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Abstract

Computerized Adaptive Testing (CAT) has
proven effective for efficient LLM evaluation
on multiple-choice benchmarks, but modern
LLM evaluation increasingly relies on gener-
ation tasks where outputs are scored continu-
ously rather than marked correct/incorrect. We
present a principled extension of IRT-based
adaptive testing to continuous bounded scores
(ROUGE, BLEU, LLM-as-a-Judge) by replac-
ing the Bernoulli response distribution with
a heteroskedastic normal distribution. Build-
ing on this, we introduce an uncertainty aware
ranker with adaptive stopping criteria that
achieves reliable model ranking while testing
as few items and as cheaply as possible. We val-
idate our method on five benchmarks spanning
n-gram-based, embedding-based, and LL.M-as-
judge metrics. Our method uses 2% of the
items while improving ranking correlation by
0.12 7 over random sampling, with 95% accu-
racy on confident predictions.

1 Introduction

Rigorous evaluation of large language models is
essential, but current practice faces two challenges.
The first is cost: exhaustive evaluation becomes
expensive as the number of models, test items,
and metrics grows. The second is methodological:
score differences are often reported without sig-
nificance testing, leading many studies to mistake
statistical noise with improved performance and
produce non-replicable results (Dror et al., 2018).
Efficient evaluation methods that maintain statisti-
cal validity remain underexplored.

Computerized Adaptive Testing (CAT) dynam-
ically selects informative test items to estimate
model capabilities with far fewer evaluations than
exhaustive benchmarking, and has emerged as a
promising approach for efficient evaluation of large
language models (Liu et al., 2024). These meth-
ods use adaptive use Item Response Theory (IRT)

as their theoretical foundation (Martinez-Plumed
et al., 2016; Maia Polo et al., 2024; Rodriguez et al.,
2021), with recent work extending this to fully
adaptive item selection (Hofmann et al., 2025).

Existing approaches for LLM evaluation focus
exclusively on multiple-choice datasets where re-
sponses can only be correct or incorrect. How-
ever, many of the tasks that reflect real use cases of
LLMs such as summarization, dialogue, instruction
following and machine translation must be scored
on a continuous scale. These scoring strategies
cover traditional metrics such as BLEU (Papineni
et al., 2002) and ROUGE (Lin, 2004), and embed-
ding similarity-based scores such as BERTScore
(Zhang et al., 2020) and COMET (Rei et al., 2020).
LLM-as-judge evaluation (Zheng et al., 2024; Liu
et al., 2023), now widely adopted for assessing
instruction following and open-ended generation,
also produces ordinal ratings that can be normal-
ized and treated as continuous.

We present a continuous extension of IRT-based
adaptive testing that accommodates real-valued
scores while preserving the mathematical structure
of binary CAT. Our key insight is to replace the
Bernoulli response distribution with a heteroskedas-
tic normal distribution that maintains the same lo-
gistic mean function while introducing variance
that mimics the Bernoulli structure. This preserves
the natural property that variance is highest when
outcomes are most uncertain (4=0.5) and shrinks
at the boundaries where scores are constrained.

Continuous CAT already reduces evaluation cost
substantially, but further savings are possible when
we consider how evaluation results are typically
used. Model evaluation is fundamentally compara-
tive: the primary goal is often to determine whether
one model is better than others. Building on contin-
uous CAT, we introduce an adaptive multi-model
ranking method that efficiently obtains statistically
significant rankings by monitoring uncertainty es-
timates around model scores. Rather than test-



ing each model to a fixed precision threshold, we
stop as soon as models are well-differentiated from
each other based on pairwise confidence at a user-
specified level. This focuses the testing effort on
close competitors while reducing items for clearly
separated models. We further observe that when
distinguishing two models, testing either one yields
information about their relative performance, allow-
ing cost-aware allocation that preferentially tests
cheaper models to maximize uncertainty reduction
per dollar spent.

We validate our approach on five generation
benchmarks that span summarization (GovRe-
port, BioLaySumm?2025), named entity recognition
(Nemotron PII), question answering (TruthfulQA)
and translation (FLORES). For each dataset,
we evaluate 5 disjoint sets of 4 hold-out mod-
els and multiple metric types (ROUGE, BLEU,
BERTScore, COMET, readability indices, LLM-
as-judge). Our adaptive ranker achieves 0.73
Kendall’s 7 correlation with ground-truth rankings
while using only 2% of the full evaluation budget,
outperforming random sampling by 0.12 7. Com-
pared to fixed-length CAT, adaptive stopping pro-
vides an additional 32% item reduction and 42%
cost savings.

