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Abstract

Large Language Models (LLMs) often produce
inconsistent answers when faced with different
phrasings of the same prompt. In this paper,
we propose Flip-Flop Consistency (F2C), an
unsupervised training method that improves
robustness to such perturbations. F2C is com-
posed of two key components. The first, Con-
sensus Cross-Entropy (CCE), uses a major-
ity vote across prompt variations to create a
hard pseudo-label. The second is a representa-
tion alignment loss that pulls lower-confidence
and non-majority predictors toward the consen-
sus established by high-confidence, majority-
voting variations. We evaluate our method on
11 datasets spanning four NLP tasks, with 4–
15 prompt variations per dataset. On average,
F2C raises observed agreement by 11.62%, im-
proves mean F1 by 8.94%, and reduces perfor-
mance variance across formats by 3.29%. In
out-of-domain evaluations, F2C generalizes ef-
fectively, increasing F1 and agreement while
decreasing variance across most source-target
pairs. Finally, when trained on only a subset of
prompt perturbations and evaluated on held-out
formats, F2C consistently improves both perfor-
mance and agreement while reducing variance.
These findings highlight F2C as an effective
unsupervised method for enhancing LLM con-
sistency, performance, and generalization under
prompt perturbations.1

1 Introduction

Large Language Models (LLMs) are increasingly
deployed across diverse domains, including high-
stakes settings such as law and medicine (Ope-
nAI, 2025; Singhal et al., 2025; Guha et al., 2023),
which raises the bar for reliability and trustworthi-
ness. A core requirement for a trustworthy model is
semantic consistency: when the phrasing of a ques-
tion varies but its meaning remains the same, the
model’s answer should remain consistent. Recent

1Code is available at our GitHub repository.

Figure 1: Our method aligns representations of input
variations to promote consistency. To this end, we min-
imize the JS divergence among variations within the
high-confidence consensus group, and the KL diver-
gence between all other variations and that group.

studies show that LLM predictions can vary sharply
under prompt perturbations such as formatting,
casing, separators, paraphrasing, item ordering in
few-shot settings, and other surface changes, often
shifting reported accuracy by large margins (Sclar
et al., 2024; Qiang et al., 2024; Sun et al., 2024; Lu
et al., 2022; Cummins, 2025). Accordingly, several
works advocate reporting performance ranges (or
variance) across prompt variants rather than a sin-
gle point estimate (Mizrahi et al., 2024; Polo et al.,
2024; Alzahrani et al., 2024).

While numerous studies evaluate the consistency
in existing models and propose new metrics to
quantify it (Chatterjee et al., 2024; Cao et al., 2024;
Nalbandyan et al., 2025; Datta et al., 2023), fewer
works aim to improve consistency within the mod-
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els themselves. One line of work addresses this is-
sue using prompt engineering techniques to search
for the highest-performing prompt (Fu et al., 2024;
Sclar et al., 2024; Ngweta et al., 2025; Cao et al.,
2024; Raj et al., 2025; Voronov et al., 2024; Salinas
and Morstatter, 2024). However, while effective,
these techniques add computational overhead for
prompt optimization and do not resolve the internal
inconsistency of the models. Other approaches try
to solve this issue via supervised fine-tuning (SFT)
(Qiang et al., 2024; Yan et al., 2024; Sun et al.,
2024; Fu and Barez, 2025), although these meth-
ods are limited by the availability of labeled data.
Lastly, inference-time intervention approaches try
to address this issue through model editing (Yang
et al., 2024) and activation steering (Yang et al.,
2025). According to Yang et al. (2024), despite
being transparent, these methods fall behind SFT
methods for improving performance. In the unsu-
pervised setting, Zhou et al. (2022) propose “swarm
distillation,” a pairwise consistency loss that aligns
the representations of input variations. They use
a diverse set of variations provided by the Public
Pool of Prompts (P3; Bach et al., 2022) for input-
output pairs of 11 datasets. However, Cao et al.
(2024) show that while this method improves con-
sistency, it decreases overall performance.

We target the gap of improving consistency in
the absence of supervision while preserving task
performance, and propose Flip-Flop Consistency
(F2C), an unsupervised training algorithm that im-
proves robustness to prompt perturbations by align-
ing their representations without sacrificing the per-
formance. Prior work (Chen et al., 2025, 2024)
has demonstrated that when a model consistently
outputs the same label across variations, that label
is more likely to be correct, whereas incorrect la-
bels tend to be scattered, reflecting low confidence.
Building on this insight, F2C takes the majority
answer across variations as a pseudo-label for each
data point. It then combines two components: (1)
a cross-entropy loss that treats the pseudo-label as
a hard label for all variations and (2) a divergence
loss that aligns the distributions of less-confident
and non-majority variations with those that confi-
dently predict the majority. Together, these terms
both increase the pseudo-label’s probability and
enforce consistency across variations.

We evaluate F2C on 11 datasets through three
studies: (1) a comprehensive analysis of its per-
formance against the base model and swarm dis-
tillation; (2) testing out-of-domain (OOD) gener-

alization, where a model trained on one dataset is
evaluated on the others; and (3) examining general-
ization to unseen prompt perturbations, where the
model is trained on the first K prompt formats and
evaluated on held-out formats. In Section 5.1, we
demonstrate that F2C significantly raises observed
agreement (Po) on average by 11.62%, whereas
swarm distillation slightly decreases it (−0.38%),
showing a +12.00% agreement margin over swarm.
As a beneficial byproduct, F2C also improves F1 on
9 out of 11 datasets with an average gain of +8.94%
(vs. CCE: +8.36%, swarm: +1.40%) and reduces
across-format σF1 by 3.29% on average (vs. CCE:
3.05%, swarm: 0.47%). For OOD generalization
(Section 5.2), F2C successfully generalizes to the
OOD data, yielding higher F1 on 74/80 train→test
pairs, increases Po on 64/80, and lowers σF1 on
66/80 compared to the base model. Finally, under
limited format diversity (Section 5.3), we demon-
strate that increasing the number of training formats
in F2C consistently lifts F1 and Po while shrinking
σF1 , demonstrating robustness to unseen formats,
despite only being trained on 5 or 10 prompt varia-
tions.

