a batch of examples, the loss is computed, its gradient with respect to � is
obtained by backpropagation, and the parameters are updated in the negative-gradient
direction. In practice, �rst-order adaptive optimizers such as Adam (Kingma and Ba,
2015) and its decoupled-weight-decay variant AdamW (Loshchilov and Hutter, 2019)
replace vanilla stochastic gradient descent, since they track per-parameter running
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2. Fundamentals 5

statistics of the gradient and adjust the e�ective step size accordingly. The concepts of
weights, gradients, and loss carry over unchanged to the architectures discussed below;
everything that follows can be read as a more elaborate choice of parameterization
for the same optimization procedure.

2.1.2 The Transformer Architecture
The Transformer (Vaswani et al., 2017) is the architecture behind every model we study.
Earlier sequence models, primarily recurrent networks such as LSTMs, processed tokens
one at a time and carried information forward through a �xed-size hidden state, which
limited their ability to model long-range dependencies and resisted parallelization. The
Transformer replaces this with self-attention, a mechanism that allows every token in
a sequence to attend to every other token in a single operation.

The core operation is scaled dot-product attention. Given a sequence of input
representations � � R�ñ� , three linear projections produce queries, keys, and values,

� = ��� , � = ��� , � = ��� , (2.2)

and the attention output is

Attention(�,� ,� ) = softmax
�
���

�
�� �

� , (2.3)

where �� is the dimensionality of the keys. The softmax produces a matrix of attention
weights, each row of which is a probability distribution over positions, and the output
at each position is a weighted sum of the value vectors. Multi-head attention runs this
operation in parallel with � separate sets of projections, concatenating the outputs, so
that di�erent heads can specialize in di�erent relational patterns.

A full Transformer block stacksmulti-head attention and a position-wise feedforward
network, each wrapped in a residual connection and a layer normalization. A decoder-
only language model stacks � such blocks and applies a causal mask to the attention
matrix so that position � only attends to positions � �. The �nal hidden state at each
position is projected through an unembedding matrix and a softmax to produce a
distribution over the vocabulary. Decoder-only Transformers, with various architectural
re�nements such as rotary position embeddings, grouped-query attention, and gated
activation functions, form the basis of the Llama (Gratta�ori et al., 2024), Qwen (Qwen
Team et al., 2025), Gemma (Team et al., 2024), and Phi (Abdin et al., 2024) models
that we evaluate in later chapters.

2.1.3 Large Language Models
A large language model is a decoder-only Transformer trained to predict the next token
in a sequence. Given a tokenized pre�x �<� = (�1,… , ���1), the model parameterizes a
conditional distribution ��(�� � �<�) over the vocabulary, and the training objective is to
maximize the log-likelihood of the observed tokens in a large corpus of text. At inference
time, tokens are sampled or greedily selected from this distribution one at a time, with
each newly generated token appended to the pre�x for the next step. Tokenization,
typically via byte-pair encoding (Sennrich et al., 2016) or a variant, maps raw text into a
vocabulary of subword units, and is �xed once the model is trained. The vocabularies
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6 2.1. Neural Networks and Language Models

of the models we evaluate range from roughly 32,000 (Phi-3, (Abdin et al. 2024)) to
256,000 (Gemma 2, (Team et al. 2024)) tokens.

The distribution ��(� � �<�) is central to this thesis. Both the entropy used by our gat-
ing mechanism and the �(True) probe used as self-supervision are read directly o� this
softmax, so the shape of this distribution, how peaked or �at it is on a given input, carries
most of the uncertainty information we care about. Section 2.3 returns to this point.

Two parameter scales are worth distinguishing. Models with tens or hundreds of
billions of parameters, such as the larger Llama 3 variants (Gratta�ori et al., 2024),
are typically what is meant by "LLMs" in much of the calibration literature. Models
with one to a few billion parameters, sometimes called small language models (SLMs),
exhibit the same architecture and training objective but with reduced absolute capability.
SECL is evaluated on SLMs speci�cally for two reasons. Their deployment is practically
important, since on-device inference and edge applications require parameter counts
in this range. In addition, as the experiments in Chapter 6 show, calibration problems
on these models are often pronounced enough to give a clear signal for methods
aimed at �xing them.

2.1.4 Instruction Tuning and RLHF

A base LLM trained on next-token prediction produces �uent text but does not reliably
follow instructions or hold a conversation. Modern deployed models are therefore post-
trained in two stages. The �rst is supervised �ne-tuning (SFT) on instruction-response
pairs (J Wei et al., 2022; Ouyang et al., 2022), which teaches the model to produce answers
of the expected form when presented with a question. The second is preference-based
optimization, most commonly Reinforcement Learning from Human Feedback (RLHF)
(Bai et al., 2022). Human annotators compare pairs of model responses to the same
prompt and mark which is preferred, a reward model is trained on these comparisons to
approximate a scalar quality score, and the base model is then optimized to produce
responses that the reward model rates highly. This is typically done using either
reinforcement learning algorithms such as Proximal Policy Optimization (Schulman
et al., 2017) or more recent direct-preference variants such as DPO (Rafailov et al., 2023)
that bypass the explicit reward model.

All base models we evaluate (Llama 3.2, Qwen 2.5, Gemma 2, Phi-3) are instruction-
tuned and preference-aligned variants of this kind. This matters for calibration. Pref-
erence data systematically favors con�dent, de�nitive responses over hedged ones
(Sharma et al., 2024), and the policy optimized against such preferences learns to sound
more certain than its underlying knowledge warrants. The mechanism is documented
empirically: Tian et al. (2023) show that on RLHF-tuned models, verbalized con�dence
is typically better calibrated than the model’s own token probabilities, an inversion of
the usual ordering that points to RLHF having a particularly strong e�ect on internal
calibration. Section 2.2.4 returns to this.
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2. Fundamentals 7

2.2 Calibration of Language Models

2.2.1 De�nition of Calibration
Amodel is calibrated if the con�dence it assigns to its predictions matches their empirical
accuracy. Formally, for a model that produces predictions �� with associated con�dence
�� � [0, 1], perfect calibration requires

P( �� = � � �� = �) = � for all � � [0, 1], (2.4)

where � is the true label (Guo et al., 2017). A model that reports 70% con�dence on a set
of predictions should be correct on 70% of them; if it is correct on only 40%, the model
is overcon�dent on that bin, and if it is correct on 90%, it is undercon�dent.

Calibration is independent of accuracy. A model that always predicts the majority
class with 50% con�dence on a balanced binary task is perfectly calibrated and useless,
and a model that is 95% accurate while reporting 99% con�dence on every input is highly
accurate and poorly calibrated. The two metrics measure di�erent properties: accuracy
measures whether predictions are right, calibration measures whether the model knows
when they are. In deployment, accuracy determines how often the system is correct, and
calibration determines whether a human reviewer can tell which speci�c outputs to trust.

2.2.2 Calibration Metrics
The standard scalar measure of calibration is the Expected Calibration Error (ECE)
(Naeini et al., 2015). ECE partitions predictions into � equal-width bins by their
associated con�dence, then averages the absolute di�erence between accuracy and
con�dence within each bin, weighted by bin size:

ECE =
�

�
�=1

|��|
�

|acc(��) � conf(��)| , (2.5)

where �� is the set of predictions in bin �, � is the total number of predictions, acc(��)
is the empirical accuracy on ��, and conf(��) is the mean con�dence on ��. ECE is
reported as a single number in [0, 1], with lower values indicating better calibration. We
use � = 10 throughout this thesis, following standard practice (Guo et al., 2017).

ECE has known limitations: the choice of binning scheme a�ects the score, and
equal-width bins can leave some bins nearly empty when con�dences cluster, biasing
the estimate (Nixon et al., 2019). We therefore report Adaptive ECE (equal-mass bins)
alongside standard ECE in Chapter 6 as a robustness check, and supplement both with
the Brier score (Brier, 1950), the mean squared error between predicted probabilities
and binary correctness indicators,

BS =
1
�

�

�
�=1

( ��� � 1[ ��� = ��])2, (2.6)

which is sensitive to both calibration and re�nement simultaneously.
For methods that use con�dence as a signal for selective prediction, accepting

answers above a threshold and abstaining otherwise, we additionally report the Area
Under the Receiver Operating Characteristic (AUROC) of con�dence as a binary classi�er
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8 2.2. Calibration of Language Models

of correctness. AUROC measures whether the model assigns higher con�dence to its
correct answers than to its incorrect ones, independent of any speci�c threshold or
absolute calibration level. A model can be badly miscalibrated in the absolute sense
while still ranking its correct answers above its incorrect ones, which is what selective
prediction requires.

2.2.3 Sources of Miscalibration in LLMs
Modern LLMs are systematically overcon�dent (Jiang et al., 2021; Xiong et al., 2024).
The cause is partly procedural: the post-training pipeline that turns a base language
model into an instruction-following assistant introduces systematic biases that decouple
con�dence from correctness. Instruction-tuned models speci�cally have been shown to
su�er from calibration problems: Heo et al. (2025) document signi�cant overcon�dence
on instruction-following tasks in particular, consistent with the broader overcon�dence
patterns established by Xiong et al. (2024) for elicitation strategies in general.

RLHF is themost-discussed contributor, for the reasons given in Section 2.1.4. Reward
models trained on human preference data systematically favor con�dent, de�nitive
responses over hedged ones, and the policy optimized against these reward models
inherits this bias (Sharma et al., 2024). The result is a model that sounds more reliable
than it is, with con�dence increasingly decoupled from correctness as the post-training
procedure progresses. Tian et al. (2023) document this empirically: on RLHF-tuned
models, verbalized con�dence is typically better calibrated than internal token prob-
abilities, an inversion that points to RLHF having a particularly strong e�ect on the
calibration of internal probabilities.

These sources matter for the rest of the thesis because they are di�cult to �x by
retraining alone. The procedures that produce miscalibration are the same procedures
that produce the instruction-following behavior that makes the models useful, and
removing one would remove the other. A test-time method that corrects con�dence
without touching the base capabilities is therefore a natural response.

2.2.4 Verbalized vs. Internal Con�dence
There are two ways to extract a con�dence estimate from an LLM. The �rst, which
we call internal con�dence, reads the probability of the predicted token directly from
the softmax over the vocabulary. For a multiple-choice question with answer tokens
{�,�,�,�}, the internal con�dence in answer � is the model’s predicted probability
��(� � question), computed in a single forward pass. Internal con�dence is cheap,
well-de�ned, and available for any model with accessible logits.

The second, which we call verbalized con�dence, asks the model to state its con�dence
in natural language, for example by appending "How con�dent are you in your answer?
Reply with a number between 0 and 100." to the prompt. The reported number is then
parsed and divided by 100. Verbalized con�dence requires the model to follow the
elicitation instruction and to map an internal sense of certainty onto a numerical scale,
both of which are non-trivial for small models.

Which of the two is better calibrated depends on the model. For RLHF-tuned models,
Tian et al. (2023) report that verbalized con�dence is better calibrated than the model’s
own token probabilities on several large RLHF models. The mechanism behind this
inversion is not fully understood; one possibility is that preference optimization a�ects
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2. Fundamentals 9

the calibration of internal token probabilities more strongly than it a�ects the model’s
ability to introspect on its own answer through a separate elicitation, but Tian et al. (2023)
document the empirical e�ect without committing to a speci�c causal account. This
thesis works primarily with verbalized con�dence, both because it is the signal most
relevant in deployment, where users see numbers rather than logits, and because it
is the signal SECL adapts directly.

2.3 Uncertainty Estimation and theGeneration-Discrimination
Gap

2.3.1 Entropy as an Uncertainty Signal
The most immediate uncertainty signal in an LLM is the entropy of its next-token
distribution. For a distribution ��(� � �<�) over a vocabulary � , the Shannon entropy is

� (��(� � �<�)) = ��
���

��(� � �<�) log��(� � �<�). (2.7)

Entropy is maximized when the distribution is uniform and minimized when the
distribution concentrates on a single token. A low-entropy distribution indicates that
the model has strong prior evidence for one continuation; a high-entropy distribution
indicates that many continuations are roughly equally likely. Both facts can be read o�
a single forward pass, which makes entropy the cheapest uncertainty signal available.

Entropy is informative but imperfect as a calibration signal. A con�dently wrong
model can produce low entropy on an incorrect answer, and semantic equivalence
among tokens can in�ate entropy on cases where the model is actually certain about
the underlying content (Kuhn et al., 2023). It is therefore unsuitable as a direct self-
supervision target for calibration. We instead use it as a gating signal, on the assumption
that running entropy can serve as a detector of distributional change in the test stream,
an assumption we validate empirically in Chapter 6. The full construction is given
in the Methods chapter.