Our contributions are:

1. A principled extension of IRT-based CAT
from binary to continuous bounded outcomes
via heteroskedastic normal distribution

2. Adaptive multi-model ranking algorithm with
pairwise stopping and cost-aware allocation

3. Empirical validation across diverse generation
tasks, metrics, and model scales

The continuous CAT framework opens adaptive
testing to the full spectrum of modern LLM evalua-
tion, and the adaptive multi-model ranker enables
efficient comparisons of generation quality across
model candidates. We make our code available on
GitHub [link]

2 Related Work

Early studies on efficient model evaluation used
IRT to analyze benchmark properties such as item
difficulty and discrimination (Martinez-Plumed
et al., 2016; Lalor et al., 2016; Vania et al., 2021;
Rodriguez et al., 2021). Maia Polo et al. (2024) and
Kipnis et al. (2025) used IRT to identify represen-
tative static subsets, while Hofmann et al. (2025)

developed a fully adaptive framework that dynami-
cally selects items during evaluation. However, all
existing approaches assume binary outcomes and
cannot accommodate the continuous scores. Lalor
et al. (2016) applied IRT to construct evaluation
scales for NLP systems, and Prudéncio et al. (2015)
and Lalor et al. (2019) showed that IRT models can
be fit using response patterns from model ensem-
bles rather than human annotations. Chen et al.
(2019) proposed a Beta-distributed IRT model ap-
plied to modelling classifier confidence scores.

This follows the tradition in psychometrics,
with Samejima (1973) introducing the continu-
ous response model, and Noel and Dauvier (2007)
proposing Beta-distributed models that naturally re-
spect [0, 1] bounds. Both introduce additional com-
plexity to Fisher Information calculations, com-
plicating item selection. Beta models also can-
not accommodate exact boundary values, requir-
ing either ad hoc transformations or zero-and-one
inflated extensions (Molenaar et al., 2022). Re-
lated continuous-response formulations include lin-
ear factor-analytic indices for difficulty and infor-
mation, and Rasch-type models for continuous re-
sponses in large-scale learning systems (Ferrando,
2009; Deonovic et al., 2020). These typically as-
sume homoskedastic residuals or prioritize scal-
able scoring over closed-form CAT information.
Mellenbergh (1994) developed generalized linear
IRT with simpler closed-form solutions, but as-
sumes constant variance across the score range.
Our heteroskedastic normal formulation combines
simplicity with appropriate variance structure and
maintains direct compatibility with standard CAT
algorithms.

3 Background

Item Response Theory (IRT) (Hambleton et al.,
1991) models the probability of a correct response
as a function of the test-taker’s latent ability 6
and item parameters. The simplest model, the 1-
Parameter Logistic (1PL) model, defines this prob-
ability as:

1

PO =116,0.8) = =)
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where b is item difficulty and « is a discrimi-
nation parameter shared across all items. When
ability matches difficulty (§ = b), the probability
of success is exactly 0.5. Higher a yields steeper
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Figure 1: Adaptive testing focuses on items around the
model ability, skipping thoses for which it would most
certainly (i.e., uninformatively) get high or low scores.

response curves that better differentiate between
ability levels.

Computerized adaptive testing (CAT) (Wainer,
2000) dynamically selects items to efficiently esti-
mate a test-taker’s ability. The algorithm initializes
with a prior distribution over 6, typically N'(0, o3)
where the prior variance is a hyperparameter con-
trolling initial uncertainty. At each iteration, it se-
lects the item that maximizes Fisher Information at
the current ability estimate i* = arg max; I(6]b;).

After observing the response, the ability estimate
and posterior are updated via Bayesian updating.
As items accumulate, the standard error decreases:

SE() = 1 2)

2img 1i(9)
Testing terminates when this standard error falls
below a predetermined threshold, yielding a precise

ability estimate with fewer items than fixed-length
testing.

Fisher Information quantifies how much an ob-
servation tells us about . For the 1PL model
with binary outcomes, this is derived directly from
Bernoulli variance:

I(6la,b) = a®- P(0,b)- (1 — P(6,b)) (3)

Information is highest when P = 0.5 (maximum
uncertainty about the outcome) and approaches
zero as P approaches O or 1 (outcome nearly cer-
tain). This creates heteroskedastic variance as a
function of the predicted probability P(6,b).