2 Related Work

2.1 Evaluating Consistency in LLMs

Despite strong zero-shot performance across
many tasks (Brown et al., 2020), LLMs can be
inconsistent-even contradictory-when responding
to prompts that are semantically equivalent but
phrased differently. Therefore, recent works ad-
vocate reporting performance as a range across
prompt variants, rather than a single score that may
reflect only a best-case (Mizrahi et al., 2024; Polo
et al., 2024; Alzahrani et al., 2024; Wang et al.,
2024). Empirical studies show large accuracy vari-
ations from simple format changes such as para-
phrasing, casing, separators, spacing, and option
ordering (Sclar et al., 2024; Cao et al., 2024; Qiang
et al., 2024; Sun et al., 2024; Lu et al., 2022; Cum-
mins, 2025; Alzahrani et al., 2024; Wang et al.,
2024). Beyond raw accuracy spread, several frame-
works and metrics target consistency more directly.
Nalbandyan et al. (2025) propose various non-
adversarial perturbations, such as paraphrasing, op-
tion reordering, and temperature sampling with
multiple independent samples, to yield more realis-
tic estimates. In contrast, Chatterjee et al. (2024)
argue that accuracy variance across templates over-
looks response distribution and therefore cannot
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distinguish a model that is consistently wrong from
one that produces different wrong answers depend-
ing on the template. The authors then introduce a
sensitivity index, POSIX, capturing response over-
lap, entropy, semantic coherence, and confidence
variation. For each meaning-preserving input for-
mat and its model-generated answer, it averages
the difference of the probabilities of generating the
same response across all prompt variants.

2.2 Improving Consistency in LLMs
Work on improving consistency spans several di-
rections. A line of work addresses inconsistency
via prompt engineering without changing model
weights. Fu et al. (2024) train a small seq2seq
“paraphrase generator” to rewrite queries into ex-
pressions the target LLM prefers. Their method
improves accuracy across QA, commonsense, and
math tasks. Ngweta et al. (2025) propose Mixture
of Formats (MOF), in which each few-shot exam-
ple in the prompt uses a distinct format. Raj et al.
(2025) introduce Ask-to-Choose (A2C), which sam-
ples multiple candidate answers and then prompts
an LLM to select the best answer from those candi-
dates. These approaches are effective at the prompt
level but do not resolve the model’s internal incon-
sistency while incurring inference-time overhead
to obtain a strong prompt.

Supervised training has also been used to im-
prove consistency. Yan et al. (2024) take a
contrastive-learning approach and make hidden
states for paraphrased instructions with the same
input-output pair closer and push apart hard neg-
atives (same instruction, different input-output).
They use paraphrasing to create perturbations for
the training data; however, more diverse pertur-
bations, e.g., typos, word substitutions, append-
ing random sequences at the end of instructions,
and multilingual paraphrases, are used for eval-
uation data. Their method improves robustness
to unseen perturbed instructions, with an average
accuracy gain of 2.5% over continual instruction
tuning. Zhao et al. (2024) introduce a two-stage
alignment framework with two metrics, Consis-
tency Rate (pairwise agreement across paraphrases
with an LLM-as-judge) and Maximum Consistency
Rate (the fraction of responses in the largest mu-
tually consistent group). Stage 1 performs SFT
on paraphrased instructions that share the same
input–output, and Stage 2 generates multiple re-
sponses per input, scores them on format validity
and correctness (using the gold label), forms pref-

erence pairs, and optimizes a DPO-style (Rafailov
et al., 2023) ranking loss. A Vicuna-13B (Chiang
et al., 2023) model trained with this pipeline sur-
passes GPT-4 on CR. Similarly, Qiang et al. (2024)
propose Prompt Perturbation Consistency Learn-
ing (PPCL): during fine-tuning, they feed both a
clean utterance and its perturbed version (oronyms,
synonyms, or paraphrases) and optimize the cross-
entropy on each. They also add a Jensen-Shannon
(JS) divergence term between their token-level out-
put distributions, which recovers much of the per-
formance lost under prompt noise. Sun et al. (2024)
add small trainable soft-prompt embeddings and
optimize them to make representations of seman-
tically equivalent instructions more similar, which
consistently improves zero-shot robustness to new
phrasing. Finally, Fu and Barez (2025) propose
Latent Adversarial Paraphrasing (LAP): a bi-level
scheme where an inner loop learns a constrained
latent perturbation that acts as a continuous para-
phrase while preserving semantics, and an outer
loop fine-tunes the model on these perturbed inputs,
improving worst-case win-rate by about 0.5–4%
without adding inference-time latency.

Model editing (Meng et al., 2022) and activa-
tion steering (Turner et al., 2024) have also been
adapted to this problem. Yang et al. (2024) use a
locate-then-edit pipeline. They build paraphrase
pairs, label each pair by whether the model’s pre-
dictions agree (consistency), concatenate hidden
states from both prompts, and train linear classifiers
on last-token activations from each attention/MLP
layer to predict the consistency label. They select
the top-K components with the highest classifier
accuracy as key components for semantic consis-
tency. For each component, they compute the dif-
ference between the mean hidden output of the con-
sistent pairs and the mean over all pairs, and add
this as a bias to that component’s hidden state. This
increases accuracy and reduces the across-variant
standard deviation on NLU tasks, and increases
mean pairwise cosine similarity across variants for
NLG tasks. Yang et al. (2025) use the same idea to
identify the most influential transformer layer for
consistency, then train a Top-K Sparse Autoencoder
(SAE, Gao et al., 2025) to decompose its represen-
tation into a higher dimension. Using contrastive
prompt pairs (correct vs. incorrect outputs), they
select key SAE features with average activation
differences exceeding a threshold and, at inference,
add the learned feature offsets when the correspond-
ing features activate, steering the model toward
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consistency. Yang et al. (2024) reported that, al-
though these inference-time intervention methods
are transparent, they generally fall behind SFT in
performance.

Outside prompt-consistency settings, Shen et al.
(2024) improve robustness to textual adversarial
attacks with a model-level dynamic-attention mech-
anism tailored to transformer architectures. Their
method modifies attention through attention rectifi-
cation and dynamic modeling, showing that model-
level interventions can improve robustness even
without relying solely on prompt search or stan-
dard supervised fine-tuning.

Zhou et al. (2022) propose an unsupervised
swarm distillation loss. For each instance, they
sample a pair of prompt formats with the same se-
mantical meaning and apply pairwise distillation
(Hinton et al., 2015) so that one prompt’s output
distribution teaches the other (each prompt format
can be both teacher and student). Using Fleiss’
kappa (Fleiss, 1971) to measure agreement across
prompt variations, they report a relative 14.6% in-
crease over the T0-3B baseline on 8 out of 11 NLP
datasets.

Huang et al. (2023) leverage Self-Consistency
decoding (Wang et al., 2023), and sample multi-
ple chain-of-thought solutions for each unlabeled
question and take the majority answer as the “high-
confidence.” They then retain all reasoning paths
that yield the majority answer, convert each path
into four mixed input-output formats, and then per-
form supervised fine-tuning on the resulting set and
gain up to 7.7% on GSM8K (Cobbe et al., 2021).