2.3.2 �(True) and Self-Evaluation
A more direct probe of the model’s own belief about its answer is the �(True) construc-
tion introduced by Kadavath et al. (2022). After the model generates an answer � to
a question �, the question, the answer, and a follow-up prompt asking whether the
answer is correct are concatenated, and the model’s probability of emitting the token
"True" is read o� the next-token distribution. Schematically:

��(True � �, �) = ��(True � "Q: �, A: �. Is this correct? "), (2.8)

with the exact prompt template varying by implementation. The key property of �(True)
is that it is computed in a single forward pass, requires no labels, and provides a scalar
in [0, 1] that correlates with correctness.

Kadavath et al. (2022) showed that �(True) is substantially better calibrated than
the probability the model assigns to the answer during generation, with calibration
improving as model scale increases. The intuition is that producing a correct answer
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10 2.3. Uncertainty Estimation and the Generation-Discrimination Gap

requires generating it from a large output space, while evaluating a proposed answer
requires only a comparison against the model’s knowledge. The latter is generally easier,
and Kalai et al. (2025) formalize this intuition as a quantitative bound (Section 2.3.3).

�(True) on a single answer is still noisy, and recent work has explored more robust
variants. Wang and Stengel-Eskin (2025) propose computing �(True) against a set of
plausible alternatives rather than just the model’s own answer, and normalizing across
the set. SECL uses a similar normalization, which we describe in Section 2.3.4.

2.3.3 The Generation-Discrimination Gap
The empirical observation that �(True) outperforms generative con�dence has a the-
oretical counterpart. Kalai et al. (2025) analyze a family of language generation tasks
and prove that the generative error of any model is lower-bounded by approximately
twice its discriminative error on the associated binary task, up to additional terms that
depend on the answer-space structure and the model’s calibration. Formally, for a
model evaluated on a population of questions with a single correct answer each, the
probability of generating a wrong answer is at least roughly 2 times the probability of
misclassifying a candidate answer as correct or incorrect, with corrections that vanish
in the limit of well-calibrated discriminative judgments.

The intuition is the recognition-versus-recall asymmetry familiar from human
cognition: selecting the correct answer from a �nite set of candidates tends to be
easier than producing it from scratch. This is an intuition pump rather than a formal
correspondence, but it gestures at the same structure the Kalai bound makes precise: the
generation task requires the model to concentrate probability on a small set of correct
tokens amid many incorrect ones; the discrimination task only requires the model to
put a threshold-crossing probability on a single candidate.

This gap is what SECL exploits. The discriminative probe (�(True) on the frozen
base model) is better calibrated than the generative verbalized con�dence on the same
model. Using the former to supervise the latter therefore has a well-de�ned direction of
potential improvement, and the gap is available on every question without any labels.
Section 2.5 discusses the other half of the method: how to actually apply this signal
as an update, and how to prevent it from destabilizing the base model.

2.3.4 Normalizing Con�dence Across Distractors
A raw �(True) score on a single answer is scale-dependent, and the absolute number
does not directly correspond to a con�dence level on the same scale as verbalized
con�dence. Wang and Stengel-Eskin (2025) document that this a�ects calibration in
practice through suggestibility bias: the model tends to a�rm any answer presented
to it, in�ating �(True) regardless of correctness. A calibration target built on raw
�(True) therefore inherits this bias.

The �x is to normalize across a set of plausible alternatives. Given a question �
and the model’s answer �, a small set of distractors {�1,… , �� } is generated, �(True)
is computed for each candidate in the set {�, �1,… , �� }, and the answer’s score is
normalized by the total mass on the full set. The resulting quantity lies in [0, 1], integrates
over baseline suggestibility, and can be read as the model’s estimated probability that
� is the correct answer out of the proposed alternatives. Wang and Stengel-Eskin
(2025) introduced this construction for static calibration; SECL uses it as the training
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target for test-time LoRA updates. The precise form, along with how distractors are
generated, is given in the Methods chapter.

2.4 Parameter-E�cient Fine-Tuning

2.4.1 Full Fine-Tuning and Its Limits

The default way to adapt a pretrained model to a new objective is to update all of its
parameters. For models with billions of parameters, this is expensive on two fronts.
Memory scales with the parameter count: gradients and optimizer state each occupy as
much memory as the model itself, so training a 7B-parameter model with Adam requires
at least four times the parameter count in GPU memory for weights, gradients, and
two moment bu�ers. Even when memory is available, full �ne-tuning on small update
budgets can be unstable and over�t-prone, and applying it repeatedly in a test-time
setting would both risk destabilizing the model and prevent the base model from being
reused across adaptations. Parameter-e�cient �ne-tuning (PEFT) methods address
these issues by restricting updates to a small subset of new parameters inserted into
the network, while keeping the pretrained weights frozen.

2.4.2 Low-Rank Adaptation (LoRA)

Low-Rank Adaptation (EJ Hu et al., 2022) is the PEFT method SECL uses. The idea
is that the update �� to a pretrained weight matrix � � R�outñ�in during �ne-tuning
has a low e�ective rank, and can be parameterized as the product of two thin matrices.
Formally, LoRA replaces � with

� � = � + �� = � +
�
�
��, (2.9)

where � � R�outñ� and � � R�ñ�in , the rank � � min(�out, �in), and � is a scaling
factor. At initialization, � is sampled from a Gaussian and � is zero, so �� = 0
and the adapted model matches the base model exactly. Only � and � are updated
during training; � is frozen.

The practical e�ect is that the number of trainable parameters drops from �out ��in to
� �(�out+�in), typically by two to four orders of magnitude. Gradients and optimizer state
are correspondingly smaller, and the adapter can be merged back into� at inference
time via � � = � + (�/�)�� with no additional compute. The rank � is the main
capacity knob: higher � gives more expressive updates but more parameters and more
instability on small training sets.

LoRA is typically applied to a subset of the linear projections in the Transformer
block, most commonly the query and value projections in the attention layers (�� and
�� in Equation 2.3), since these were found to be the most impactful in the original
study (EJ Hu et al., 2022). Our ablations vary this choice, including adapting the full
set of attention projections (�,� ,� ,�) and the feedforward projections, to measure
how the target module set a�ects calibration adaptation.
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2.5 Test-Time Training

2.5.1 From Domain Adaptation to Test-Time Training
Standard machine learning assumes that the test distribution matches the training
distribution. This assumption fails routinely in deployment: medical models trained
on one hospital’s data see a di�erent patient mix at another, and language models
trained on web text encounter domain-speci�c jargon, dialects, or question styles
not represented in training. Domain adaptation addresses this when unlabeled target-
domain data is available at training time, by modifying the training procedure to produce
representations that transfer. Test-time training (TTT) (Sun et al., 2020) pushes this
further: the model adapts its own weights to the test stream as it encounters it, with
no access to target labels and no separate adaptation phase.

The original TTT procedure of Sun et al. (2020) attaches a self-supervised auxiliary
head to the model during training, for example a rotation-prediction head on image
inputs. At test time, the main classi�cation head is frozen and the auxiliary head is used
to produce a self-supervised loss on the incoming test example, which is backpropagated
to update shared feature layers. The prediction is then made on the adapted model. The
method improved robustness to distribution shifts on image classi�cation benchmarks,
and the core idea, turning a test example into a self-supervised learning problem, has
been the template for subsequent work.

2.5.2 Self-Supervision Signals for TTT
The central design choice in any TTT method is the self-supervision signal, since the
quality of that signal caps the quality of the adapted model. The dominant family in
computer vision is entropy minimization. TENT (D Wang et al., 2021) updates batch
normalization parameters to minimize the Shannon entropy of the model’s output
distribution on test examples, on the principle that a con�dent classi�er is, on average,
a correct one. This is a strong assumption that can fail on miscalibrated models, which
is part of the motivation for our work, and it does not transfer cleanly to autoregressive
language generation, where token-level entropy is not a reliable correctness proxy.

Other approaches in the broader TTT literature use feature reconstruction, con-
sistency across augmented views of the same input, or auxiliary tasks introduced at
training time. The common pattern is that TTT methods stand or fall on whether
their self-supervised signal is informative about the target task. For classi�cation,
entropyminimization and rotation prediction are reasonably informative. For calibration
speci�cally, no previous TTT method has provided a signal at all, because the standard
TTT signals are either agnostic to calibration (rotation prediction) or actively bad for
it (entropy minimization, which pushes all predictions toward maximum con�dence
regardless of correctness). SECL’s contribution on the signal side is to use the generation-
discrimination gap, which is informative about calibration precisely because it is the
gap calibration methods are trying to close.

2.5.3 Continual Test-Time Adaptation
Applying a TTT update once to each test example is the simple case. The more realistic
setting is continual: the model sees a long stream of test examples from potentially
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shifting distributions, and adaptation must accumulate across the stream without
collapsing. Q Wang et al. (2022) study this setting and identify two failure modes.
The �rst is catastrophic forgetting, in which repeated updates on recent examples erase
the model’s ability to perform on earlier, out-of-stream inputs. The second is error
accumulation, in which noisy self-supervision signals compound over time, producing
a slow drift away from useful behavior.

Their �x, CoTTA, combines stochastic restoration of weights to their pretrained
values, a teacher-student update with a slowly-moving teacher, and aweighted averaging
of predictions. The broader lesson is that continual TTT requires mechanisms to control
when the model adapts, how much it adapts, and in what direction. SECL addresses
these three concerns with entropy-based gating (Section 2.3.1), bounded LoRA updates
(Section 2.4.2), and a directional loss that only moves verbalized con�dence when the
self-supervision signal disagrees with it by more than one bin. These design choices
are discussed in detail in the Methods chapter.

2.5.4 Test-Time Training for Language Models
TTT has recently been extended from computer vision to language models, with every
extension so far targeting accuracy rather than calibration. Hardt and Sun (2024)
retrieve nearest-neighbor training examples at test time and �ne-tune the model on
them before generating the answer, showing gains on long-tail knowledge tasks. J Hu
et al. (2025) formulate test-time learning for LLMs as input-perplexity minimization on
the unlabeled test stream, using LoRA updates to preserve base-model knowledge. Sun
et al. (2025) build TTT into the architecture itself, replacing the attention mechanism
with a hidden state that is itself a model updated by self-supervised steps at test time.
Zweiger et al. (2025) propose a framework in which the model adapts its own weights
based on self-generated supervision signals.

These works establish that TTT for LLMs is viable and that LoRA is a natural vehicle
for it, but none of them address calibration. The self-supervision signals they use
(perplexity minimization, nearest-neighbor �ne-tuning, reconstruction of hidden-state
targets) are informative about accuracy and �uency but not about whether the model’s
expressed con�dence matches its accuracy. SECL is, to our knowledge, the �rst TTT
method targeting calibration, and it does so by using the generation-discrimination
gap as the missing self-supervision signal.
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3
Related Work

This chapter surveys prior work on LLM calibration and test-time adaptation, grouped
into �ve threads. Sections 3.1–3.3 cover the three main families of calibration methods
(sampling-based, static probing, and training-based) and identify the limitations that
motivate a test-time approach. Section 3.4 covers the generation-discrimination gap,
which is the theoretical and empirical basis for SECL’s self-supervision signal. Section 3.5
covers test-time training for LLMs, the paradigm SECL extends. Section 3.6 then
positions SECL against this landscape and identi�es the speci�c gap in the literature
that this thesis �lls.

3.1 Sampling-Based Uncertainty Estimation
SelfCheckGPT (Manakul et al., 2023) detects hallucinations by comparing each sentence
(�) against �=20 sampled passages at the cost of O(� ñ � ). Semantic Entropy (Kuhn
et al., 2023) reduces surface sensitivity by clustering semantically equivalent responses
before computing entropy, but still requires multiple generations and cannot resolve
consistent falsehoods. Ma et al. (2025) improve detection in single-cluster failure cases
by working on penultimate-layer logits. Xiong et al. (2024) benchmark these and other
black-box elicitation methods comprehensively, �nding that systematic overcon�dence
is inherent to all strategies; Heo et al. (2025) con�rm this for instruction-tuned models
speci�cally. All sampling methods share two limitations: high cost at inference time,
and failure on consistent hallucinations where the model is con�dently wrong across
all sampled responses (Lin et al., 2022b).

3.2 Static Probing and Lightweight Calibration
White-box methods bypass sampling by analyzing the model’s internals directly.
HaloScope (Du et al., 2024) shows that hallucinations are geometrically distinct in
intermediate-to-late layer embeddings, achieving strong AUROC with reasonable
cross-dataset transfer, though the authors note degradation under drastic distribution
shift. LitCab (X Liu et al., 2024) adds a single linear layer (<2% of parameters)
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that predicts a logit bias, reducing ECE by up to 30%. Although these methods are
e�cient, they are static: because they are trained o�ine, they cannot adapt when
the input distribution shifts at test time.