4 Continuous CAT

To extend CAT to continuous outcomes, we require
a response distribution for scores in [0, 1] rather
than binary {0,1}. We retain the logistic mean

function from standard IRT, which captures the re-
lationship between ability, difficulty, and expected
performance, and replace the Bernoulli distribution
with a normal distribution:

X|0,b,k ~ N (u(0,b),0%(0,b)) @)
where the mean follows the logistic function:
1
1+exp(—(0—10))

We preserve the Bernoulli variance structure
Var(X) = P(1 — P) by defining:

o?(60,0) = k- u(6,0) - (1 - p(6,5))  (6)

where k& = 1/a? is a noise parameter capturing
measurement precision. We estimate a single k per
dataset-metric combination from calibration data.
The Fisher Information for this model is:

dp/df)*  p(l - p)
o2 k
Comparing with the 1PL Fisher Information

I = a?- P(1 — P), we see that k = 1/a?: high
discrimination (@ > 1) corresponds to low noise
(k < 1), and vice versa. Both parameterizations
capture the same underlying question: how reliably
does an observed response reflect true ability? This
equivalence indicates that our continuous extension
constitutes a natural generalization that unifies the
treatment of measurement precision across binary
and continuous settings.

A limitation of the normal distribution is its un-
bounded support: it can technically assign prob-
ability to values outside [0, 1]. However, the het-
eroskedastic variance structure mitigates this con-
cern: as j approaches the boundaries, 0 = k -
p(1 — ) shrinks, concentrating the distribution
within the valid range. Alternative distributions
such as the Beta are naturally bounded but do not
preserve the connection to binary IRT and compli-
cate the Fisher Information derivation. In practice,
we find that the normal approximation performs
well across the metrics we consider.

The CAT algorithm itself remains unchanged.
Item selection still maximizes Fisher Information
at the current ability estimate, with the informa-
tion formula now incorporating k. Posterior up-
dates follow the same Bayesian logic with normal

~

likelihoods. The standard error formula SE(6) =

1/+/>_, I; applies as before.

(N

(0], k) =



5 Parameter Estimation

We estimate both b; and k from historical evalu-
ation data by fitting the model to observed score
distributions across a population of models.

Item Difficulty. We adopt the 1PL model and es-
timate item difficulties from observed scores across
calibration models. Following standard IRT con-
vention, we center the ability scale such that the
mean model ability is zero. Under this parameteri-
zation, the maximum likelihood estimate for item
difficulty simplifies to:

b= —togip) =lox (1) ®
b

where p; is the average score on item ¢ across

all calibration model-temperature configurations.

When scores cluster in a narrow range (common for

metrics like ROUGE where most models achieve

0.3-0.5), the resulting difficulties may not span the

full ability range. We therefore apply min-max

normalization to [e, 1 — ¢] before the logit transfor-
mationn.

Noise Parameter. We estimate a global &k from
the calibration data using method-of-moments.
Given item difficulties {b;} and model ability esti-
mates {6;} (computed as 6; = logit(y;) where y;
is the model’s average scaled score), we obtain:

Zz‘,j(yij - Mz‘j)2

k=
Zi,j pig (1 = pij)

©))

where f1;; = logit ' (f; — b;) is the predicted
mean score for model j on item 4. This formula di-
rectly estimates the variance inflation factor: when
k = 1, observed variance matches the Bernoulli
structure exactly; k > 1 indicates noisier measure-
ments than binary responses; k£ < 1 indicates more
precise measurements.

Filtering Negative Discrimination Items. Some
items may anti-correlate with model ability. On
these items, weaker models score higher than
stronger models, rendering them effectively un-
informative. Because we use a 1PL model with
a global discrimination parameter, we filter such
items by computing the Pearson correlation be-
tween item scores and model abilities across the
calibration set, and excluding items with negative
correlation from the adaptive item pool.

6 Adaptive Ranker

Standard CAT approaches evaluate each model
independently to a fixed precision threshold, ig-
noring the comparative nature of model evaluation.
This can be inefficient, since a model that clearly
dominates or trails the field may receive the same
number of test items as one locked in a close com-
petition with a neighbor. We propose an adaptive
multi-model ranking algorithm that directly opti-
mizes for the comparative goal. Given M models
to evaluate on a shared item bank, the algorithm
runs independent CAT runs for each model, but
monitors pairwise confidence in the ranking and
terminates when all adjacent model pairs are statis-
tically well-differentiated at a user-specified confi-
dence level.

Pairwise confidence. Given ability estimates 0;
and éj with standard errors SE; and SE;, we
compute the probability that model i outperforms
model 7 under a normal approximation:

0; — 0,
\/SE; + SE?

where @ is the standard normal CDF. This quan-
tifies our confidence in the pairwise ordering given
current uncertainty in both estimates.