3 Method

To improve prompt perturbation robustness, we
drew inspiration from two prior works. First,
majority voting across prompt variations (Salinas
and Morstatter, 2024) builds on Self-Consistency
(Wang et al., 2023) and achieves the highest overall
accuracy across 11 classification tasks. Second,
swarm distillation (Zhou et al., 2022) encourages
consistency across prompt variations by minimiz-
ing KL divergence between all pairs. This is im-
plemented via sequence-level distillation (Kim and
Rush, 2016), where each prompt simultaneously
acts as both teacher and student.

Building on these two ideas, we focus on an
unsupervised setting where no gold labels are avail-
able during training and pseudo-labels must instead
be inferred from the model’s own responses across

variations. Because the most frequent label pro-
duced across perturbations tends to represent the
model’s most confident and often correct predic-
tion (Chen et al., 2024, 2025), it is natural to treat
the majority answer as a training signal. However,
plain cross-entropy alone does not guarantee con-
sistency across semantically equivalent formats. It
only increases the probability of the pseudo-labeled
answer within each format without aligning distri-
butions between formats.

Swarm distillation addresses this issue by enforc-
ing agreement, pulling all variations’ distributions
toward their average (uniform mixture; see Theo-
rem A.1) regardless of each variation’s prediction.
Yet, Cao et al. (2024) show that this averaging
can harm overall performance, likely because the
model overfits to noisy or lower quality mixtures.

To address both limitations, we introduce “Flip-
Flop Consistency” by combining two complemen-
tary components: (1) supervising with majority-
vote pseudo-labels using Consensus Cross-Entropy
(CCE; Section 3.2) and (2) aligning distributions
to a stronger target, defined as the average distribu-
tion computed only from variations that confidently
select the majority label (Section 3.3).

3.1 Problem Formulation
Let T be a classification task with L labels Y =
{ ℓ1, . . . , ℓL }. The dataset consists of N instances
{(xi, yi)}Ni=1, where yi ∈ Y denotes the gold label.
In our unsupervised setting, the gold labels are not
used for training. We assume a set of V prompt
templates that preserve semantic meaning, R =
{ r1, . . . , rV }. Each template rv renders inputs
and label options:

x
(v)
i = rv(xi), (1)

y(v)c = rv(ℓc) for c = 1, . . . , L. (2)

Per-variation scoring. Using the model’s length-
normalized token-level log-likelihood for choos-
ing label ℓc under template v, denoted LLi[v, c]
(see Appendix A.3 for the exact computation),
we define the per-variation label distribution as
πi,v,c = softmax(LLi[v, c]) and the per-variation
prediction

ŷi,v = arg max
c∈{1,...,L}

πi,v,c. (3)

3.2 Consensus Cross-Entropy
We construct a pseudo-label via majority vote
across variations and then fit the model to that label.
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Consensus label. Define vote counts

ni,c =

V∑

v=1

1[ŷi,v = c] , (4)

and set the “consensus” (strict majority) label

c⋆i = argmax
c

ni,c with ni,c⋆i
> V

2 ; (5)

otherwise, no consensus is formed for instance i.

Loss. When a consensus exists for example i with
label c⋆i , let ℓi,v denote the negative log-likelihood
of the consensus answer y

(v)
c⋆i

under variation v

given x
(v)
i (scoring only the answer tokens). The

instance-level CCE is

LCCE(i) = 1
[
ni,c⋆i

> V
2

]
λCCE

1

V

V∑

v=1

ℓi,v,

(6)
and the training objective averages over examples:

LCCE =
1

N

N∑

i=1

LCCE(i). (7)

Only examples with a strict majority contribute
to the loss; if no consensus exists, LCCE(i) = 0.
The coefficient λCCE controls this term’s strength.

3.3 Flip-Flop Consistency
We combine CCE with a representation alignment
objective. Among the variations that vote for the
consensus label c⋆i , we identify confident prompts
(the consensus-confident, or CC, set) and align
the remaining prompts (the non-confident or non-
consensus, NC, set) toward the CC set, while also
encouraging agreement within the CC set. If no
strict consensus exists, the example is skipped (no
loss). We describe the details on forming the CC
and NC sets in algorithm 1.

Given the strict majority consensus c⋆i and its
consensus set G = {v : ŷi,v = c⋆i }, the algorithm
checks if a majority exists (line 1-2), computes per-
variation confidence margins mv by calculating the
difference of log-likelihood between the consensus
label and the most probable non-consensus label.
Then, it takes the median mmed as a representative
for the consensus set (lines 3-5). When |G|=V and
mmed ≥ τunanimous, all variations predict the same
label confidently, so the algorithm returns Ti=|G|
(CC set) and Si=∅ (NC set) (line 7). If variations
are not confident in producing the majority label or

they produce different labels, the algorithm forms
a CC/NC split to pull the NC set’s representations
toward the mean distribution of the CC set. This is
done by picking the top-k majority voter variations
as the CC set and assigning the rest to the NC set
(lines 10, 13-14). Lastly, wflip weight is calculated
to control the intensity of alignment between the
CC and NC sets by applying a sigmoid function to
the difference of average log-likelihoods for pro-
ducing the consensus label between the CC and NC
sets (∆). Finally, this weight is capped between
fmin and fmax hyperparameters (lines 15-18). De-
generate branches (fewer than two variations in the
CC set) return empty sets and zero weight.

All loss components operate only on the consen-
sus answer tokens. For each variation v, let logq⋆

i,v

denote the model’s token-level log-softmax over
the full vocabulary when outputting the consensus
answer y

(v)
c⋆i

under x
(v)
i , aggregated over answer

positions. We use q⋆
i,v = exp(logq⋆

i,v) inside di-
vergence losses. For the CC set Ti, define the CC
mixture q̄T⋆

i as the (probability-space) average of
{q⋆

i,t}t∈Ti .
Let Ti (CC set) and Si (NC set) be the sets re-

turned by Algorithm 1. There are three possible
cases for each instance i:

Case 1: No strict majority (|G| ≤ V/2, line 2).
No pseudo-label is trusted; we skip the example
and apply no loss.

Case 2: Unanimous & confident (|G|=V and
mmed ≥ τunanimous, line 7). Here Ti = G, Si =
∅, and wflip = 0. All variations are confident in
outputting the majority answer, and in order to
make them even more consistent, we apply a JSD
loss with βjsd hyperparameter to make them even
closer to their average point.