3.3 Training-Based Calibration
Lin et al. (2022a) showed that supervised �ne-tuning with calibrated con�dence labels
produces well-calibrated models, though evaluation did not extend beyond math tasks.
Stangel et al. (2025) use Reinforcement Learning (RL) with a logarithmic scoring rule to
penalize overcon�dence. TruthRL (ZWei et al., 2025) uses a ternary reward to incentivize
abstention over hallucination when models are uncertain. Damani et al. (2025) use the
Brier score (Brier, 1950) as an RL reward, reducing calibration error by up to 90% in-
domain, but found that standard RL degrades calibration OOD, directly motivating a
test-time approach that can adapt to unseen domains. Prompting methods such as
Fact-and-Re�ection (Zhao et al., 2024) reduce ECE without training but remain static.

A fundamental limitation of training-based approaches is the di�culty of specifying
knowledge boundaries in black-box LLMs: RLHF methods rely on human labels that
introduce sycophancy (Sharma et al., 2024), and RLHF �ne-tuning itself degrades
calibration (Tian et al., 2023) despite models retaining well-calibrated internal judgments
(Kadavath et al., 2022).

3.4 The Generation-Discrimination Gap
Kadavath et al. (2022) established that LLMs’ discriminative judgments �(True) are
well-calibrated and improve with scale. Tian et al. (2023) extended this to RLHF-
tuned models, showing that verbalized con�dence is typically better calibrated than
conditional token probabilities, even though RLHF degrades the latter. Building on
this line of work, Kalai et al. (2025) provided a theoretical basis: generative error is
lower-bounded by approximately twice the misclassi�cation rate of the corresponding
binary validity problem.

Wang and Stengel-Eskin (2025) exploit this gap directly: their DINCO method
normalizes verbalized con�dence across natural language inference (NLI)-reweighted
distractors and integrates self-consistency, outperforming prior baselines. However,
DINCO is a static inference-time technique that cannot adapt when the underlying
truthfulness signal is brittle under distribution shift (Haller et al., 2025). SECL addresses
this by distilling the discriminative signal into the model’s weights, enabling continuous
adaptation. We provide a direct empirical comparison in Section 6.1.4.

3.5 Test-Time Adaptation for LLMs
Test-time training (TTT) adapts model weights using unsupervised signals from in-
coming test data, originating in computer vision (Sun et al., 2020; D Wang et al., 2021;
Q Wang et al., 2022) and recently extended to LLMs for accuracy improvement (Hardt
and Sun, 2024; J Hu et al., 2025; Sun et al., 2025; Zweiger et al., 2025). Snell et al. (2025)
showed that adaptive test-time compute allocation can outperform much larger models,
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and Huang et al. (2025) use calibrated con�dence to allocate such compute, but their
goal is accuracy, not calibration.

3.6 Positioning SECL
SECL sits at the intersection of these �ve threads and inherits a design constraint from
each. From sampling-based methods, the recognition that repeated generation is too
expensive to deploy continuously. From static probing methods, the recognition that
o�ine-�t calibrators degrade exactly where calibration matters most, under distribution
shift. From training-based methods, the recognition that supervised calibration works in-
domain but does not transfer, and that RLHF as a post-training procedure is itself a source
of miscalibration that retraining cannot easily undo. From the generation-discrimination
gap literature, the empirical and theoretical argument that a label-free self-supervision
signal exists. From test-time training for LLMs, the architectural template (LoRA updates
driven by an unsupervised signal) that SECL adapts.

No prior method combines these threads. Sampling methods are expensive and
cannot self-correct. Static probes are cheap but cannot adapt. Training-based methods
either require labels or degrade out-of-distribution. DINCO (Wang and Stengel-Eskin,
2025) is the closest in spirit because it uses the generation-discrimination gap, but it
applies the gap at inference time without updating the model, so it inherits the same
distribution-shift fragility as other static methods. Test-time training methods for LLMs
(Hardt and Sun, 2024; J Hu et al., 2025; Sun et al., 2025; Zweiger et al., 2025) target
accuracy rather than calibration and therefore use signals (perplexity minimization,
nearest-neighbor �ne-tuning, reconstruction) that are uninformative about whether the
model’s expressed con�dencematches its accuracy. SECL is the �rst method to apply test-
time training to calibration, and it does so by identifying the generation-discrimination
gap as the calibration-speci�c self-supervision signal that the TTT literature was missing.
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Methods

This chapter presents SECL in full. We �rst state the core idea and give a pipeline
overview (Section 4.1), then describe the three components in turn: the entropy-based
gating mechanism that triggers adaptation on distribution shifts (Section 4.2), the
normalized �(True) signal that serves as the self-supervision target (Section 4.3), and
the test-time calibration loop that applies LoRA updates when the signal disagrees with
verbalized con�dence (Section 4.4). Section 4.5 gives the full procedure as pseudocode,
and Section 4.6 discusses the design choices that �t these components together and
the alternatives that were considered and rejected.

4.1 Overview

The core idea is simple: when the model encounters a new type of question, it checks
whether its stated con�dence matches its own self-assessment. If the model claims
90% con�dence but its True/False self-check suggests only 30%, a small weight update
corrects this mismatch. Over time, these corrections accumulate, producing better-
calibrated con�dence.

Concretely, SECL operates in three stages (Figure 4.1): (1) an entropy-based change
detector triggers adaptation only on distribution shifts (Section 4.2); (2) a normalized
discriminative signal, NormPTrue, scores model answers (Section 4.3); (3) when this
signal disagrees with verbalized con�dence, lightweight LoRA updates reduce the gap
(Section 4.4). Each component is validated individually in Chapter 6.

The three components address the two obstacles identi�ed in Chapter 1 that have
prevented previous work from applying test-time training to calibration. The gating
mechanism keeps the cost of adaptation below the cost of the supervision signal it
distills, which solves the expense problem. The directional loss with bounded updates
and the bin-gate �lter keep the method stable under imperfect self-supervision, which
solves the instability problem. The next three sections describe each component in
detail; Section 4.6 returns to the connections between them.
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18 4.2. Adaptive Entropy Gating

Figure 4.1: Overview of SECL. (a) Test-Time Inference. An entropy-based change detector
(Section 4.2) monitors the input stream. If no shift is detected, the adapted model ��� is used
directly; otherwise, a calibration burst updates it to ���+1. (b) Calibration Burst. For each of �=50
questions: the frozen model generates an answer with con�dence �� and distractors, computes
NormPTrue (Section 4.3), and applies a LoRA update when the two signals disagree by more than
one bin (Section 4.4). Weights accumulate across questions without resetting.

4.2 Adaptive Entropy Gating
The calibration procedure (Sections 4.3–4.4) requires computing NormPTrue and running
LoRA updates for each question. Once the model has adapted to a domain, these updates
are redundant; the current LoRA weights already re�ect the calibration characteristics
of the current distribution. Applying them on every question would be wasteful in two
ways: the supervision signal itself costs �ve forward passes to compute, and repeated gra-
dient updates on an already-calibrated stream introduce noise without a corresponding
bene�t. Calibration is therefore triggered only when the input distribution shifts.

We track the entropy�� of the model’s output token distribution with an exponential
moving average (EMA, smoothing factor �ema) and apply the Page-Hinkley (PH) change
detection test (Page, 1954). The PH test maintains a cumulative sum:

�� =
�

�
�=1

��� � ��� � ��, (4.1)

where ��� is the running mean entropy, �� the entropy at step �, and � is a tolerance that
suppresses false alarms fromminor �uctuations. An alarm �res when���min��� �� > �;
a higher � requires a larger cumulative entropy deviation before triggering, controlling
the trade-o� between responsiveness and false alarm rate.

Upon detection, cumulative statistics are reset, and a calibration burst of � con-
secutive questions is initiated. Processing multiple questions per burst is crucial: a
single LoRA update provides too little signal for stable adaptation, whereas a burst
amortizes the cost of entering calibration mode and allows corrections to accumulate
across diverse questions from the new distribution. The ablation in Section 6.2.3 shows
that � = 20 yields ECE of 0.114 versus 0.050 for � = 50, con�rming that su�cient
distillation per trigger is critical.

LoRA weights accumulate across domains without resetting. When a new distribu-
tion shift is detected, the subsequent calibration burst adapts the existing accumulated
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weights rather than starting from scratch, allowing calibration knowledge from earlier
domains to compound. Section 6.2.1 shows that disabling accumulation is catastrophic:
ECE degrades from 0.050 to 0.237 and AUROC drops below chance, because isolated
single-question updates inject noise rather than information into the con�dence token.

4.3 Normalized �(True) as Self-Supervision
Given a question � and the model’s generated answer �, we compute �True(� � �): the
token probability of “True” when the model is asked “Is the following answer to the
question correct? (True/False)”. Following Kadavath et al. (2022), this discriminative
signal is well-calibrated and improves with scale, making it a stronger supervision target
than the model’s own verbalized con�dence �. The theoretical grounding for this choice
is the generation-discrimination gap of Kalai et al. (2025) discussed in Section 2.3.3: a
model’s ability to evaluate a candidate answer is systematically better than its ability to
produce one, and the evaluation probability is therefore a natural supervision target
for the generation-side con�dence.

4.3.1 Verbalized Con�dence
Following Lin et al. (2022a) and Tian et al. (2023), we elicit verbalized con�dence by
prompting the model to state a con�dence bin (0–9) alongside its answer, where each
bin corresponds to a 10-percentage-point interval (e.g., bin 7 � 70–80%). We use 10 bins
to ensure con�dence can be expressed as a single generated token (Naeini et al., 2015;
Guo et al., 2017). Rather than taking the argmax bin (hard readout), we compute a soft
con�dence as the expected value over the digit-token probability distribution:

� =
9

�
�=0

�(bin�) �
� + 0.5
10

, (4.2)

where �(bin�) is the model’s output probability for digit token �. This soft readout
preserves information from the full distribution and provides a di�erentiable signal
for the mean squared error (MSE) loss in Section 4.4.

4.3.2 Distractor Normalization
Raw �True su�ers from suggestibility bias: themodel tends to a�rm any answer presented
to it, in�ating �True regardless of correctness (Wang and Stengel-Eskin, 2025), and
degrades under distribution shift (Haller et al., 2025). We address both by normalizing
�True across distractor answers. For multiple-choice questions, we use the given answer
options as distractors. For open-ended questions, we generate �=4 plausible alternatives
by sampling from the model at higher temperature. The normalized signal is:

NormPTrue(�) =
��

�� +��
�=1 ���

, (4.3)

where �� = exp��True(�)/��, with � as a model-speci�c temperature. This softmax over
distractors converts the raw signal into a relative con�dence that accounts for baseline
suggestibility. When the model cannot distinguish its answer from distractors (equal
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20 4.4. Test-Time Calibration via LoRA

�True scores), NormPTrue � 1/(� + 1), correctly indicating low con�dence; when the
model strongly prefers its answer, NormPTrue � 1.

Unlike DINCO (Wang and Stengel-Eskin, 2025), we use a simple softmax over
distractors without NLI reweighting or self-consistency. This design choice is deliberate:
the ablation in Section 6.2.2 shows that the calibration of the supervision signal is what
determines the calibration of the adapted model, and the simple normalized signal is
already well-calibrated enough to serve as a ceiling. Additional sophistication in the
signal would add computational cost without a guaranteed improvement in calibration.
The resulting NormPTrue provides a continuous training target, which is discretized
into the same 10 equal-width bins used for verbalized con�dence, ensuring a common
scale between supervision target and model output.

4.4 Test-Time Calibration via LoRA
When the model’s verbalized con�dence disagrees with NormPTrue, we update the
model to reduce this disagreement. Updates are applied via LoRA (EJ Hu et al., 2022)
on intermediate-to-late transformer layers, motivated by the �nding that calibration-
relevant representations concentrate in these layers (Du et al., 2024). Architecture-
speci�c layer con�gurations are reported in Section 5.5, and the layer ablation is
reported in Section 6.2.4.

4.4.1 Directional Training Target
Although distractor normalization suppresses systematic biases (Section 4.3.2), the
discriminative signal can still be noisy on individual questions. A single �True readout
re�ects the model’s evaluation on one speci�c prompt with one speci�c answer and one
speci�c set of distractors, and any of these can be atypical in ways that move NormPTrue
away from the underlying correctness probability. Using NormPTrue directly as the
training target would propagate this per-question noise into the weight update.

We therefore do not use NormPTrue directly. Instead, rather than jumping directly
to the discriminative estimate, we nudge con�dence toward it in small, bounded steps.
Let �� be the model’s verbalized con�dence and ��� the NormPTrue value for question
�. The training target is:

��� = �� + �step � clip��
�
� � ��, ��, ��, (4.4)

where clip(� ,��, �) = max(��,min(� , �)) clamps the correction magnitude to the
interval [��, �], �step controls the correction step size, and � caps the maximum single-
step adjustment. We �x �step = 0.5 and � = 0.15 across all models.