P(GZ > 9]) =0 (10)

Adaptive stopping. Traditional CAT terminates
when each model’s standard error falls below a
threshold ¢, regardless of how the models compare.
We instead terminate when all adjacent pairs in the
current ranking satisfy P(6; > 6;) > 1 — 1—77
or P(6; > 6;) < 1_77 corresponding to a two-
sided confidence interval at level ~y, or reach a max-
imum item budget ny.«. This focuses testing effort
where it matters: models that are clearly separated
require fewer items to establish their relative or-
dering, while close competitors receive additional
testing until their difference reaches statistical sig-
nificance or the budget is exhausted. If two models
remain indistinguishable at the budget limit, they
can be reported as tied rather than forced into an
arbitrary ordering.

Cost-aware allocation. When a pair (¢, 7) re-
quires additional testing to reach confidence thresh-
old ~, we must choose which model to evaluate
next. Since testing either model reduces uncer-
tainty in the pairwise comparison, we select the



Algorithm 1 Adaptive Multi-Model Ranking

Require: Models {1, ..., M}, item bank {(b;, k;)}, costs {c,, }, confidence v, max items nmax

1: Initialize 6,, ~ N(0,1), SE,, = 5 for all m

2: Warm-up: Administer nj,;; items to each model using MFI selection
3: while not all adjacent pairs confident or at max items do

4:  Rank models by 0,,
5:

6: ifU = () then

7: break

8: endif

9:

2
10:  Select model: m* = arg max,,,cc (nmSEm

+1)'Cm

11:  Select item: i* = arg maxl-l(émdbi, ki)

Identify uncertain pairs: U = {(4,j) : v > P(6; > 6;) > 1 — vy and n; < nmax and nj < nmax }

Collect candidate models: C = {m : m € (4, j) for some (i, j) € U}

12:  Administer item ¢* to model m*, observe score y

13:  Update ém and SE,,,+
14: end while

15: return Ranking with pairwise confidence scores

model that provides the greatest expected uncer-
tainty reduction per unit cost. We quantify this
as:

SE2,

(nm +1)-cm (I

value,,, =

where n,,, is the number of items already admin-
istered to model m and ¢y, is its per-item evaluation
cost. The numerator reflects current uncertainty;
the denominator captures diminishing returns (each
additional item contributes less) weighted by cost.
This criterion naturally allocates more items to
cheaper models when resolving uncertain compar-
isons, yielding additional cost savings beyond item
reduction alone.

Algorithm. The complete procedure combines
continuous CAT estimation with pairwise stopping
and cost-aware allocation under a total budget con-
straint. Rather than allocating a fixed maximum
number of items per model, we specify a total cost
budget B that can be flexibly distributed across
models. After a warm-up phase that administers
initial items to all models via MFI selection, the
algorithm iteratively identifies uncertain pairs, se-
lects the most cost-effective model to test, chooses
the maximally informative item for that model, and
updates posteriors. Testing continues until either
all adjacent pairs reach the confidence threshold,
or the total budget B is exhausted.

7 Experiments

We evaluate our continuous CAT extension and
adaptive ranker across five generation tasks span-
ning summarization, machine translation, question
answering, and named entity recognition. Our goal
is to approximate ground-truth rankings from full
dataset evaluation using as few items as possible.
We compare our adaptive ranker against random
sampling, and examine whether the confidence es-
timates can reliably tell apart genuine performance
differences from statistical ties.

7.1 Experimental Protocol

We select tasks representing diverse generation set-
tings and metric types (Table 1). This selection
covers n-gram overlap (ROUGE, BLEU), learned
embeddings (BERTScore, COMET), readability
indices (FKGL), LLM-as-judge, and span-level
F1. We exclude BERTScore from GovReport as
all models achieved near-identical scores (range
<0.02), yielding no meaningful ground-truth rank-
ing. Full prompts and scoring details are provided
in Appendix A.

We evaluate 21 models from 6 families: Ope-
nAl GPT, Google Gemini, Amazon Nova, Meta
Llama, Mistral, and Qwen (see Appendix A for
full list). For each dataset-metric pair, we collect
exhaustive evaluation scores by running all mod-
els on all items, establishing ground-truth rankings.
Each model is evaluated at four temperature set-
tings (7" € {0.0,0.4,0.7,1.0}), which yields 84
model-temperature configurations per item. Our



Table 1: Evaluation datasets. FKGL: Flesch-Kincaid Grade Level (Kincaid et al., 1975).