Ljsd(i) = βjsd JSD
(
{q⋆

i,t}t∈Ti

)
. (8)

Case 3: Consensus with split (|Ti| ≥ 2, lines
5-19). In this case, we want to only pick the top K
most confident majority voters as the CC set and
align the NC set toward their average distribution:

Lflip(i) = wflip
1

|Si|
∑

s∈Si

KL
(
q⋆
i,s ∥ q̄T⋆

i

)
, (9)

and also encourage agreement within the CC set
using the same Ljsd(i) as in Case 2 (Equation (8)).
We control the strength wflip of Lflip(i) using the
hyperparameters fmin, fmax and temperature t.
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Algorithm 1: F2C for instance i

Data: LLi ∈ RV ×L,
Consensus label c⋆i ,
Consensus set G = { v : ŷi,v = c⋆i }
Input: Unanimous margin τunanimous,
CC set size cap kmax≥2,
weight bounds fmin≤fmax,
temperature t>0
Result: CC set Ti,
NC set Si,
flip weight wflip

1 if |G| ≤ V/2 then
2 return (∅, ∅, 0) ; // no strict majority

3 foreach v ∈ G do
4 mv ← LLi[v, c

⋆
i ]−maxc ̸=c⋆i

LLi[v, c];

5 mmed ← median{mv : v ∈ G};
6 if |G| = V and mmed ≥ τunanimous then
7 return (G, ∅, 0) ; // unanimous & confident

8 if |G| < 2 then
9 return (∅, ∅, 0)

10 k ← min
(
kmax, V − 1

)
; // leave at least one

variation in NC set
11 if k < 2 then
12 return (∅, ∅, 0) ; // need ≥ 2 variations

in CC

13 Ti ← top-k members of G by mv (descending);
14 Si ← {1, . . . , V } \ Ti;
15 ℓ̄T ← 1

|Ti|
∑

t∈Ti
LLi[t, c

⋆
i ];

16 ℓ̄S ← 1
|Si|

∑
s∈Si

LLi[s, c
⋆
i ];

17 ∆← ℓ̄T − ℓ̄S ; // gap on consensus label
18 wflip ← fmin + (fmax − fmin) · σ(∆/t);
19 return (Ti, Si, wflip)

Total loss and hyperparameters. To summarize,
the total loss per example is:

LFF(i) =



0, Case 1,
LCCE(i) + Ljsd(i), Case 2,
LCCE(i) + Ljsd(i) + Lflip(i), Case 3.

(10)
With hyperparameters λCCE (CCE weight),

τunanimous (confidence threshold), kmax (max CC
size), fmin, fmax and t (flip loss caps, temperature),
βjsd (agreement weight within the CC set).

3.4 Metrics
Following Zhao et al. (2024) we use the raw ob-
served agreement (Po) to measure consistency
across prompt variations. We omit Fleiss’ κ used
in (Zhou et al., 2022) due to the prevalence/bias
paradox noted by Hoehler (2000). Using the vote
counts ni,c from Eq. 4, the per-item agreement is
calculated as in Eq. 11, and Po is the average of Pi

over items. Intuitively, Pi represents the probabil-
ity that two uniformly sampled prompt variations

for the same input predict the same label.

Pi =
1

V (V − 1)

L∑

c=1

ni,c

(
ni,c − 1

)
, (11)

High agreement alone may result from a collapsed
model that predicts a single label for all prompts.
To ensure consistency does not come at the ex-
pense of task performance, we also report F1. Prior
work has further used performance spread- best- vs.
worst-case performance- (Sclar et al., 2024), but
this metric is highly sensitive to outliers. Instead,
we report the standard deviation σF1 across prompt
variations to capture performance stability.

4 Experimental Setup

4.1 Datasets
Following Zhou et al. (2022), we evaluate our
proposed method on eleven classification datasets
spanning four tasks, and use templates from the
Public Pool of Prompts (P3; Bach et al., 2022) to
create prompt variations. The NLP tasks include
natural language inference ((ANLI R1/R2/R3, Nie
et al., 2020), (CB, de Marneffe et al., 2019), (RTE,
Wang et al., 2019)), sentence completion (COPA
(Roemmele et al., 2011), HellaSwag (Zellers et al.,
2019), StoryCloze 2016 (Mostafazadeh et al.,
2016)), coreference-style commonsense (WSC
(Wang et al., 2019), WinoGrande-XL (Sakaguchi
et al., 2019)), and word sense disambiguation (WiC
(Pilehvar and Camacho-Collados, 2019)). Most
official test splits of these datasets are unlabeled.
Therefore, we evaluate on the official validation
split. We create a stratified hold-out set from the of-
ficial training split for validation. Details and statis-
tics of all datasets are reported in the Appendix A.2.

4.2 Implementation Details
We compare our approach against two base-
lines, the unmodified base model and the
base model fine-tuned with swarm distilla-
tion. For all experiments, we fine-tune
Qwen2.5-3B-Instruct (Qwen et al., 2025) using
LoRA (Hu et al., 2022). The first experiment is also
run on Llama-3.2-3B-Instruct (Grattafiori et al.,
2024), where we compare the base model with its
F2C fine-tuned variant. Configuration details are
provided in Appendix A.3.

5 Results

We conduct three experiments to analyze whether
our method: (1) improves robustness to prompt per-
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ANLI R1 ANLI R2 ANLI R3 CB RTE COPA HellaSwag StoryCloze WSC WinoGrande WiC

Base
F1 39.23 32.31 31.02 31.70 77.90 81.73 35.43 85.35 42.39 54.43 11.45
σF1 13.97 9.76 9.35 19.46 4.12 10.65 2.20 7.78 11.84 3.69 17.53
Po 52.29 52.80 52.84 46.73 85.08 81.54 50.89 85.24 74.29 68.87 85.00

Swarm
F1 38.77 32.06 30.95 34.32 78.34 81.35 34.92 84.69 46.06 62.30 14.57
σF1 14.27 9.92 9.36 21.01 2.31 10.95 2.26 7.64 14.40 2.66 10.44
Po 50.91 50.63 50.49 40.78 86.94 80.93 50.97 85.23 68.58 75.22 90.73

CCE
F1 58.68 39.42 34.08 32.14 81.26 90.44 67.64 96.22 41.43 63.88 9.72
σF1 2.40 5.97 7.07 19.27 1.54 5.52 2.80 0.38 12.16 2.99 16.73
Po 78.96 70.58 72.35 50.39 91.71 90.32 72.42 97.05 75.91 77.16 87.16

F2C
F1 58.43 39.58 35.77 31.81 81.55 90.84 70.28 96.32 41.68 64.98 9.99
σF1 2.61 6.17 6.24 19.19 0.82 5.39 2.12 0.46 12.12 2.43 16.66
Po 78.85 67.64 68.68 50.26 93.40 90.71 76.97 97.32 75.23 77.30 87.01

Table 1: Comparison across datasets for Qwen2.5-3B-Instruct: the base model and variants trained with Swarm
(swarm distillation), CCE, and F2C. Bold blue values mark the best metric per dataset column, orange values denote
the worst.

turbations without reducing task performance, (2)
maintains semantic consistency in out-of-domain
settings, and (3) is not bound to the prompt formats
used in training and generalizes to unseen formats.