The two parameters serve di�erent purposes. The step size �step controls how
aggressively the model commits to the discriminative estimate on a single question,
trading responsiveness against stability: higher values converge faster on clean signals
but overshoot on noisy ones. The clip bound � places a hard ceiling on the per-question
correction, which limits the damage from any single noisy NormPTrue reading no matter
how far it deviates from the model’s current verbalized con�dence. Together, they
implement a form of conservative gradient clipping in the output space rather than
in the gradient space, which the ablation in Section 6.2.1 shows is more e�ective than
plain MSE against NormPTrue.
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4.4.2 Loss and Optimization

The training loss is mean squared error between verbalized con�dence and the di-
rectional target:

L� = ��� � ����
2
. (4.5)

We optimize with AdamW (Loshchilov and Hutter, 2019); learning rate and epoch
count are reported in Section 5.5. Crucially, NormPTrue is computed from the base
model without LoRA adapters, ensuring the supervision signal is not corrupted by
ongoing adaptation. If the adapter were included in the NormPTrue computation, the
adapted model would supervise itself, and any drift in verbalized con�dence would
be re�ected back as a drifted target, producing a feedback loop with no �xed point.
Decoupling the supervision signal from the adapted model breaks this loop and keeps
the method stable over long streams.

4.4.3 Bin-Gate Filter

Not every question requires calibration. We skip training when the model is already
approximately calibrated on a given question: speci�cally, when |bin(��) � bin(��� )| �
1. This avoids gradient updates on questions where verbalized and discriminative
con�dence already agree, reducing computation and limiting noise from marginal
disagreements. We use threshold 1 as default; the ablation in Section 6.2.1 shows that
combining entropy gating with the bin-gate �lter processes only 25.6% of the stream
while matching the calibration of always-on adaptation.

4.5 The Full SECL Procedure

Algorithm 1 gives the full SECL procedure as pseudocode. The outer loop processes
the test stream one question at a time. For each question, the frozen base model
produces an answer and its verbalized con�dence (line 4). The entropy of the answer
distribution updates the Page-Hinkley change detector (line 5). When a distribution
shift is detected, a calibration burst of � questions begins (line 7); during the burst,
NormPTrue is computed from the base model (line 10), the bin-gate �lter checks whether
the question is worth training on (line 11), and if so, the directional target and MSE loss
drive a LoRA update (lines 12–14). The adapted model is then used for any non-burst
questions between shifts (line 17).

Two properties of the procedure are worth noting. First, the LoRA adapter � is
never reset: the update on line 14 modi�es the adapter in place, and subsequent bursts
continue from the current state. This is the weight accumulation that Section 6.2.1
shows is essential. Second, the NormPTrue computation on line 10 uses �, not � + �.
The supervision signal comes from the base model throughout, so no feedback loop
forms between the adapter and its target.
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Algorithm 1 SECL: Self-Calibrating Language Models via Test-Time Discriminative
Distillation
Require: Base model �, stream {��}��=1, LoRA adapter � initialized to zero, Page-Hinkley

detector PHwith threshold �, burst length �, step size �step, clip �, bin-gate threshold
�

1: � � 0; PH.reset()
2: for � = 1,… , � do
3: �� , �� ,�� � generate(� + �, ��) � answer, verbalized con�dence, entropy
4: PH.update(��)
5: if PH.alarm() or in_burst then
6: if not in_burst then
7: in_burst � true; burst_remaining � �; PH.reset()
8: end if
9: �1,… , �� � distractors(�� , ��)
10: ��� � NormPTrue(�, �� , �� , �1�� ) � computed on base model, no LoRA
11: if |bin(��) � bin(��� )| > � then
12: ��� � �� + �step � clip(��� � �� ,��, �)
13: L � (�� � ���)2

14: � � � � ���L � AdamW step on LoRA parameters
15: end if
16: burst_remaining� burst_remaining �1
17: if burst_remaining = 0 then in_burst� false
18: end if
19: end if
20: end for

4.6 Design Choices and Alternatives
SECL combines three components that each have obvious alternatives. This section
brie�y justi�es each choice against its main alternative, with reference to the abla-
tions in Chapter 6.

Why entropy gating rather than a �xed schedule? A �xed-schedule approach, for
example running a calibration burst every � questions, has the advantage of simplicity
but the disadvantage of wasting compute on stable streams and missing shifts that fall
between scheduled bursts. Entropy gating ties adaptation to the underlying property we
care about (distributional change) rather than a clock. The ablation in Section 6.2.1 shows
that entropy-gated bursts match always-on adaptation at one quarter of the compute.

Why NormPTrue rather than raw �True or self-consistency? Raw �True is known to
su�er from suggestibility bias (Wang and Stengel-Eskin, 2025) and performs worse as a
supervision signal than its normalized counterpart (Section 6.2.1). Self-consistency is a
plausible alternative since it also produces a scalar con�dence without labels, but the
ablation in Section 6.2.2 shows that self-consistency is a systematically biased proxy
for correctness at the scale of the generation distribution, and using it as the training
target degrades calibration to 2.5 times worse than the untrained baseline. NormPTrue
is the best-calibrated signal available at reasonable cost.
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Why LoRA rather than full �ne-tuning or prompt tuning? Full �ne-tuning would
require gradients and optimizer state for the full model at test time, which is prohibitive
for 3–8B parameter models. It would also make catastrophic forgetting considerably
harder to control, because every parameter is in play on every update. Prompt tuning,
at the other extreme, modi�es only the input and therefore cannot change the model’s
con�dence representation directly. LoRA sits at the right point on this spectrum: it
modi�es a small subset of parameters (0.01–0.02% of total) concentrated in the layers
most relevant to calibration, keeping memory and stability manageable while still being
expressive enough to close the generation-discrimination gap.

Why the directional loss rather than plain MSE? Plain MSE against NormPTrue
treats every per-question supervision signal as equally trustworthy, which overweights
noisy readings and can drive the adapted con�dence past the underlying correctness
probability. The directional formulation limits both the magnitude and the direction
of each update, which is e�ectively a form of output-space clipping. The ablation
in Section 6.2.1 shows this raises ECE from 0.085 (plain MSE) to 0.052 (directional)
on the same model and signal.
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Experiments

This chapter describes the experimental setup used to evaluate SECL: the datasets,
models, baselines, metrics, and implementation details. Results from these experiments
are reported in Chapter 6.

5.1 Datasets
We evaluate on four datasets that di�er in reasoning type, di�culty, and degree
of model overcon�dence. We sample 500 questions per domain for a total of
2,000 questions per run.

5.1.1 GSM8K
GSM8K (Cobbe et al., 2021) is a dataset of 8,500 grade-school math word problems
created by OpenAI to evaluate multi-step arithmetic reasoning. Each problem requires
two to eight steps of elementary arithmetic to reach a single numeric answer, making it
a test of sequential reasoning rather than factual recall. We use the �rst 500 problems
of the train split. GSM8K is the most reasoning-intensive of our four domains, and
models are often well-calibrated here because incorrect reasoning chains tend to produce
visibly uncertain answers.

5.1.2 MMLU
MMLU (Hendrycks et al., 2021) (Massive Multitask Language Understanding) is a
multiple-choice benchmark covering 57 subjects ranging from elementary mathematics
to professional law and medicine, designed to measure breadth of world knowledge
acquired during pretraining. Each question has four options and a single correct answer.
We sample 500 questions round-robin across subjects from the test split to ensure
balanced subject coverage. MMLU tests factual knowledge rather than reasoning, and
models are frequently overcon�dent here, asserting high con�dence on questions
outside their knowledge.
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5.1.3 ARC Challenge

ARC Challenge (Clark et al., 2018) (AI2 Reasoning Challenge) consists of grade-school
science questions speci�cally �ltered to contain only questions that simple retrieval and
word-association methods answer incorrectly, making it a harder subset than standard
science QA. Each question is multiple-choice with three to �ve options. We use the
�rst 500 questions of the test split. ARC sits between GSM8K and MMLU in character,
requiring both factual science knowledge and light reasoning.

5.1.4 TruthfulQA

TruthfulQA (Lin et al., 2022b) is a benchmark of 817 questions adversarially constructed
to elicit common human misconceptions, such as false beliefs and conspiracy theories,
on which models tend to reproduce the popular but incorrect answer. We use the
MC1 (single-correct multiple-choice) variant of the validation split, �rst 500 questions.
TruthfulQA is the domain where models are most severely miscalibrated, since the
adversarial construction speci�cally targets con�dent wrong answers, which makes it
the most informative domain for evaluating a calibration method.

5.1.5 Continual Protocol

The four domains are presented sequentially (GSM8K�MMLU� ARC� TruthfulQA),
forming a single stream of 2,000 questions with distribution shifts between domains. Per-
domain and ordering results are reported in Section 6.3.1 and Appendix B.6; an additional
open-ended variant using TruthfulQA generation answers is reported in Appendix B.10.3.

5.2 Models
We evaluate four instruction-tuned small language models spanning 2–8B parameters
and three model families: Llama 3.2-3B-Instruct and Llama 3.1-8B-Instruct (Gratta�ori
et al., 2024), Gemma 2-2B-IT (Team et al., 2024), and Phi 3.5-Mini-Instruct (3.8B) (Abdin
et al., 2024). These were selected because all four exhibit a measurable generation-
discrimination gap: their NormPTrue signal is better calibrated than their verbalized
con�dence, which is the prerequisite for SECL. A negative control on Qwen 2.5-3B
(Qwen Team et al., 2025), where this gap is absent, is reported in Section 6.3.2.

5.3 Baselines
We compare against two baselines representing the cost-quality extremes for label-
free calibration. The Verbalized baseline uses the model’s verbalized con�dence � (soft
readout, Eq. 4.2) directly with no adaptation, representing a zero-cost lower reference.
The P(True) Norm baseline reports the distractor-normalized discriminative signal
(Eq. 4.3) directly as the con�dence estimate; it serves as an upper-bound reference
for signal quality, since it requires �ve discriminative forward passes per question,
does not modify model weights, and represents the quality of the supervision signal
that SECL distills.
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5.4 Metrics
We report Expected Calibration Error (ECE; (Naeini et al. 2015; Guo et al. 2017)) as
our primary calibration metric, Brier score (Brier, 1950) as a composite measure of
calibration and discrimination, AUROC for discrimination quality, and task accuracy
to verify that calibration updates do not degrade correctness. Formal de�nitions are
provided in Section 2.2.2 of Chapter 2.

We additionally report Adaptive ECE (AdaECE), which uses 10 equal-mass bins
rather than equal-width bins, to verify that calibration improvements are robust to the
choice of binning strategy. Equal-width binning can leave some bins nearly empty when
con�dences cluster; equal-mass binning guarantees the same number of predictions
per bin, producing a complementary estimate of calibration error that does not depend
on the distribution of con�dences over the [0, 1] range.

5.5 Implementation Details
All values below are the best con�guration determined through the ablation studies in
Chapter 6. Table 5.2 consolidates the full hyperparameter set in a single reference.

LoRA con�guration. LoRA (rank �=8, �=16) is applied to the query and value projec-
tion matrices of the last 4–8 transformer layers, targeting intermediate-to-late layers
where calibration-relevant representations concentrate (Du et al., 2024). The exact layer
range is model-dependent. Phi uses a fused qkv_proj module rather than separate
q_proj and v_proj, so the adapter is placed on the fused projection in that case. This
setup modi�es 328K–1,049K parameters per model, or roughly 0.01–0.02% of total
parameters; the exact counts are reported in Table 5.1.

Model Total params LoRA layers LoRA params % of total

Llama 3.2-3B 3.21B 4 327,680 0.010%
Llama 3.1-8B 8.03B 8 1,048,576 0.013%
Gemma 2-2B 2.61B 8 491,520 0.019%
Phi 3.5-Mini 3.82B 8 786,432 0.021%

Table 5.1: LoRA trainable parameters per model (rank �=8). Llama 3.2-3B: last 4 layers (24–27 of
28); Llama 3.1-8B: last 8 layers; Gemma and Phi: last 8 layers (Gemma: 18–25 of 26; Phi: 24–31
of 32).

Training. We optimize with AdamW (Loshchilov and Hutter, 2019) at a learning rate
of 5 ñ 10�5 for 3 epochs per question. The directional target uses �step = 0.5 and clip
bound � = 0.15. The bin-gate threshold is set to 1 bin, so questions where verbalized
and discriminative con�dence already agree within one bin receive no gradient update.
The entropy gate uses EMA smoothing �ema = 0.05, Page-Hinkley tolerance � = 0.05,
detection threshold � = 3.0, burst length � = 50, and a warmup of 30 questions
before �rst detection. The normalization temperature � is �xed per model family
from preliminary exploratory runs of the P(True) baseline and held constant across
datasets: �=0.7 for Llama 3.2-3B, �=1.5 for Gemma and Phi, and �=3.0 for Llama 3.1-8B.
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The full sweep over temperatures and the reasoning for these selections is reported
in Section 6.2.1.