Dataset Size Split  Task Metrics
BioLaySumm ROUGE-L
1,376 val Lay summarization BERTScore
(Goldsack et al., 2024) FKGL
GovReport .
(Huang et al., 2021) 973 val Document summarization ROUGE-L
Truthful QA LLM-Judge
(Lin et al., 2022) 817 val  Open-ended QA BERTScore (diff.)
FLORES . COMET
(NLLB Team et al., 2022) 1,012  devtest Translation (TR—EN) BLEU
Nemotron-PII 2,000 test'!  NER/PII detection F1 (span-level)

(Steier et al., 2025)

main experiment uses five-fold cross-validation
over models. In each fold, we randomly select 4
models as the hold-out set to be ranked adaptively;
all temperature variants of hold-out models are ex-
cluded from calibration. The remaining 17 models
(68 configurations) provide calibration data for es-
timating item parameters (b;, k). We fit parameters
via maximum likelihood on the calibration set, then
simulate adaptive evaluation on the hold-out mod-
els at T' = 0. We set the confidence threshold
~v = 0.95 for pairwise decisions and require a min-
imum of 10 items per model before stopping.

For each hold-out set, we compare the adaptive
ranker to a random sampling baseline which al-
locates the total budget B across models by iter-
atively selecting a random affordable model and
a random unseen item to administer. We assess
ranking quality using Kendall’s 7 correlation be-
tween predicted and ground-truth rankings com-
puted from point estimates (mean ability 6). For
efficiency, we report the mean number of items
administered per model.

7.2 Main Results

Table 2 presents results across all dataset-metric
combinations. On 7 of 9 dataset-metric pairs, the
adaptive ranker achieves higher Kendall’s 7 than
the random sampling baseline. The largest gains
occur on discriminative metrics: +12% on BioLay-
Summ ROUGE-L (0.957 vs 0.853), +26% on Truth-
ful QA BERTScore (0.450 vs 0.190), and +22%
on FLORES BLEU (0.803 vs 0.580). These re-
sults demonstrate that our adaptive ranker provides
genuine performance gains over random sampling.
The adaptive ranker uses 52—-101 items per hold-
out set, and achieves 0.73 7 with the full dataset
ranking while using only 2% of the items.

The discrimination parameter a predicts where
adaptive methods provide the most benefit. On
high-discrimination metrics (a > 3), the adap-
tive ranker consistently outperforms baseline. On
low-discrimination metrics like Nemotron F1 (a =
1.42), individual items provide less information
about ability, limiting the advantage of intelligent
selection.

Distributional Conformance. Our continuous
IRT extension assumes scores follow a het-
eroskedastic normal distribution with variance
0% = k- (1 — p). We examine how well each
metric conforms to this assumption by measuring
the R? between observed and predicted variance
across score bins (see Appendix B for details). Con-
formance varies substantially: BERTScore and
BLEU exhibit moderate fit (R? = 0.24-0.36),
while ROUGE-L and COMET show poor confor-
mance despite high ranking accuracy. We find no
positive correlation between conformance and rank-
ing quality (r = —0.12); instead, discrimination
a is the stronger predictor (r = 0.68). This sug-
gests that violations of the heteroskedastic variance
assumption do not degrade ranking performance
when items are sufficiently discriminative.

7.3 Tie Detection

The 7 correlation in Table 2 measures ranking ac-
curacy based on point estimates, but point esti-
mates alone do not indicate when a ranking is reli-
able. Reporting that model A outperforms model
B when the difference is due to noise leads to non-
reproducible results. Our method uses the IRT
model’s posterior to detect statistical ties, where a
pair is reported as a tie when confidence falls below
95%



Table 2: Ranking performance across benchmarks. Higher discrimination (@) indicates more informative items. %

Used is items administered relative to full evaluation.

Dataset Metric Size a  Adaptive 71T Baseline7{ Items| % Used]
BioLaySumm ROUGE-L 1376 4.13 0.957+0.13 0.853+0.20 824+17 1.5£0.3%
BioLaySumm BERTScore 1376 3.40 0.903+0.17 0.743+0.36  88+9  1.6+£0.2%
BioLaySumm FKGL 1376 2.34  0.800+0.25 0.713+0.40 88+15 1.6+0.3%
GovReport ROUGE-L 973 4.79 0.800£0.20 0.823+0.22 98+30 2.54+0.8%
Truthful QA LLM-Judge 817 2.59 0.490+0.38 0.400+0.49 93+14 2.9+0.4%
Truthful QA BERTScore 817 2.65 0.450+0.43 0.190+0.46  92+7 2.840.2%
FLORES BLEU 1012 3.12 0.803+0.23 0.5804+0.31 9248 2.3+0.2%
FLORES COMET 1012 4.07 0.677+0.33 0.5034+0.41 101+11 2.540.3%
Nemotron F1 2000 1.36 0.673£0.19 0.707+0.29 5245 0.7+0.1%
Overall (mean) 3.16 0.73 0.61 88 2.0%