Before evaluating our method, we assess the in-
herent consistency of the Qwen2.5-3B-Instruct
base model (see Appendix Figure 3). The mean in-
terquartile range (Q3−Q1) of F1 across prompt
variations, averaged over datasets, is 13.53%.
Nearly half of the datasets (5/11) exceed a 15%
spread, indicating substantial inconsistency within
the base model.

F2C is motivated by prior evidence that ma-
jority pseudo-labels across prompt variations are
more likely to be correct. Therefore, we evalu-
ate the strict-majority labels produced by the base
Qwen2.5-3B-Instruct model in our setting (see
Appendix A.3). A strict-majority label exists for
93.9% of validation examples across their prompt
formats, and the F1 of those majority labels is 59.5
when per-dataset scores are averaged by the num-
ber of instances with strict-majority label. The
signal is strongest on RTE, COPA, and StoryCloze,
moderate on ANLI, HellaSwag, and WinoGrande,
and weakest on CB, WSC, and especially WiC.
These results help interpret the dataset-level gains
and failure cases in the first experiment.

5.1 Flip-Flop Consistency Against Baselines

To examine whether aligning representations
across prompt formats further improves consis-
tency when combined with the CCE loss, we
train Qwen2.5-3B-Instruct using two loss func-
tions, CCE, and F2C, and compare them against

the baselines introduced in Section 4.2. Since
training-induced gains can depend on the model
family (Shao et al., 2026), we also compare
the base Llama-3.2-3B-Instruct with its F2C
fine-tuned variant. Implementation details are
provided in Appendix A.3. For each method
and dataset, Table 1 and Table 2 report F1,
σF1 , and Po for Qwen2.5-3B-Instruct and
Llama-3.2-3B-Instruct, respectively.

On Qwen2.5-3B-Instruct, F2C achieves the
largest average improvements over the base model.
It improves agreement by 11.62%, increases the
mean F1 by 8.94%, and reduces F1 variance by
3.29%. In comparison, CCE raises the average
agreement by 11.68%, with slightly smaller gains
in mean F1 and σF1 reduction (8.36% and 3.05%,
respectively). Both F2C and CCE achieve higher
F1 and Po and lower σF1 than the baselines on
most datasets, including ANLI R1/R2/R3, RTE,
COPA, HellaSwag, StoryCloze, and WinoGrande.
In contrast, swarm distillation is the weakest base-
line that reduces agreement on average by 0.38%
and produces only a small mean F1 gain of 1.40%.
These results indicate that F2C not only enhances
consistency but also improves task performance.

The same qualitative pattern holds on
Llama-3.2-3B-Instruct. Relative to the base
model, F2C improves F1 on 9/11 datasets, lowers
σF1 on 10/11, and increases Po on 10/11, with
average changes of +7.98%, -2.98%, and +14.21%,
respectively. Only RTE and WiC do not see mean
F1 gains, while the remaining datasets follow
the same overall trend as Qwen2.5-3B-Instruct.
This indicates that the gains are not specific to the
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ANLI R1 ANLI R2 ANLI R3 CB RTE COPA HellaSwag StoryCloze WSC WinoGrande WiC

Base
F1 32.28 29.43 28.95 25.00 69.41 68.21 24.16 65.02 44.74 52.23 35.36
σF1 8.56 6.69 7.32 12.00 3.48 5.77 7.40 7.64 8.76 3.60 22.98
Po 48.08 46.78 45.09 40.03 77.46 77.64 52.28 80.72 52.26 80.90 59.48

F2C
F1 36.36 31.48 31.36 25.22 68.80 84.35 39.64 94.20 54.58 66.75 29.80
σF1 3.87 4.83 4.66 9.63 3.80 5.59 3.40 0.56 1.96 0.15 22.97
Po 73.51 54.40 65.71 54.42 75.82 85.11 59.17 96.12 88.80 98.91 65.07

Table 2: Comparison across datasets for Llama-3.2-3B-Instruct: the base model and the variant trained with
F2C. Bold blue values mark the best metric per dataset column, orange values denote the worst.

Qwen family.
On Qwen2.5-3B-Instruct, the consensus is un-

reliable in cases where the base model has weak
performance and high σF1 (CB, WSC, and WiC).
This is consistent with the pseudo-label analysis
above: these are also the datasets where strict-
majority labels are least reliable. Therefore, push-
ing toward consensus does not improve perfor-
mance; nevertheless, F2C and CCE still raise Po in
these datasets.

Overall, F2C increases agreement, improves task
performance, and reduces across-format variance,
while swarm distillation can even harm agreement.

5.2 Generalization in Out-of-Domain Settings
We assess out-of-domain (OOD) generalization by
evaluating a model trained on source dataset with
F2C on all other target datasets. CB, WSC, and
WiC are excluded as sources due to weak perfor-
mance in Section 5.1 but are retained as targets. For
each source→target pair, we compute the change
in mean F1, σF1 , and agreement Po on the target
dataset relative to the base model (see Table 3). Ap-
pendix Figs. 6, 5, and 7 visualize the corresponding
∆F1, ∆Po, and ∆σF1 heatmaps.

Overall, F2C generalizes well across domains.
Averaged over all 80 dataset pairs, observed agree-
ment increases by 7.49%, mean F1 by 7.61%, and
σF1 decreases by 2.94%. Moreover, positive trans-
fers substantially outnumber negatives across all
three metrics (P/N columns).

Training on story/commonsense datasets such as
COPA, and StoryCloze yields the strongest average
improvements in F1, while WinoGrande produces
the largest average gains in Po and the greatest re-
duction in σF1 . RTE and ANLI R1 also generalize
reliably across many targets. Harder targets such as
WSC and WiC show smaller or mixed changes in
agreement, though variance typically still declines
(see Appendix heatmaps 6, 5, and 7 for per-pair
patterns).