Hardware, software, and reproducibility. All experiments were conducted on a
shared workstation equipped with NVIDIA A100 (80GB) and RTX A6000 (48 GB) GPUs.
Each 2,000-question SECL run takes approximately 2–4 GPU-hours on a single GPU,
depending on model size. We use PyTorch 2.9 (Paszke et al., 2019), HuggingFace
Transformers 4.57 (Wolf et al., 2020), and the PEFT library (v0.17) with CUDA 12.8.
The main table reports �xed-seed runs; multi-seed robustness on Llama 3.2-3B is
reported in Section 6.1.5.

Component Parameter Value

LoRA

Rank � 8
Scaling factor � 16
Target layers (Llama 3.2-3B) Last 4
Target layers (Llama 3.1-8B, Gemma, Phi) Last 8
Target modules (Llama, Gemma) q_proj, v_proj
Target modules (Phi) qkv_proj

Optimization
Optimizer AdamW
Learning rate 5 ñ 10�5

Epochs per question 3

Directional loss Step size �step 0.5
Clip bound � 0.15

Bin-gate Threshold 1 bin

Page-Hinkley

Tolerance � 0.05
Detection threshold � 3.0
EMA smoothing �ema 0.05
Warmup period 30 questions

Burst Burst size � 50

Normalization �

Llama 3.2-3B 0.7
Gemma 2-2B 1.5
Phi 3.5-Mini (3.8B) 1.5
Llama 3.1-8B 3.0

Other Weight accumulation On
Distractors � 4

Table 5.2: Full hyperparameter settings used across all experiments. Model-speci�c values are
noted where applicable. LoRA modi�es 0.01–0.02% of model parameters; the gating parameters
control when and how often calibration bursts are triggered; � values were selected per model
family on preliminary P(True) Norm runs (see Section 6.2.1) and held constant across datasets.
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Evaluation

This chapter evaluates SECL against the two research questions posed in Chapter 1.
Section 6.1 presents the main results and answers both questions directly: that the
generation-discrimination gap is a usable label-free signal for test-time calibration (RQ1),
and that a model adapted with this signal surpasses the signal itself and approaches
supervised calibration (RQ2, �rst part). Section 6.2 reports ablation studies that isolate
which design choices are necessary for this result and con�rm its robustness (RQ2,
second part). Section 6.3 reports additional analyses that probe the scope and limits
of the method.

6.1 Main Results
This section answers the two research questions. Section 6.1.1 establishes that SECL
reduces calibration error substantially across four models using only the label-free
generation-discrimination signal, answering RQ1. Section 6.1.2 establishes that the
adapted model surpasses its own supervision signal and approaches supervised cali-
bration without labels, answering the �rst part of RQ2. Sections 6.1.3 and 6.1.4 situate
these results against the cost of the method and against the closest prior approach.

6.1.1 SECL Calibrates Without Labels (RQ1)
RQ1 asks whether the generation-discrimination gap can serve as a label-free self-
supervision signal for test-time calibration. The answer is yes. Table 6.1 reports
calibration metrics across the full 2,000-question stream for all four models. Compared
with the verbalized baseline, SECL reduces Expected Calibration Error by 56% on Phi to
78% on Gemma, using no labeled data at any point. Adaptive ECE, which uses equal-
mass rather than equal-width bins, tracks ECE closely, con�rming that the improvement
is not an artifact of the binning scheme.

The largest gains appear where miscalibration is most severe. On a per-domain
basis (Section 6.3.1), MMLU and TruthfulQA, where the verbalized baseline is most
overcon�dent, show the biggest reductions, while the already-better-calibrated GSM8K
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Model Method ECE� AdaECE� Brier� AUROC� Acc

Llama 3.2-3B

Verbalized .170 .167 .292 .510 .576
Self-Consistency† .093 .096 .211 .728 .624
+ Temp Scaling� .047 .075 .250 .504 .576

P(True) Norm .065 .067 .223 .694 .576
+ Temp Scaling� .029 .030 .218 .692 .576

SECL (Ours) .050 .060 .241 .587 .577

Gemma 2-2B

Verbalized .256 .252 .314 .558 .516
+ Temp Scaling� .047 .037 .249 .550 .516

P(True) Norm .141 .142 .259 .650 .516
+ Temp Scaling� .037 .033 .233 .647 .516

SECL (Ours) .056 .060 .254 .548 .515

Phi 3.5-Mini

Verbalized .251 .240 .275 .600 .667
+ Temp Scaling� .047 .049 .215 .583 .667

P(True) Norm .154 .151 .227 .675 .667
+ Temp Scaling� .059 .060 .205 .664 .667

SECL (Ours) .110 .119 .251 .521 .665

Llama 3.1-8B

Verbalized .225 .225 .258 .684 .644
+ Temp Scaling� .080 .089 .213 .681 .644

P(True) Norm .120 .117 .211 .718 .646
+ Temp Scaling� .108 .103 .208 .716 .646

SECL (Ours) .083 .080 .222 .643 .646

Table 6.1: Overall results across the full 2,000-question stream. Bold: best overall per model.
Underline: best among label-free methods. �Requires ground-truth labels (5-fold CV). †Self-
Consistency requires �=10 sampling passes; reported for Llama only to contextualize SECL’s
single-pass e�ciency.

and ARC show smaller gains. This is the expected behavior for a method that closes the
gap between a noisy generative signal and a cleaner discriminative one, and it is the
�rst piece of evidence that the gap is doing the work: the improvement is concentrated
exactly where the gap is widest.

Figure 6.1 visualizes the e�ect for Llama. The verbalized baseline is systematically
overcon�dent, with predictions sitting well below the diagonal in the high-con�dence
bins. After SECL, predictions shift onto the diagonal, and the false near-100% certainty
visible in the baseline’s top bin is eliminated. Reliability diagrams for the remaining
models, which show the same pattern, are provided in Appendix B.1.

6.1.2 SECL Surpasses Its Signal and Approaches Supervised Calibra-
tion (RQ2)

The �rst part of RQ2 asks whether a model adapted with the generation-discrimination
signal can surpass the signal itself and match supervised calibration. Both hold.

SECL surpasses its own supervision signal on all four models. In Table 6.1, SECL’s
ECE is lower than that of P(True) Norm, the very signal it distills, despite SECL training
on only 6–26% of the stream (Section 6.2.1). On Llama, SECL reaches ECE 0.050
against the signal’s 0.065; on Gemma, 0.056 against 0.141. The model internalizes
the discriminative signal well enough to generalize beyond the speci�c questions it
trained on, rather than merely reproducing the signal’s per-question outputs.
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30 6.1. Main Results

Figure 6.1: Reliability diagrams for Llama 3.2-3B. Left: verbalized baseline (ECE = 0.170). Right:
after SECL (ECE= 0.050, a 71% reduction). SECL shifts predictions onto the diagonal and
eliminates the baseline’s false near-100% certainty.

Model Method ECE� AdaECE� Brier� AUROC� Conf. range

Llama 3.2-3B

Verb. + Temp .047 .075 .250 .504 [.44, .56]
Verb. + Platt .021 .057 .244 .481 [.56, .61]
P(True) + Temp .029 .030 .218 .692 [.14, .86]
SECL (no labels) .050 .060 .241 .587 [.05, .85]

Gemma 2-2B

Verb. + Temp .047 .037 .249 .550 [.41, .59]
Verb. + Platt .035 .050 .250 .550 [.42, .55]
P(True) + Temp .037 .033 .233 .647 [.26, .74]
SECL (no labels) .056 .060 .254 .548 [.05, .95]

Phi 3.5-Mini

Verb. + Temp .047 .049 .215 .583 [.29, .71]
Verb. + Platt .052 .050 .216 .585 [.16, .69]
P(True) + Temp .059 .060 .205 .664 [.21, .79]
SECL (no labels) .110 .119 .251 .521 [.05, .95]

Llama 3.1-8B

Verb. + Temp .080 .089 .213 .681 [.35, .74]
Verb. + Platt .063 .052 .206 .677 [.02, .75]
P(True) + Temp .108 .103 .208 .716 [.02, .99]
SECL (no labels) .083 .080 .222 .643 [.25, .95]

Table 6.2: Post-hoc calibration baselines (5-fold CV). Supervised methods achieve low ECE by
compressing the con�dence range toward the base rate; SECL preserves a wide range without
labels. Full �tted temperatures and the SECL+Temp combination are reported in Appendix B.2.

SECL also approaches supervised calibration without using labels. The supervised
post-hoc baselines in Table 6.2, temperature and Platt scaling �tted with ground-truth
labels, achieve lower absolute ECE on some models, but they do so by compressing
the con�dence range. For Llama, temperature scaling requires � = 17.6, collapsing all
predictions into [0.44, 0.56], essentially predicting the base rate; Platt scaling collapses
further into [0.56, 0.61] and drives AUROC below chance to 0.481. SECL preserves a
wide con�dence range ([0.05, 0.85] on Llama) while improving AUROC from 0.510 to
0.587. The supervised methods buy low ECE by destroying discriminative information;
SECL achieves comparable calibration while keeping it, and without any labels.
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Model Trained Skipped SECL P(True) Norm

Llama 3.2-3B 512 (25.6%) 1,488 9,168 12,000
Llama 3.1-8B 251 (12.6%) 1,749 5,514 12,000
Gemma 2-2B 119 (5.9%) 1,881 3,666 12,000
Phi 3.5-Mini 160 (8.0%) 1,840 4,240 12,000

Table 6.3: Computational cost in forward-pass equivalents over the full 2,000-question stream.
Trained questions receive TTT adaptation (�15 FWD-eq each); skipped questions are generation-
only (1 FWD-eq). The P(True) Norm baseline costs 6 FWD-eq per question. SECL is cheaper
than the baseline on all four models.

Taken together, these two results answer the �rst part of RQ2: the adapted model is
not a passive imitator of its signal but exceeds it, and it reaches the territory of supervised
methods while retaining the discriminative information those methods discard.

6.1.3 Cost and Accuracy
For the result to support deployment, the calibration gain must not come at the price
of prohibitive cost or degraded task performance. Neither occurs.

Accuracy is preserved. Across all models, accuracy di�ers by less than one percentage
point from the verbalized baseline (Table 6.1), and per-domain shifts are at most three
points (Section 6.3.1). Unlike reinforcement-learning approaches that can degrade task
performance (Damani et al., 2025; Stangel et al., 2025), SECL updates only the con�dence
representation, leaving the model’s answers essentially unchanged.

Cost stays below the signal SECL distills. Table 6.3 reports computational cost
in forward-pass equivalents over the full stream. Because entropy gating restricts
adaptation to detected distribution shifts, SECL trains on only 6–26% of questions and
is cheaper than running the P(True) Norm signal on every question. Gemma and Phi
trigger infrequently (6–8% of the stream), reducing cost to roughly a third of the signal
baseline, while even Llama, which triggers most often, stays below it.

6.1.4 Comparison with DINCO
The closest prior method is DINCO (Wang and Stengel-Eskin, 2025), which also exploits
the generation-discrimination gap but applies it at inference time without adapting the
model, at roughly ten forward passes per question. SECL achieves lower or equal ECE
on all four models at a fraction of DINCO’s cost (Figure 6.2). DINCO achieves stronger
AUROC through its sampling passes and NLI reweighting, but at substantially higher
cost and lower task accuracy, since its beam-search answer selection underperforms
greedy decoding. On Gemma, DINCO fails outright, with ECE 0.408 worse than the
unadapted baseline, while SECL’s distillation still succeeds (ECE 0.056); this is direct
evidence that adapting the model is more robust across architectures than applying the
gap statically. The full cross-model comparison is reported in Appendix B.3.

6.1.5 Seed Robustness
To verify that the main results are not seed-dependent, we report Llama 3.2-3B results
across three random seeds (42, 43, 44) on the same 2,000-question sequential stream.
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Figure 6.2: Calibration error vs. inference cost for Llama 3.2-3B (lower-left is better). SECL
achieves the lowest calibration error at a fraction of the cost of P(True) Norm, DINCO, and
Self-Consistency.

Metric Seed 42 Seed 43 Seed 44 Mean± Std

Verbalized ECE .170 .176 .176 .174± .003
SECL ECE .050 .050 .039 .046± .005

Verbalized AUROC .510 .512 .512 .511± .001
SECL AUROC .587 .601 .592 .593± .006

Table 6.4: Llama 3.2-3B multi-seed robustness (seeds 42, 43, 44). SECL remains strongly better
calibrated across all seeds; ECE standard deviation of 0.005 is small relative to the 0.12 absolute
improvement over the baseline.

The ECE standard deviation of 0.005 is small relative to the improvement over the
verbalized baseline (roughly 0.12 absolute). The headline ECE of 0.050 reported in
Table 6.1 is within one standard deviation of the three-seed mean (0.046), con�rming
that the main-table result is not a cherry-picked seed. AUROC improvements are
similarly stable across seeds.