Table 3: Tie detection against ground-truth ties from bootstrap Cls on full evaluation. Adapt/GT Tie% are the
fraction of pairs reported as ties for adaptive ranker and ground truth. Tie P/R/F1 are the precision, recall and F1 on
tie detection quality of the adaptive ranker compared to the full evaluation. Conf Acc is the accuracy of the adaptive

ranker on its non-tie predictions.

Dataset Metric Adapt Tie% GT Tie% TiePt TieR?1T TieF1{ ConfAcct
BioLaySumm ROUGE-L 14% 3% 0.60 1.00 0.62 1.00
BioLaySumm BERTScore 42% 13% 0.36 0.99 0.43 1.00
BioLaySumm FKGL 37% 17% 0.46 0.95 0.54 0.98
GovReport ROUGE-L 18% 10% 0.39 0.73 0.43 0.94
Truthful QA LLM-Judge 76% 47% 0.50 0.89 0.60 0.77
Truthful QA BERTScore 100% 73% 0.73 1.00 0.82 -
FLORES BLEU 58% 30% 0.48 0.99 0.58 1.00
FLORES COMET 57% 37% 0.52 0.94 0.56 0.89
Nemotron F1 65% 7% 0.08 1.00 0.14 1.00
Overall (mean) 52% 26% 0.46 0.94 0.52 0.95

Table 3 presents tie detection performance of
the adaptive ranker against ground-truth ties de-
rived from bootstrap confidence intervals on full
evaluation. The adaptive ranker is consistently con-
servative: Adapt Tie% exceeds GT Tie% for all
metrics. Tie detection recall is high (0.77-1.00),
which means that our method catches most ground-
truth ties. For pairs where one model is ranked
strictly higher than the other, overall accuracy is
95%. TruthfulQA BERTScore reports 100% ties
because all models score within a 0.7% range, and
the differences are too small to resolve within the
budget constraints.

Two metric-dataset combinations show lower
performance: GovReport ROUGE-L (recall 0.73)
and Truthful QA LLM-Judge (confident accuracy
0.77). In both cases, this can be traced to spe-
cific model comparisons within single holdout sets

that have consistently biased estimates across seeds.
For Truthful QA LLM-Judge, one holdout contains
three models that are tied in the ground-truth rank-
ing, but the adaptive ranker consistently ranks one
model below the others, detecting the ties in only
1-3 of 20 seeds. For GovReport ROUGE-L, a
single ground-truth tie in one holdout is never de-
tected (0/20 seeds). Even with these outliers, the
adaptive ranker achieves 95% overall accuracy on
confidently ranked pairs and 94% recall in detect-
ing ground truth ties, perfectly aligning with the
95% confidence cutoff of the method.

7.4 Ablation: Adaptive vs Fixed-Length CAT

The adaptive ranker terminates based on pairwise
confidence, allocating more items to close com-
petitors and fewer to well-separated models, and
further manages cost by preferentially choosing



Table 4: Comparison with fixed-length CAT that administers the same number of items to all models.

Dataset Metric Adapt 71 Fixed71T A7  Item Savings Cost Savings
BioLaySumm BERTScore 0.90 0.82 —0.08 36% 46%
BioLaySumm FKGL 0.80 0.78 —0.02 31% 38%
BioLaySumm ROUGE-L 0.96 0.97 +0.02 39% 47%
FLORES BLEU 0.80 0.78 —0.02 33% 43%
FLORES COMET 0.68 0.80 +0.12 34% 44%
GovReport ROUGE-L 0.80 0.85 +0.05 35% 46%
Nemotron F1 0.68 0.76 +0.08 23% 31%
Truthful QA BERTScore 0.45 0.31 —0.14 28% 41%
Truthful QA LLM-Judge 0.49 0.52 +0.03 29% 41%
Overall 0.73 0.73 0.00 32% 42%

cheaper models. To isolate the value of this strat-
egy, we compare against fixed-length CAT. For
each holdout set, we administer the same number
of items n to all models, where n is set to the max-
imum items used by the adaptive ranker for any
model in that holdout.

Table 4 shows that the two methods achieve the
same average 7, but adaptive uses 32% less items
and 42% less cost. This shows that the additional
items used by the fixed-length CAT are superfluous,
and the stopping mechanism leads to significant
efficiency gains with no performance degradation.