F1 Po σF1

Train Dataset ∆ P/N ∆ P/N ∆ P/N

All (80 pairs) 7.613 74/6 7.491 64/16 2.941 66/14

ANLI R1 9.428 10/0 8.727 7/3 3.653 8/2
ANLI R2 5.543 10/0 6.886 8/2 2.171 8/2
ANLI R3 4.210 7/3 6.801 9/1 2.225 9/1
RTE 8.077 10/0 5.938 8/2 3.255 9/1
COPA 11.836 10/0 7.350 8/2 3.077 8/2
HellaSwag 2.810 7/3 8.074 8/2 2.410 7/3
StoryCloze 11.176 10/0 7.267 7/3 2.896 8/2
WinoGrande 7.823 10/0 8.882 9/1 3.839 9/1

Table 3: Cross-dataset transfer performance under F2C.
Each row shows the mean signed ∆ relative to the
base model when the row dataset is used for training.
Columns report changes in F1, Po, and σF1 , along with
P/N (number of datasets with positive or negative im-
provement out of 10). The top “All (80 pairs)” row
aggregates over all source→target pairs. Bold numbers
indicate the best dataset for each metric.

5.3 Generalization to Unseen Variations

We test whether F2C trained on a subset of prompt
formats generalizes to unseen formats. We use
ANLI R1/R2/R3 (15 formats each) and RTE (10
formats) due to their larger instance size and num-
ber of available variations. For RTE, we train with
the first 5 formats and evaluate on the remaining
5. For each ANLI dataset, we hold out the last
5 formats for evaluation and train with the first 5,
then with 10 (see Figure 2).

Across four datasets, using more training for-
mats improves both performance and agreement
on the held-out formats, and reduces across-format
variance. ANLI R1 shows the largest steady gains
as the number of training variations increases.
ANLI R2 improves moderately but monotonically.
ANLI R3 shows a small decrease with 10 variations
but improves with 15 variations. RTE is strong
even at 5 formats and still rises with more. Error
bands (σF1 over held-out formats) shrink as we add
formats, indicating higher semantic consistency.
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5.4 Representation Alignment Analysis

To better understand how F2C changes the model
internally, we analyze the final-layer hidden state
at the answer boundary, immediately before any
answer token is generated. For each dataset in-
stance, we extract this vector for every prompt
variation, compute all pairwise cosine similarities
among the prompt variations, and average them
into one score for that instance. F2C increases this
within-instance similarity on 10/11 datasets, with
an average gain of 0.040 (see Appendix Figure 4).
The only decrease is on CB (−0.021), consistent
with its weaker performance in Section 5.1. This
shows that F2C generally maps semantically equiv-
alent prompt variants to more similar internal states,
rather than only increasing output-level agreement.

Higher similarity across prompt variants alone
could be caused by representation collapse. We
therefore also examine whether class-level distinc-
tions are preserved after fine-tuning with F2C. For
each instance, we average its prompt variation rep-
resentations into one instance vector. We then
group instances by their dataset-provided gold la-
bels and compute the centroid of the instance vec-
tors for each class. The within-class distance is
the average cosine distance from each instance vec-
tor to its own class centroid; lower values mean
that examples with the same gold label are closer
together. The between-class distance is the aver-
age cosine distance between class centroids; higher
values mean that different classes are more sep-
arated. This analysis is more interpretable for
RTE and ANLI R1/R2/R3, where labels denote
the same sentence-pair relations across examples,
unlike multiple-choice tasks where label IDs often
only identify answer positions. On RTE and ANLI
R1/R2/R3, F2C reduces within-class distance while
maintaining or increasing between-class distance.
For example, on RTE, between-class distance in-
creases from 0.028 to 0.032, while within-class
distance decreases from 0.022 to 0.018. Thus, on
these NLI tasks, F2C reduces prompt-induced vari-
ation without collapsing the class distinctions. Full
results are provided in Appendix A.4.

6 Conclusion

LLMs often change their predictions when seman-
tically equivalent prompts are phrased differently,
undermining consistency and reliability. To address
the problem of semantic consistency, we introduced
F2C, an unsupervised training method that uses ma-

Figure 2: Top: F1 with shaded σF1 on the held-out
prompt formats. Bottom: observed agreement Po on the
same held-out sets. The x-axis is the number of training
formats (K); “Base Model” is the untrained baseline.

jority voting across prompt variations to form hard
pseudo-labels, then selectively aligns distributions
toward confident majority voters while encourag-
ing agreement among them. Our method relies on
signals the model already treats as reliable, reinforc-
ing them to ensure consistency while minimizing
the influence of noisy or uncertain variations.

To validate our method, we conducted com-
prehensive experiments across multiple datasets
and generalization scenarios. Across 11 datasets,
F2C consistently improves agreement, increases
mean F1, and reduces variance across prompt for-
mats, outperforming both swarm distillation and
the CCE-only variant. These gains persist in two
generalization settings: cross-dataset transfer and
generalization to unseen prompt formats, in which
training on only a subset of formats still improves
performance and agreement on held-out ones.

Our results suggest that much of the inconsis-
tency from prompt phrasing can be mitigated by
leveraging the model’s own internal consensus,
without gold labels. Future work includes ex-
tending F2C to open-ended generation, exploring
adaptive selection of high-confidence variations
beyond top-K, and combining our approach with
lightweight supervision when labels are available.
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Limitations

While our results indicate consistent gains,
several limitations should be acknowl-
edged. First, although the first experiment
is reported on two 3B instruction-tuned
model families (Qwen2.5-3B-Instruct and
Llama-3.2-3B-Instruct), the out-of-domain
and unseen-variation generalization analyses
are run only on Qwen2.5-3B-Instruct. Con-
sequently, the scalability of F2C to larger or
smaller models, different pretraining corpora, or
non-instruction-tuned bases is not established.
Second, our evaluation is specifically focused on
classification tasks with discrete labels. We do
not study open-ended generation (e.g., long-form
QA or chain-of-thought), for which our proposed
method and evaluation metrics may require
adaptation. Third, the perturbations we consider
are non-adversarial template variants drawn from
PromptSource. We do not test robustness to
stronger or adversarial edits (character-, word-, or
sentence-level changes), jailbreak-style attacks,
multilingual rewrites, or heavy formatting noise.
Beyond coverage, F2C assumes multiple semanti-
cally equivalent templates per instance and uses
them during training. In settings with scarce or
low-quality templates, effectiveness and efficiency
may degrade. Methodologically, we rely on the
majority pseudo-labels and skip instances without
a majority. On small or class-imbalanced datasets,
the majority may be wrong, and the skip rule can
bias learning toward “easier” examples, despite
our confidence-aware variation selection for CC
set. For model selection, we use validation F1

even though our objectives also target agreement
(Po) and dispersion (σF1). Alternative criteria (e.g.,
multi-objective or worst-case) could yield different
trade-offs, and we do not evaluate calibration
or abstention. In terms of generalization, our
target datasets are across related English NLP
classification datasets, not across modalities,
code, tool-use tasks, or languages. Finally, F2C
introduces several hyperparameters (e.g., CC set
size cap, confidence thresholds, temperature) that
we do not exhaustively tune.