6.2 Ablation Studies
The main results establish that SECL works. The ablations in this section serve a
di�erent and secondary purpose: they isolate which of SECL’s design choices are
necessary for that result, addressing the second part of RQ2, and they con�rm that the
result is robust to domain ordering and hyperparameter settings. Each ablation varies
one component while holding all others �xed, on Llama 3.2-3B unless noted. Three
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Strategy ECE� Brier� AUROC� Trained

Always-on MSE 0.047 0.240 0.593 100%
Bin-gate (�1) 0.052 0.242 0.585 55.8%
Bin-gate (�2) 0.044 0.242 0.578 32.6%
Entropy-gated (�=50) 0.050 0.241 0.587 25.6%

Table 6.5: Gating strategy ablation (Llama 3.2-3B). Entropy-gated bursts match always-on ECE
while training on a quarter of the stream.

�ndings emerge: the adaptation mechanism is cheap, signal quality sets the ceiling,
and each component is individually necessary.

6.2.1 Each Component Is Necessary
Entropy gating. Gating determines when adaptation is triggered. Training on every
question (no gating) achieves ECE 0.047 against SECL’s 0.050, a negligible di�erence at
four times the compute. Combined with the bin-gate �lter, entropy gating processes
only 25.6% of the stream while matching always-on calibration (Table 6.5). Gating is
therefore necessary for cost, not for quality.

Weight accumulation. Calibration knowledge must compound across questions. Re-
setting the LoRA weights after each question yields ECE 0.237 and drives AUROC to
0.484, below chance: isolated single-question updates inject noise into the con�dence
token rather than information. Accumulation is necessary and load-bearing.

Directional loss. Replacing the bounded directional target with plain MSE toward
NormPTrue degrades ECE from 0.052 to 0.085. Conservative clipping prevents over-
shooting on noisy per-question signals, con�rming that the update direction matters
more than its magnitude.

Distractor normalization. Raw �(True) already beats the verbalized baseline (ECE
0.161 vs. 0.170), con�rming the gap exists. Normalization across distractors reduces this
further to 0.065 by converting absolute a�rmation into relative preference, suppressing
the suggestibility bias of Wang and Stengel-Eskin (2025).

6.2.2 Signal Quality Sets the Ceiling
The most consequential design choice is the supervision signal itself. Replacing
NormPTrue with Self-Consistency (X Wang et al., 2023) as the training target, holding
everything else �xed, degrades ECE from 0.050 to 0.432, which is 2.5 times worse than
the untrained baseline (Table 6.6). The adaptation mechanism faithfully distills whatever
signal it receives: Self-Consistency’s systematic overcon�dence propagates directly
into verbalized con�dence, while NormPTrue’s tighter correspondence to correctness
yields well-calibrated outputs. The practical consequence is that SECL’s calibration can
never exceed that of its signal, which is why the choice of NormPTrue over alternatives
is the central design decision. A detailed analysis of why Self-Consistency is a biased
proxy for correctness is provided in Appendix B.9.
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Training Target ECE� Brier� AUROC� Acc

None (Verbalized) .170 .292 .510 .576
Self-Consistency (�=10) .432 .470 .443 .564
P(True) Norm (ours) .050 .241 .587 .577

Table 6.6: E�ect of the training target on Llama 3.2-3B. All rows use the identical SECL pipeline;
only the pseudo-label di�ers. A poor signal makes calibration worse than no adaptation at all.

Model Verbalized SECL O SECLR

Llama 3.2-3B .170 .050 (�71%) .068 (�60%)

Llama 3.1-8B .225 .083 (�63%) .189 (�16%)

Gemma 2-2B .256 .056 (�78%) .149 (�42%)

Phi 3.5-Mini .251 .110 (�56%) .173 (�31%)

Table 6.7: Domain order robustness (ECE). O: default order. R: reversed. SECL improves over
the baseline under both orderings for all models.

6.2.3 Robustness to Ordering and Hyperparameters
The RQ2 result holds across the axes we tested. SECL improves over the baseline under
both forward and reversed domain orderings on all four models, with reductions of
16–71% (Table 6.7). It is also insensitive to most hyperparameters: the step size �step and
clip bound � move ECE by at most 0.015 across tested values, leaving burst length �
as the single consequential hyperparameter (�=20 yields 0.114 versus 0.050 for �=50).
The full hyperparameter sweep and the per-domain ordering breakdown are reported
in Appendix B.5 and Appendix B.6.

6.2.4 Layer Selection and Regularization
Two further ablations con�rm secondary design choices. On LoRA layer placement,
mid and late layers achieve the same ECE (0.039) on Llama, while adapting all layers
worsens ECE despite improving AUROC, indicating that adapting too many layers
introduces calibration noise; we use late layers following evidence that calibration-
relevant representations concentrate there (Du et al., 2024). On Gemma and Phi, halving
the adapter count from eight to four layers roughly doubles ECE, so eight late layers is
the default. We also tested adding a KL-divergence term to preserve the base distribution;
a small weight helps marginally on Llama but degrades Gemma and Phi, so we use no
KL term. Full results for both ablations are in Appendix B.7 and Appendix B.8.

6.3 Additional Analyses
The preceding sections answered the research questions. This section reports two
analyses that bear directly on the scope of those answers: a per-domain breakdown that
shows where the calibration gains concentrate, and a negative control that establishes
the precondition under which SECL works at all. Further analyses that con�rm the
results extend to longer streams, open-ended generation, and an 8B model are reported
in Appendix B.10.
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Model Method GSM8K MMLU ARC TQA

Llama 3.2-3B
Verbalized .218 .106 .095 .372
P(True) Norm .133 .091 .117 .089
SECL .070 .067 .112 .068

Gemma 2-2B
Verbalized .549 .194 .082 .267
P(True) Norm .395 .163 .185 .104
SECL .356 .054 .144 .210

Phi 3.5-Mini
Verbalized .290 .264 .109 .343
P(True) Norm .261 .171 .129 .146
SECL .283 .054 .129 .229

Table 6.8: Per-domain ECE for the three smaller models. Gains concentrate on the most-
miscalibrated domains (MMLU, TruthfulQA). Best per domain in bold. Full metrics including
AdaECE, Brier, AUROC, and accuracy are in Appendix B.4.

6.3.1 Per-Domain Breakdown
The aggregate ECE reductions hide substantial per-domain variation, and the pattern
of that variation is itself evidence for RQ1. Table 6.8 reports per-domain ECE for the
three smaller models. SECL delivers its largest reductions on MMLU and TruthfulQA,
the domains where the verbalized baseline is most miscalibrated, and smaller reduc-
tions on the better-calibrated GSM8K and ARC. ARC is the one domain where SECL
slightly increases ECE under the forward ordering across all models; Section 6.2.3 and
Appendix B.6 show this is a domain-sequencing artifact that reverses under the opposite
ordering, not a systematic limitation. Accuracy is preserved in every domain, with
the largest shift being three percentage points.

6.3.2 Negative Control: The Precondition for SECL
RQ1’s answer carries an implicit scope condition: SECL works only when a generation-
discrimination gap exists to exploit. We test this directly on Qwen 2.5-3B (Qwen
Team et al., 2025), a model where the gap is absent. Its best P(True) Norm result
(ECE 0.257) is worse than its verbalized baseline (ECE 0.247) at every normalization
temperature, meaning the discriminative signal carries no calibration advantage over
generation. Because SECL distills the discriminative signal into generative con�dence,
it cannot improve calibration when that signal is itself uninformative, and on Qwen
it correctly produces no improvement. This is not a failure but a con�rmation of the
precondition: the cheap NormPTrue versus verbalized comparison can be run on any
candidate model in advance to determine whether SECL will help. Full per-temperature
results are in Appendix B.10.4.
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7
Conclusion

This thesis introduced SECL, a test-time training pipeline that exploits the generation–
discrimination gap as label-free self-supervision to continuously improve calibration
without labeled data or human supervision. Across four small language models from
three model families and four diverse domains, SECL reduces Expected Calibration Error
by 56–78% while preserving task accuracy, training on only 6–26% of the question stream
via entropy-gated adaptation. This chapter returns to the two research questions posed
in Chapter 1, summarizes the answers this thesis provides, and discusses limitations
and directions for future work.

7.1 Research Question 1

RQ1: Can the generation–discrimination gap serve as a label-free self-supervision
signal for test-time calibration of small language models?

The answer is yes. The key evidence comes from three results in Chapter 6. First,
Section 6.1.1 shows that a normalized �(True) signal drives e�ective weight updates
on all four evaluated models, reducing ECE by 56–78% relative to the verbalized base-
line. Second, Section 6.2.1 con�rms that the gap itself is what produces these gains:
raw �(True) already outperforms verbalized con�dence, and distractor normalization
tightens this further by converting absolute a�rmation into relative preference among
candidates. Third, Section 6.2.1 shows that the signal can be applied selectively through
entropy-based gating, training on only 25.6% of the stream without loss of calibration
quality, which addresses the cost obstacle that had prevented earlier applications of
TTT to calibration.

SECL does not destabilize the base model. Accuracy di�ers by less than one percent-
age point overall (Section 6.1.3), and the directional loss with bounded updates (Sec-
tion 6.2.1) prevents overshooting on noisy targets. Together, these results establish that
the generation–discrimination gap is not only theoretically available as self-supervision
but practically usable as a training signal at test time.
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7.2 Research Question 2

RQ2: Can a model adapted with this signal surpass the signal itself and match
supervised calibration, and which design choices are necessary for this to hold?

The answer is again yes, on both fronts. On the surpassing-signal claim, Section 6.1.1
shows that SECL’s ECE is lower than the P(True) Norm signal on all four models, despite
using that same signal as its sole supervision target. The adapted model internalizes
the signal well enough to generalize beyond the speci�c questions on which it was
trained. On the supervised-calibration claim, Section 6.1.2 shows that temperature and
Platt scaling �tted with ground-truth labels achieve lower absolute ECE but collapse
predictions into narrow con�dence ranges, sacri�cing the con�dence discrimination that
makes calibration practically useful. SECL preserves a wide con�dence range without
any labels, which is the more meaningful match.

The ablation studies in Section 6.2 isolate which components are individually
necessary. Entropy gating (Section 6.2.1) is necessary for cost but not for quality,
as always-on adaptation achieves similar ECE at four times the compute. The directional
loss (Section 6.2.1) is necessary for quality: plain MSE against NormPTrue degrades
ECE by 64%. Weight accumulation across questions (Section 6.2.1) is necessary and
load-bearing: resetting LoRA weights after each question drives AUROC below chance,
showing that calibration knowledge must compound across the stream to produce any
bene�t at all. Distractor normalization (Section 6.2.1) is necessary for signal quality:
raw �(True) produces substantially worse calibration gains than the normalized variant.
The signal itself is the ceiling: Section 6.2.2 shows that substituting Self-Consistency
for NormPTrue while keeping every other component identical degrades ECE to 2.5ñ
worse than the untrained baseline, con�rming that the adaptation mechanism faithfully
distills whatever signal it receives.

Robustness holds across the axes tested. Section 6.2.3 shows that forward and
reversed domain orderings both produce ECE reductions of 16–71% on all four models.
Section 6.2.3 shows that �step and � have minimal impact on ECE across tested values,
leaving burst length � as the single consequential hyperparameter. This combination,
each component individually necessary and the overall con�guration robust to most
hyperparameter choices, is what answers the second half of RQ2: SECL’s e�ectiveness
is not an artifact of a particular tuning choice or domain sequence.

7.3 Limitations

7.3.1 Signal Quality Bounds Improvement

SECL’s calibration gains are bounded by the quality of the NormPTrue supervision signal.
When the discriminative signal is only marginally better than verbalized con�dence,
distillation yields smaller improvements. On Gemma TruthfulQA, for example, SECL
reduces ECE from 0.267 (Verbalized) to 0.210, but P(True) Norm achieves 0.104, indicating
that the distillation captures only part of the available signal on adversarially constructed
questions. Integrating richer discriminative signals beyond binary �(True), such as
multi-step veri�cation or ensemble-based judgments, could close this gap. SECL requires
a measurable generation–discrimination gap, which we veri�ed for all four evaluated
model families. For models where this gap is absent, such as Qwen 2.5-3B (Qwen
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Team et al., 2025) where NormPTrue underperforms the verbalized baseline at all tested
temperatures (Appendix B.10.4), SECL correctly produces no improvement, since no
useful signal exists to distill. Characterizing when and why this gap closes is an
important direction for future work.

7.3.2 Per-Domain Calibration Is Not Uniformly Improved

ARC ECE increases slightly in the forward ordering across all three smaller models
(e.g., Llama: 0.095 � 0.112), but this e�ect reverses under alternative orderings (Ap-
pendix B.6), indicating a domain-sequencing artifact from cumulative LoRA weight
transfer rather than a systematic limitation. Aggregate ECE remains improved under
every ordering tested.