7.5 Generalization to Unseen Model Families

Our main experiments use cross-validation over
individual models, but calibration and hold-out
models may share architectural similarities within
families. To test whether item parameters gen-
eralize to genuinely novel architectures, we con-
duct a family-stratified evaluation: we hold out
Mixtral-8x7b-instruct, Qwen3-32b, and Nova-pro-
vl and calibrating only on OpenAl, Meta/Llama,
and Google/Gemini models (14 total).

Table 5 shows results. The adaptive ranker
matches or outperforms baseline on 7 of 9 dataset-
metric pairs, with substantial gains on Truthful QA
BERTScore (+60%) and GovReport ROUGE-L
(+30%). These results suggest that item difficulty
parameters transfer across model families: an item
that is difficult for Llama models tends to also be
difficult for Qwen or Nova models.

8 Conclusion

We present a principled extension of IRT-based
adaptive testing from binary to continuous bounded

scores. Building on this foundation, we intro-

Table 5: Family holdout evaluation. Calibration on
OpenAl, Llama, Gemini (14 models); evaluation on
hold-out Mistral, Qwen, Nova (3 models).

Dataset Metric Base 7 1 Adapt 7 T
BioLaySumm BERTScore 0.53£0.52 1.00+0.00
BioLaySumm FKGL 1.00+£0.00  1.00+0.00
BioLaySumm ROUGE-L  1.00+£0.00 0.87+0.27
FLORES BLEU 0.67+£0.33  1.00+0.00
FLORES COMET 0.73+£0.33  0.734+0.33
GovReport ROUGE-L  0.56+0.31 0.85+0.28
Nemotron Fl1 0.93+0.20 0.6740.33
Truthful QA BERTScore 0.27+0.55 0.87+0.27
Truthful QA LLM-Judge 0.40+0.55 0.60+0.33
Overall 0.68 0.84

duce an adaptive multi-model ranking algorithm
with pairwise stopping and cost-aware allocation.
Across five generation benchmarks spanning dif-
ferent metrics, our method achieves 0.73 Kendall’s
7 correlation with ground-truth rankings and 95%
accuracy on confident predictions while using only
2% of items. Notably, our method can reliably rank
models from entirely unseen families, and remains
robust to empirical deviations from the assumed
variance structure.

For future work, extending our to model item-
specific discrimination parameters can improve
item selection. Incorporating variable item costs
can enable cost-optimal item selection at a more
granular level. Extending to multi-metric evalua-
tion can allow ranking models on several metrics
simultaneously in a single adaptive run, further
increasing evaluation efficiency. Developing meth-
ods for more efficient item parameter estimation
such as transfer learning from related benchmarks
or few-shot calibration can reduce the cold-start
cost for new datasets and enable faster deployment.



9 Limitations

Our method requires calibration data from exist-
ing model evaluations to estimate item parameters,
creating a cold-start problem for new benchmarks.
This upfront cost of exhaustive evaluation on cali-
bration models is amortized over subsequent adap-
tive evaluations, but represents a barrier to immedi-
ate deployment on new datasets. Furthermore, item
parameters must be re-estimated for each metric
separately, which might add overhead when com-
prehensive multi-metric evaluation is needed.

Our stopping criterion evaluates each adjacent
pair independently at significance level «, which
controls the per-comparison error rate but not the
family-wise error rate (FWER). With M models
and M — 1 adjacent comparisons, the probability
of at least one incorrectly ordered pair under the
null hypothesis is approximately 1 — (1 — o)™ 1,
reaching 18% for five models at & = 0.05. Cor-
rections such as Holm-Bonferroni could provide
FWER control by requiring stricter thresholds for
the most confident pairs at the cost of additional test
items, potentially negating much of the efficiency
gain from adaptive selection.

10 Ethical Considerations

Large language model inference carries substan-
tial environmental costs, with energy consumption
and carbon emissions scaling with the number of
API calls. By reducing evaluation from exhaustive
testing to approximately 2% of items, our method
directly decreases the environmental footprint of
model comparison. As the number of candidate
models, benchmarks, and evaluation metrics contin-
ues to grow, efficient evaluation methods become
increasingly important for sustainable Al develop-
ment.

Beyond environmental benefits, efficient evalua-
tion has implications for equity in Al research. Ex-
haustive evaluation across large benchmarks favors
well-resourced organizations. By dramatically re-
ducing the number of required items, our approach
can lower barriers for smaller laboratories, students
and independent researchers to perform meaning-
ful model comparisons. Additionally, our method’s
explicit uncertainty quantification and tie detection
encourages more honest reporting practices.