Ethical Considerations

We use only publicly available datasets and open-
weight models, with no new human data collection.
All datasets used in this work are established bench-
marks obtained via the Hugging Face datasets li-

brary (Lhoest et al., 2021) or their official reposito-
ries, each under its original license. These corpora
are designed for evaluating language understand-
ing and reasoning and contain de-identified, non-
sensitive text drawn from newswire, Wikipedia, in-
structional materials, or crowdsourced fictional nar-
ratives. While some datasets may include named
entities (e.g., public figures in news excerpts), to
the best of our knowledge none contain contact
details or other sensitive personal identifiers.
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A Appendix

A.1 Why swarm distillation moves all
students towards their average?

Theorem A.1 (Mixture-teacher decomposition).
Let Y be finite. For a fixed input with K seman-
tically equivalent formats, let q1, . . . , qK ∈ ∆|Y |

be teacher distributions (treated as constants) and
let pj(θ) ∈ ∆|Y | be the student for format j. For
weights w(j)

i ≥ 0 with
∑K

i=1w
(j)
i = 1, define

q̄(j) :=

K∑

i=1

w
(j)
i qi.

Then, for each j,

K∑

i=1

w
(j)
i KL

(
qi ∥ pj(θ)

)
= KL

(
q̄(j) ∥ pj(θ)

)

+
K∑

i=1

w
(j)
i KL

(
qi ∥ q̄(j)

)
.

(12)
and the last sum is constant in θ. Hence ∇θ

of the left side equals ∇θ KL(q̄(j)∥pj(θ)). In the
uniform case w

(j)
i = 1

K , every pj is pulled toward
the same average q̄ = 1

K

∑
i qi.

Proof. Use log qi
pj

= log qi
q̄(j)

+log q̄(j)

pj
, sum over i

with weights w(j)
i , and note that

∑
iw

(j)
i qi = q̄(j).

The term
∑

iw
(j)
i KL(qi∥q̄(j)) contains no θ.

A.2 Datasets

We derive our validation split from the original
training data (the original train is partitioned into
our train and validation). Unless the original split
is smaller, we hold out up to 1,000 examples for
validation (600 for HellaSwag). For low-resource
datasets, we set the derived validation size to match

Figure 3: Per-dataset distribution of F1 across prompt
variations for the Qwen2.5-3B-Instruct.

the size of the official validation split. When the
remaining training pool is large, we cap it at 10,000
examples via uniform random sampling with a
fixed seed (see Table 4). Before stratification, we
deduplicate base examples whose rendered prompt
text would otherwise repeat across splits.

All datasets used in this work are publicly avail-
able under research-oriented licenses. Specifically,
RTE, CB, WSC, COPA, WiC, WinoGrande, Hel-
laSwag, and ANLI are accessible via the Hugging
Face datasets library (Lhoest et al., 2021) and
retain their original license terms (some permit
commercial use, while others restrict use to non-
commercial research). StoryCloze 2016 is avail-
able from the official ROCStories website for re-
search use only. We do not redistribute any dataset;
instead, users may obtain them directly from their
original sources or through Hugging Face. Each
dataset preserves its original licensing and citation
requirements, and all usage in this work complies
with those terms.

Dataset Train Val Test #Formats #Labels

ANLI R1 10,000 1,000 1,000 15 3
ANLI R2 10,000 1,000 1,000 15 3
ANLI R3 10,000 1,000 1,200 15 3
CB 194 56 56 15 3
RTE 1,488 1,000 277 10 2
COPA 300 100 100 8 2
HellaSwag 10,000 600 600 4 4
StoryCloze 871 1,000 1,871† 5 2
WSC 430 95 95 10 2
WinoGrande 10,000 1,000 1,267 5 2
WiC 4,428 1,000 638 10 2

Table 4: “Test” denotes the official validation set used
for evaluation because most tasks do not release test
labels. #Formats is the number of PromptSource (Bach
et al., 2022) templates used to construct each dataset’s
prompt variations. †StoryCloze has no public train split;
we use the 2016 validation file for train/val and the 2016
test file for evaluation.
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Dataset Val Strict-majority (%) Pseudo-label F1

ANLI R1 1,000 93.0 66.89
ANLI R2 1,000 92.6 69.33
ANLI R3 1,000 91.6 59.34
CB 56 78.6 35.82
RTE 1,000 97.0 83.10
COPA 100 97.0 92.78
HellaSwag 600 67.7 37.83
StoryCloze 1,000 100.0 89.18
WSC 95 91.6 38.71
WinoGrande 1,000 100.0 57.60
WiC 1,000 99.6 1.20

Aggregate 7,851 93.9 59.50

Table 5: Majority pseudo-label quality for
Qwen2.5-3B-Instruct on validation splits. Ag-
gregate F1 is averaged across datasets by the number of
strict-majority examples.

A.3 Implementation Details

Per-variation scoring. Let y
(v)
c tokenize into

Ti,v,c answer tokens. We define the average token
log-probability of choosing label ℓc under template
v:

LLi[v, c] =
1

Ti,v,c

Ti,v,c∑

t=1

log pθ
(
yt | x(v)i , y<t

)
,

(13)
where yt is the t-th answer token of y(v)c . These
scores induce a per-variation distribution over la-
bels:

πi,v,c =
exp(LLi[v, c])∑L

c′=1 exp(LLi[v, c′])
. (14)

The predicted label for variation v is

ŷi,v = arg max
c∈{1,...,L}

πi,v,c. (15)

LoRA Configuration. We use LoRA (Hu et al.,
2022) to reduce the number of trainable parameters
and the compute required per step. We apply LoRA
adapters in every transformer block to the attention
and MLP projections, keeping backbone weights
frozen. In our setup, we use rank r=16, scaling
α=32, and dropout 0.05.

Model Selection. We select checkpoints by the
highest F1 on the validation set. The F1 decreases
under overfitting to particular prompts and when
the majority label diverges from the gold label, and
provides a robust target while Po and σF1 quantify
consistency.

Dataset Model λCCE τunanimous kmax fmin fmax t βjsd

ANLI R1 Both 1.0 1.5 4 0.001 0.015 2.0 0.05
ANLI R2 Both 1.5 1.2 4 0.05 0.30 2.0 0.30
ANLI R3 Both 1.0 1.2 5 0.05 0.35 2.0 0.20
CB Both 1.0 9 7 0.01 0.10 2.0 0.01
RTE Both 0.4 1.4 3 0.05 0.35 2.2 0.35
COPA Both 1.0 1.0 2 0.005 0.05 3.0 0.05
HellaSwag Both 1.0 0.5 2 0.01 0.10 2.0 0.01
StoryCloze Both 1.0 1.0 3 0.01 0.10 2.0 0.05
WSC Both 1.0 2.5 3 0.20 0.60 2.0 1.00
WinoGrande Both 1.0 2.2 2 0.05 0.20 2.0 0.15

WiC
Qwen 1.0 12 3 0.01 0.10 2.0 0.05
Llama 1.0 0.65 7 0.10 1.00 1.0 0.20

Table 6: F2C hyperparameters used for the
first experiment. “Both” means the same val-
ues were used for Qwen2.5-3B-Instruct and
Llama-3.2-3B-Instruct.