7.3.3 Calibration–Discrimination Trade-o�

SECL improves AUROC on Llama 3.2-3B (+0.077) but degrades it on Phi (�0.079) and on
Llama 3.1-8B (�0.041; Appendix B.10.1). Since the LoRA updates target the con�dence
token, they can redistribute probability mass in ways that improve bin-level calibration
at the cost of per-question ranking quality. Brier score, which captures both components,
improves across all models, but applications requiring �ne-grained discrimination
should weigh this trade-o�.

7.3.4 Hyperparameter Sensitivity on Burst Size

The burst size � is the most important hyperparameter: �=20 yields ECE 0.114 versus
0.050 for �=50 on Llama (Section 6.2.3), indicating that su�cient distillation per trigger
is necessary. In deployment settings with very rapid distribution shifts, fewer than 50
questions per domain, the method may not accumulate enough training signal.

7.3.5 Scale

We evaluate models up to 8B parameters. While the generation–discrimination gap
is theoretically expected to widen with scale (Kalai et al., 2025), we have not veri-
�ed SECL’s e�ectiveness beyond 8B, where the computational cost of LoRA updates
would also increase.

7.4 Future Work
The results of this thesis suggest a broader principle: when a model’s ability to evaluate
exceeds its ability to generate, the gap can be distilled back into the model’s outputs
via self-supervised test-time adaptation. Calibration is a natural �rst target because the
discriminative signal is scalar and cheap to compute, but the same approach applies to
any task where an analogous evaluation–generation gap exists. Factual accuracy and
reasoning consistency are the two most direct extensions: in both cases, the model’s
ability to verify a candidate output is often better than its ability to produce one, and the
same gating-plus-distillation architecture should transfer with only the signal changed.

Printed on June 5, 2026



7. Conclusion 39

Three speci�c directions follow from the limitations above. First, richer discrimina-
tive signals beyond binary �(True), such as multi-step veri�cation, chain-of-thought
self-evaluation, or ensemble-based judgments across multiple probe prompts, could raise
the calibration ceiling identi�ed in Section 7.3.1. Second, scaling SECL to models beyond
8B parameters would test whether the theoretical widening of the gap with scale (Kalai
et al., 2025) translates into larger practical gains, and would establish the computational
regime in which test-time LoRA updates remain viable. Third, characterizing when the
gap is absent, as in the Qwen 2.5-3B case, would clarify the preconditions for SECL
and potentially yield a diagnostic that indicates in advance whether a given model is
a viable candidate for test-time calibration.

The broader claim the thesis supports is that the generation–discrimination gap
(Kalai et al., 2025) is not a de�ciency to be tolerated but a resource to be exploited.
SECL uses the gap for calibration speci�cally; the methodology is general, and the
same self-supervision principle should extend to the full set of tasks where recognition
precedes recall.
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A
Prompt Templates

This appendix documents every prompt template used in the experiments reported in
Chapter 5 and Chapter 6. Prompts are reproduced verbatim from the implementation.
Placeholder �elds are shown in blue angle brackets. Where a model-speci�c chat
template was applied (via HuggingFace AutoTokenizer), the user-facing content shown
here was wrapped using each model’s o�cial chat template before tokenization.

Eight distinct LLM prompt templates are used across the codebase, plus two NLI
string templates internal to the DINCO baseline. They fall into four groups. Section A.1
contains the prompts used to elicit answers and verbalized con�dence. Section A.2
contains the discriminative probes used to compute the �(True) and �(Know) su-
pervision signals. Section A.3 contains the prompts used to generate distractors and
neighborhood questions. Section A.4 documents the prompts and NLI templates used
in the DINCO baseline.

A.1 Question Answering and Con�dence Elicitation

A.1.1 Main QA Prompt with Verbalized Con�dence
This prompt (create_qa_prompt in uti�s.py, lines 340–362) is used to elicit both the
model’s answer and its verbalized con�dence in a single forward pass. It is used by
the verbalized baseline (Section 5.3) and by SECL during both inference and training.
The con�dence bin token is read from the position immediately following Confidence:
bin, and the soft readout in Equation 4.2 is computed over the digit-token probability
distribution at that position.

Prompt 1: Main QA + Con�dence (create_qa_prompt)

Your task is to answer the question based on factua� information in your
own know�edge.
P�ease adhere to the fo��owing guide�ines when formu�ating the answer:
You must rate how confident you are that your fina� answer is correct
using one of these categories:
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<confidence_bu��ets>
IMPORTANT: Keep your reasoning BRIEF (1-2 sentences maximum). Then
provide the fina� answer with your confidence �eve�. The reasoning
process must be enc�osed within <think> </think> tags.
Do not add anything after the fina� answer.

Format:
<think>Your brief reasoning here (1-2 sentences max)</think>
Answer: <your answer>
Confidence: <confidence �eve�>

For examp�e:
Question: What is the capita� of France?
<think>Paris is the capita� of France.</think>
Answer: Paris.
Confidence: bin<num_bins-1>.

Now answer the fo��owing question:
Question: <question>

The <confidence_bu��ets> �eld is generated dynamically by _confidence_bu��ets(num_bins).
For num_bins = 10 (the default used throughout all experiments), the rendered output is:

Con�dence Bullets (num_bins = 10, rendered)

- bin0. - you are ~0-10% confident your fina� answer is correct
- bin1. - you are ~10-20% confident your fina� answer is correct
- bin2. - you are ~20-30% confident your fina� answer is correct
- bin3. - you are ~30-40% confident your fina� answer is correct
- bin4. - you are ~40-50% confident your fina� answer is correct
- bin5. - you are ~50-60% confident your fina� answer is correct
- bin6. - you are ~60-70% confident your fina� answer is correct
- bin7. - you are ~70-80% confident your fina� answer is correct
- bin8. - you are ~80-90% confident your fina� answer is correct
- bin9. - you are ~90-100% confident your fina� answer is correct

A.1.2 Plain QA Prompt (No Con�dence)

This prompt (create_p�ain_qa_prompt in run_dinco.py, lines 67–69) is used by the
DINCO baseline during beam-search answer generation, since DINCO computes con�-
dence post-hoc from �(True) scores rather than eliciting a verbalized con�dence bin.

Prompt 2: Plain QA (create_p�ain_qa_prompt)

Answer the fo��owing question concise�y.

Question: <question>
Answer:
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A.2 Discriminative Probes

A.2.1 �(True) Veri�cation Probe

This prompt (get_discriminative_confidence in run_continua�_ttt.py lines 572–
580, and get_p_true in run_base�ines.py lines 103–110) is the primary discriminative
signal used in SECL. After the model generates an answer, the question, the model’s
reasoning, and the �nal answer are presented together and the model is asked to
evaluate correctness. The probability of the True token is read from the next-token
distribution. When a candidate list is provided, the optional candidates_section
pre�x is prepended.

Prompt 6: �(True) Veri�cation (get_discriminative_confidence /
get_p_true)

<candidates_section>Question: <question>
Proposed So�ution:
<reasoning>
Fina� Answer: <answer>

Is this answer correct? P�ease respond with on�y �True� or �Fa�se�.

When a candidate list is provided (the distractor-normalization setting used in
SECL), the <candidates_section> �eld is prepended as:

Candidates Section (prepended when candidate_�ist is set)

Here are some brainstormed answers:
1. <candidate_1>
2. <candidate_2>
�
<k>. <candidate_k>

When no candidate list is provided (the raw �(True) baseline), <candidates_section>
is empty and the prompt begins directly with Question:.

A.2.2 �(Know) Probes

Two �(Know) variants were explored (get_discriminative_confidence in
run_continua�_ttt.py, lines 560–569, use_p_know=True). These frame the
discriminative judgment in terms of whether the model knows the answer, rather than
whether the proposed answer is correct. Neither outperformed �(True) in preliminary
experiments; they are documented here for completeness.

Thresholded variant (c�aimed_bin set). When the model has expressed a verbalized
con�dence bin, that percentage is included in the query:
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Prompt 7: �(Know) with Claimed Con�dence

Question: <question>
Are you at �east <pct_disp�ay>% confident that you know the correct answer
to this question?
P�ease respond with on�y �True� or �Fa�se�.

100% variant (c�aimed_bin=None). When no claimed con�dence is available, the
probe defaults to 100%:

Prompt 8: �(Know) at 100%

Question: <question>
Are you 100% confident that you know the correct answer to this question?
P�ease respond with on�y �True� or �Fa�se�.

A.3 Distractor and Neighborhood Generation

A.3.1 Distractor Generation

This prompt (generate_distractors in run_continua�_ttt.py, lines 489–498) gen-
erates � = 4 plausible alternative answers at sampling temperature 0.8. For multiple-
choice datasets (MMLU, ARC, TruthfulQA-MC1), the provided answer options are used
directly as distractors and this prompt is not invoked.

Prompt 5: Distractor Generation

Question: <question>
Origina� answer: <base_answer>
Generate <k> p�ausib�e a�ternative answers to this question that someone
might reasonab�y give.
Requirements:
- Output exact�y <k> answers, numbered 1-<k>, one per �ine.
- Do NOT repeat or paraphrase the origina� answer.
- Each a�ternative shou�d be p�ausib�e and different from the origina�.
- <format_hint>

The <format_hint> �eld takes one of two values:

Format Hint Variants

Numeric:
Use a sing�e short numeric answer (one number) per �ine. Each answer must
be a DIFFERENT number.

Non-numeric:
Keep each answer under 6 words. No exp�anations.
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A.3.2 Neighborhood Question Rewriting
This prompt (generate_neighborhood_questions in run_continua�_ttt.py, lines
393–396) was explored as an additional source of self-supervision by generating se-
mantically neighboring questions. It was not adopted in the �nal SECL con�guration
and is documented here for completeness.

Prompt 4: Neighborhood Question Rewriting

Rewrite this question <n_neighbors> different ways:
�<question>�
1.

The model is expected to continue the numbered list. The leading 1. is part of
the prompt to encourage the list format.

A.4 DINCO Baseline Prompts

A.4.1 �(True) Probe (Yes/No Format)
The DINCO baseline (Section 6.1.4) uses a Yes/No formulation of the discriminative probe
(PTRUE_PROMPT in run_dinco.py, lines 78–84), following the format of the original
implementation (Wang and Stengel-Eskin, 2025). This is distinct from the True/False
probe used by SECL (Section A.2.1).

Prompt 3: DINCO �(True) Probe (PTRUE_PROMPT)

Be�ow is a question and a candidate answer. Your task is to determine
whether the answer is correct or not. On�y output �Yes� (correct) or �No�
(incorrect).

Question: <question>
Candidate answer: <candidate_answer>

A.4.2 NLI String Templates
DINCO additionally uses an NLI classi�er (compute_pairwise_n�i and compute_sc in
run_dinco.py) to reweight distractor scores. These are not LLM prompts but structured
string templates passed directly to the NLI model’s tokenizer:

Prompt 9: DINCO NLI Templates (not LLM prompts)

Premise:
Question: <question>\nAnswer: <text>

Hypothesis:
Answer: <text>

The NLI model outputs entailment/neutral/contradiction labels over these premise-
hypothesis pairs; the scores are used to reweight candidate answers before computing
DINCO’s normalized con�dence estimate.
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A.4.3 Items Not Covered by Prompt Templates
Two processing steps operate on raw text without LLM prompt wrappers and are noted
here for completeness. The entropy gating mechanism (compute_question_entropy in
run_continua�_ttt.py, implemented in page_hink�ey_entropy.py) tokenizes the
raw question text directly to compute entropy over the model’s next-token distribution,
with no surrounding prompt. Dataset loading (�oad_qa_dataset in uti�s.py) appends
multiple-choice options to the question string before any prompt is constructed; this
string concatenation is not itself a prompt template.
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B
Extended Evaluation Results

This appendix contains supporting tables and �gures referenced from Chapter 6. They
provide the full detail behind the summarized results in the main text and are organized
to follow the order in which they are cited.

B.1 Reliability Diagrams Across Models
Section 6.1.1 shows the verbalized-vs-SECL reliability diagram for Llama as the repre-
sentative case. Figure B.1 extends this to Gemma and Phi, and Figure B.2 shows the
e�ect of distractor normalization on the raw �(True) signal across the three models.
The pattern is consistent: SECL shifts predictions toward the diagonal and eliminates
near-100% false certainty across all architectures.

B.2 Post-Hoc Calibration: Full Results
Table B.1 reports the combination of SECL with supervised temperature scaling, ref-
erenced in Section 6.1.2. SECL and post-hoc recalibration are complementary: SECL
improves the underlying con�dence signal, and temperature scaling then recalibrates it.
The combination achieves the best or near-best ECE on three of four models.

B.3 Full DINCO Comparison
Table B.2 gives the complete cross-model comparison with DINCO summarized
in Section 6.1.4.

B.4 Per-Domain Results: Full Metrics
Table B.3 reports the complete per-domain metrics for the three smaller models, ex-
panding the ECE-only summary in Section 6.3.1.
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Figure B.1: Verbalized baseline (left) vs. SECL (right) for Llama 3.2-3B (ECE: 0.170� 0.050),
Gemma 2-2B (0.256� 0.056), and Phi 3.5-Mini (0.251� 0.110).

B.5 Hyperparameter Sensitivity

Table B.4 reports the full hyperparameter sweep on Llama 3.2-3B referenced
in Section 6.2.3.

B.6 Domain Order Sensitivity: Full Breakdown

Tables B.5 and B.6 give the complete forward-vs-reversed comparison summarized in
Section 6.2.3, including the per-domain ARC e�ect discussed there.
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48 B.7. LoRA Layer Position

Figure B.2: Raw �(True) (left) vs. NormPTrue (right) for the three non-8B models. Distractor
normalization consistently reduces calibration error.

B.7 LoRA Layer Position

Table B.7 reports the layer ablation summarized in Section 6.2.4.

B.8 KL Regularization

Table B.8 reports the KL-divergence regularization ablation summarized in Section 6.2.4.
We tested adding a term � ��KL(�base ��adapted) to preserve the base distribution. A small
� helps marginally on Llama but degrades Gemma and Phi, so we use � = 0 throughout.
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Model Method ECE� AdaECE� Brier� AUROC�

Llama 3.2-3B
P(True) Norm + Temp� .029 .030 .218 .692
SECL .050 .060 .241 .587
SECL + Temp� .049 .053 .241 .584

Gemma 2-2B
P(True) Norm + Temp� .037 .033 .233 .647
SECL .056 .060 .254 .548
SECL + Temp� .011 .037 .249 .542

Phi 3.5-Mini
P(True) Norm + Temp� .059 .060 .205 .664
SECL .110 .119 .251 .521
SECL + Temp� .097 .082 .232 .516

Llama 3.1-8B
P(True) Norm + Temp� .108 .103 .208 .716
SECL .083 .080 .222 .643
SECL + Temp� .062 .045 .213 .638

Table B.1: SECL combined with temperature scaling (5-fold CV). �Requires ground-truth labels.

Model Method FWD-eq ECE� Brier� AUROC� Acc

Llama 3.2-3B
Verbalized 1 .170 .292 .510 .576
DINCO �10 .101 .207 .762 .466
SECL 4.6 .050 .241 .587 .577

Phi 3.5-Mini
Verbalized 1 .251 .275 .600 .667
DINCO �10 .110 .212 .749 .560
SECL 2.1 .110 .251 .521 .665

Gemma 2-2B
Verbalized 1 .256 .314 .558 .516
DINCO �10 .408 .410 .566 .327
SECL 1.8 .056 .254 .548 .515

Llama 3.1-8B
Verbalized 1 .225 .258 .684 .644
DINCO �10 .117 .210 .756 .522
SECL 2.8 .083 .222 .643 .646

Table B.2: SECL vs. DINCO. SECL achieves better calibration at lower cost; DINCO achieves
better discrimination at roughly ten forward passes per question.

B.9 Why Signal Quality Determines Calibration
Section 6.2.2 shows that substituting Self-Consistency for NormPTrue degrades calibration
below the untrained baseline. This appendix explains why.

SECL minimizes L = E[(�(�) � �(�))2], where �(�) is verbalized con�dence and
�(�) is the training target. With su�cient capacity and convergence, ��(�) � �(�),
so the trained model inherits the calibration of its target: ECE(��) � ECE(�). The
target bounds the achievable calibration.

Self-Consistency is a biased proxy for correctness. As � � �, the Self-Consistency
score approaches �gen(mode � �), themass the generation distribution places on its modal
answer. For modern LLMs this is typically high (above 0.7) regardless of correctness, so
among questions where Self-Consistency � 1, the actual fraction correct can be well
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Model Method Domain ECE� AdaECE� Brier� AUROC� Acc

Llama 3.2-3B

Verbalized

GSM8K .218 .215 .294 .565 .472
MMLU .106 .109 .253 .601 .562
ARC .095 .112 .207 .568 .726
TQA .372 .371 .414 .301 .544

P(True) Norm

GSM8K .133 .138 .264 .594 .476
MMLU .091 .090 .239 .652 .566
ARC .117 .132 .210 .624 .728
TQA .089 .092 .180 .818 .532

SECL

GSM8K .070 .079 .249 .573 .488
MMLU .067 .060 .249 .549 .558
ARC .112 .106 .207 .616 .714
TQA .068 .114 .260 .454 .546

Gemma 2-2B

Verbalized

GSM8K .549 .549 .446 .658 .186
MMLU .194 .178 .271 .608 .576
ARC .082 .085 .201 .534 .738
TQA .267 .263 .338 .417 .566

P(True) Norm

GSM8K .395 .394 .326 .685 .186
MMLU .163 .175 .263 .616 .576
ARC .185 .182 .229 .597 .738
TQA .104 .104 .213 .729 .566

SECL

GSM8K .356 .356 .271 .609 .180
MMLU .054 .064 .238 .594 .578
ARC .144 .136 .213 .591 .728
TQA .210 .198 .293 .343 .574

Phi 3.5-Mini

Verbalized

GSM8K .290 .290 .304 .563 .650
MMLU .264 .257 .286 .602 .648
ARC .109 .105 .150 .588 .826
TQA .343 .336 .362 .592 .546

P(True) Norm

GSM8K .261 .257 .303 .559 .650
MMLU .171 .158 .243 .648 .648
ARC .129 .119 .157 .680 .826
TQA .146 .141 .205 .771 .546

SECL

GSM8K .283 .280 .297 .575 .658
MMLU .054 .058 .223 .604 .644
ARC .129 .129 .167 .499 .826
TQA .229 .224 .319 .407 .532

Table B.3: Complete per-domain metrics. TQA denotes TruthfulQA.
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Parameter Value ECE� AdaECE�

�step†
0.2 .067 .083
0.3 .066 .069
0.5 .052 .073

�†
0.15 .052 .073
0.20 .064 .067

Loss† Plain MSE .085 .088

Burst �‡ 20 .114 –
50 .050 .060

Table B.4: Hyperparameter sensitivity (Llama 3.2-3B). †Without entropy gating. ‡With entropy
gating.

Model Order ECE� AdaECE� Brier� AUROC� Acc

Llama 3.2-3B
Verbalized .170 .167 .292 .510 .576
SECL O .050 .060 .241 .587 .577
SECL R .068 .082 .248 .578 .575

Gemma 2-2B
Verbalized .256 .252 .314 .558 .516
SECL O .056 .060 .254 .548 .515
SECL R .149 .133 .258 .625 .520

Phi 3.5-Mini
Verbalized .251 .240 .275 .600 .667
SECL O .110 .119 .251 .521 .665
SECL R .173 .170 .250 .575 .674

Llama 3.1-8B
Verbalized .225 .225 .258 .684 .644
SECL O .083 .080 .222 .643 .646
SECL R .189 .191 .272 .580 .629

Table B.5: Domain order sensitivity. O: GSM8K�MMLU�ARC�TruthfulQA.R: reversed.

Model Order GSM8K MMLU ARC TQA

Llama 3.2-3B O .070 .067 .112 .068
R .117 .032 .081 .134

Gemma 2-2B O .356 .054 .144 .210
R .396 .096 .046 .189

Phi 3.5-Mini O .283 .054 .129 .229
R .068 .213 .099 .343

Llama 3.1-8B O .066 .120 .198 .038
R .206 .217 .234 .223

Table B.6: Per-domain ECE for original (O) vs. reversed (R) order. ARC improves under reversal
for the three smaller models, con�rming the forward-order ARC increase is a sequencing artifact.

Printed on June 5, 2026



52 B.10. Further Robustness Analyses

Model Layers Range ECE� Brier� AUROC� Acc

Llama 3.2-3B

Early 0–3 .046 .235 .619 .591
Mid 12–15 .039 .233 .628 .573
Late (default) 24–27 .039 .241 .592 .570
Last 8 20–27 .044 .240 .609 .558
All 0–27 .058 .232 .640 .588

Gemma 2-2B Last 4 22–25 .116 .277 .464 .513
Last 8 (default) 18–25 .056 .254 .548 .515

Phi 3.5-Mini Last 4 28–31 .222 .277 .524 .669
Last 8 (default) 24–31 .110 .251 .521 .665

Table B.7: LoRA layer ablation. Top: position on Llama (4 layers each except All). Bottom: count
on Gemma and Phi.

Model � ECE� Brier� AUROC� Acc

Llama 3.2-3B
0 .050 .241 .587 .577
0.01 .044 .242 .591 .573
0.1 .149 .279 .527 .569

Gemma 2-2B
0 .056 .254 .548 .515
0.01 .127 .271 .486 .514
0.1 .238 .305 .551 .520

Phi 3.5-Mini
0 .110 .251 .521 .665
0.01 .144 .252 .506 .669
0.1 .248 .272 .598 .673

Table B.8: KL regularization ablation. We use � = 0 in all reported experiments.

below one, violating the calibration condition. Training on this signal teaches the model
to report generation concentration as con�dence, producing overcon�dence.

NormPTrue is less biased. When the model cannot distinguish its answer from
distractors, NormPTrue � 1/(�+1), correctly signaling low con�dence; when it strongly
prefers its answer, NormPTrue � 1. This maps the discriminative signal onto [0, 1]
in closer correspondence with correctness probability. Figures B.3 and B.4 provide
visual evidence.

B.10 Further Robustness Analyses
This section reports three analyses con�rming that the main results extend beyond
the default experimental setting: scaling to 8B parameters, longer streams, and open-
ended generation.

B.10.1 Scaling to 8B Parameters
Table B.9 reports per-domain results for Llama 3.1-8B. The aggregate result appears
in the main table (Table 6.1): SECL reduces ECE by 63% while adapting only 12.6%
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Figure B.3: Reliability diagrams for candidate training targets on Llama 3.2-3B. Self-Consistency
(left, ECE 0.093) is biased; raw P(True) (center, ECE 0.161) shows suggestibility bias; P(True)
Norm (right, ECE 0.065) tracks the diagonal most closely.

Figure B.4: Con�dence distributions for correct (green) and incorrect (red) predictions. P(True)
Norm separates the two classes best.

of questions. The per-domain pattern mirrors the smaller models, with the largest
gains on GSM8K, MMLU, and TruthfulQA.

Method Domain ECE� Brier� AUROC� Acc

Verbalized

GSM8K .298 .305 .714 .602
MMLU .208 .251 .644 .670
ARC .108 .164 .633 .798
TQA .287 .310 .669 .506

SECL

GSM8K .066 .238 .602 .572
MMLU .120 .223 .591 .686
ARC .198 .178 .632 .824
TQA .038 .249 .552 .504

Table B.9: Per-domain results for Llama 3.1-8B.

B.10.2 Extended Stream Length
Table B.10 doubles the stream to 4,000 questions. SECL’s improvements hold on Llama
and Gemma. On Phi, calibration degrades because the infrequent gating provides too
few training bursts over the longer stream, the same under-distillation e�ect seen with
small burst length in Section 6.2.3.
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Model Method ECE� Brier� AUROC� Acc

Llama 3.2-3B Verbalized .190 .313 .508 .577
SECL .051 .239 .607 .581

Gemma 2-2B Verbalized .276 .328 .548 .508
SECL .086 .263 .500 .512

Phi 3.5-Mini Verbalized .192 .245 .593 .687
SECL .259 .260 .712 .696

Table B.10: 4,000-question comparison. SECL improves Llama and Gemma; Phi under-distills
due to infrequent gating.

B.10.3 Open-Ended Generation
Table B.11 replaces the �nal domain with the TruthfulQA generation split to test open-
ended answers. SECL reduces ECE by 76% on the 2,000-question stream and 66% on
the 4,000-question stream, con�rming the method transfers beyond multiple-choice
without modi�cation.

Method Order/Stream ECE� Brier� AUROC� Acc

Verbalized Fwd / 2k .195 .287 .586 .506
P(True) Norm Fwd / 2k .173 .273 .625 .506
SECL Fwd / 2k .047 .239 .618 .500
SECL Rev / 2k .047 .241 .625 .497

Verbalized Fwd / 4k .179 .278 .598 .525
SECL Fwd / 4k .061 .237 .625 .522

Table B.11: TruthfulQA generation-domain evaluation (Llama 3.2-3B). SECL transfers to open-
ended answers without modi�cation.

B.10.4 Negative Control: Full Results
Table B.12 gives the full per-temperature results for the Qwen negative control sum-
marized in Section 6.3.2.

Method ECE�

Verbalized .247

P(True) Norm �=0.3 .290
P(True) Norm �=0.7 .263
P(True) Norm �=1.0 .257
P(True) Norm �=1.5 .265
P(True) Norm �=2.0 .267
P(True) Norm �=3.0 .291

Table B.12: Qwen 2.5-3B. All P(True) Norm temperatures yield worse ECE than the verbalized
baseline, con�rming the absence of a usable generation-discrimination gap.
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