Majority Pseudo-Label Quality. F2C uses ma-
jority agreement across prompt variations as a
pseudo-labeling signal. To measure how reli-
able this signal is in our setting, we evaluate
the strict-majority labels produced by the base
Qwen2.5-3B-Instruct model. For each valida-
tion example, the pseudo-label is the label pre-
dicted by more than half of the prompt variations;
examples without a strict majority are excluded
from the F1 calculation. Table 5 reports validation-
set size, strict-majority ratio, and pseudo-label
macro/binary F1. Overall, strict-majority labels
are available for 7,372 of 7,851 examples (93.9%).
Averaging the per-dataset F1 scores by the number
of strict-majority examples gives 59.5.

F2C Hyperparameters. The F2C hyperparame-
ters were chosen separately for each dataset. We
did not conduct an exhaustive per-dataset search.
Instead, we used a small set of manual configura-
tions and selected checkpoints by validation F1 as
described above. Table 6 reports the values that
produced the F2C rows in Tables 1 and 2.

Compute, Infrastructure, and Packages. We
fine-tune two open-weight 3B instruction-tuned
models. The first experiment is conducted
on both Qwen2.5-3B-Instruct (Qwen et al.,
2025) and Llama-3.2-3B-Instruct (Grattafiori
et al., 2024), while the out-of-domain and
unseen-variation generalization experiments use
Qwen2.5-3B-Instruct. Fine-tuning is performed
using the Hugging Face transformers (Wolf et al.,
2020) and peft (Mangrulkar et al., 2022) libraries
with LoRA adapters (see section A.3).

Training was conducted on a GPU cluster run-
ning Ubuntu 22.04.5 LTS with NVIDIA Con-
tainer Toolkit. Smaller datasets with fewer
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Figure 4: Representation analysis for Qwen2.5-3B-Instruct. In panel (a), each bar shows how much the average
cosine similarity between prompt formats of the same example changes after F2C. In panel (b), the x-axis shows the
change in within-class distance, where negative values mean examples with the same label move closer together.
The y-axis shows the change in between-class distance, where positive values mean different label groups move
farther apart. Both axes show F2C minus Base.

prompt variations were trained on a pool of seven
NVIDIA RTX A6000 GPUs (48 GB VRAM
each). Larger datasets were trained on a sin-
gle NVIDIA A100 GPU (80 GB). Depending on
dataset size and number of prompt formats, to-
tal training time ranged from approximately 3 to
23 hours per dataset.

To maintain reproducibility and efficiency, we
use mixed-precision (bf16) training, gradient ac-
cumulation, and uniform random seeds across
runs. Experiments are orchestrated via custom
shell scripts and Weights & Biases (Biewald, 2020)
logging for monitoring. We did not use model par-
allelism or distributed fine-tuning beyond single-
node multi-GPU setups.

We use Python 3.9 with PyTorch 2.8.0 (Ansel
et al., 2024), transformers 4.56.1 (Wolf
et al., 2020), peft 0.17.1 (Mangrulkar et al.,
2022), accelerate 1.10.1 (Gugger et al., 2022),
datasets 4.1.0 (Lhoest et al., 2021), and
tokenizers 0.22.0/sentencepiece 0.2.1 (Kudo
and Richardson, 2018; Moi and Patry, 2023).

A.4 Representation Alignment Details

For each example and prompt format, we extract
the final-layer hidden state immediately before the
answer begins. This is the model state used to start
generating the answer. For the class-level analysis,
we first average prompt variations’ representations
of each example into one vector. We then group
these example vectors by the dataset label. The
within-class distance is the average cosine distance
from an example vector to the mean vector of its

own label group. The between-class distance is the
average cosine distance between the mean vectors
of different label groups. Figure 4 visualizes the
changes after F2C, and Table 7 reports the corre-
sponding values.

Figure 5: ∆F1: Cross-dataset transfer under F2C. Each
cell shows the change relative to the base model when
training on the row dataset and evaluating on the column
dataset. Green indicates improvement; red indicates
degradation.
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Across-prompt similarity Within-class distance Between-class distance

Dataset Base F2C ∆ Base F2C ∆ Base F2C ∆

ANLI R1 0.879 0.897 +0.019 0.017 0.014 -0.003 0.026 0.027 +0.001
ANLI R2 0.879 0.895 +0.016 0.018 0.013 -0.005 0.024 0.024 +0.001
ANLI R3 0.884 0.887 +0.003 0.022 0.014 -0.008 0.016 0.017 +0.001
CB 0.895 0.874 -0.021 0.014 0.010 -0.003 0.018 0.015 -0.003
RTE 0.947 0.988 +0.040 0.022 0.018 -0.004 0.028 0.032 +0.003
COPA 0.881 0.957 +0.076 0.032 0.063 +0.031 0.004 0.005 +0.001
HellaSwag 0.873 0.929 +0.056 0.022 0.057 +0.035 0.003 0.004 +0.001
StoryCloze 0.933 0.985 +0.052 0.032 0.081 +0.049 0.004 0.005 +0.002
WSC 0.875 0.899 +0.024 0.012 0.012 0.000 0.001 0.001 0.000
WinoGrande 0.805 0.975 +0.170 0.037 0.077 +0.041 0.000 0.000 0.000
WiC 0.851 0.859 +0.008 0.005 0.005 0.000 0.002 0.002 0.000

Table 7: Full representation-alignment results. Across-prompt similarity is the mean cosine similarity between
hidden states from different prompt formats of the same example. For the class-distance columns, each example
is represented by averaging the representations of its prompt formats. ∆ columns report F2C minus Base; blue
indicates the favorable direction (higher across-prompt cosine, lower within-class distance, or higher between-class
distance), and orange indicates the opposite.

Figure 6: Cross-dataset transfer for observed agreement
Po. Each cell shows ∆Po relative to the base model
(train on rows, evaluate on columns). Green indicates
improvement; red indicates degradation.

Figure 7: ∆σF1
(lower is better): Cross-dataset trans-

fer under F2C. Each cell shows the change relative to
the base model when training on the row dataset and
evaluating on the column dataset. Green indicates im-
provement; red indicates degradation.
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