One potential concern is benchmark gaming: if
certain items are predictably selected as most infor-
mative, model developers could optimize specifi-
cally for those items rather than general capability.

Periodic re-calibration of data and item banks can
mitigate this risk.
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A Experimental Setup

All datasets were evaluated using the same set of 21
models spanning 6 families: OpenAl GPT (GPT-5-
mini, GPT-5-nano, GPT-4.1-mini, GPT-4.1-nano,
GPT-40-mini), Google Gemini (Gemini-2.5-flash,
Gemini-2.5-flash-lite, Gemini-2.0-flash, Gemini-
2.0-flash-lite), Amazon Nova (Nova-pro-v1, Nova-
lite-v1l, Nova-micro-vl), Meta Llama (Llama-4-
maverick-17b, Llama-4-scout-17b, Llama-3.3-70b,
Llama-3.2-3b, Llama-3.1-8b), Mistral (Mistral-
7b-instruct-v0.2, Mixtral-8x7b-instruct-v0.1), and
Qwen (Qwen3-32b, Qwen3-coder-30b-a3b). Mod-
els were accessed via their native APIs (OpenAl,
Google) or Amazon Bedrock (Nova, Llama, Mis-
tral, Qwen). Each model was queried at 4 temper-
ature settings: 7' € {0.0,0.4,0.7,1.0}, resulting
in 84 model-temperature configurations per item.
Note that GPT-5 models do not expose a tempera-
ture parameter; for these models, the temperature
setting was ignored, effectively treating all 4 con-
figurations as identical.

BioLaySumm2025-PLOS. We used the
BioLaySumm2025-PLOS dataset (Goldsack
et al.,, 2024), a biomedical lay summarization
benchmark containing scientific articles paired
with plain-language summaries. We evaluated
on the validation split, which contains 1,376
items. Each model was prompted with the
instruction: “Sumumarize the following scientific
article in plain language for a general audience.’
followed by the full article text. This yielded
115,584 total inference responses (1,376 items x
21 models x 4 temperatures). After scoring, all
metrics were linearly scaled to [0, 1] based on the
observed minimum and maximum values across all
model-temperature configurations for each item.

’

FLORES-Turkish-English. We used the
FLORES-200 dataset (NLLB Team et al., 2022),
a massively multilingual translation benchmark.
We evaluated on the Turkish-to-English language

11

pair using the devtest split, which contains 1,012
sentence pairs. Each model was prompted with the
instruction: “Translate the following Turkish text
to English. Output only the translation, nothing
else.” followed by the source Turkish sentence.
This yielded 85,008 total inference responses
(1,012 items x 21 models X 4 temperatures).

GovReport-Summarization. We used the Gov-
Report dataset (Huang et al., 2021), a long-
document summarization benchmark containing
U.S. government reports paired with expert-written
summaries. We evaluated on the validation split,
which contains 973 documents. Each model was
prompted with the instruction: “Summarize the fol-
lowing government report:” followed by the full
report text. This yielded 81,732 total inference
responses (973 items x 21 models x 4 tempera-
tures).

Nemotron-PII. We used the Nemotron-PII
dataset (Steier et al., 2025), a named entity recog-
nition benchmark for detecting personally identifi-
able information (PII) and protected health infor-
mation (PHI) across 54 entity types. We evaluated
on a random sample of 2,000 items from the test
split. Each model received a system prompt con-
taining the complete list of valid entity labels and
4 few-shot examples demonstrating the expected
output format (EXTRACTED_TEXT | LABEL), fol-
lowed by the document text. This yielded 168,000
total inference responses (2,000 items x 21 models
x 4 temperatures). Responses were scored using
standard span-level F1, where a predicted entity is
considered correct only if both the extracted text
and entity type exactly match a gold annotation.

TruthfulQA. We used the TruthfulQA
dataset (Lin et al., 2022), a benchmark de-
signed to evaluate model truthfulness on questions
that commonly elicit false or misleading answers.
We evaluated on the validation split of the
generation configuration, which contains 817
questions. Each model was given a system
message “You are a helpful assistant.” and
prompted directly with the question. This yielded
68,628 total inference responses (817 items x 21
models X 4 temperatures).

Responses were scored using two metrics. First,
we computed a differential BERTScore using
DeBERTa-xlarge-mnli embeddings: for each re-
sponse, we calculate the maximum BERTScore F1
against all correct answers and the maximum F1



against all incorrect answers, then compute the dif-
ferential as (maxXcorrect — MaXincorrect +1)/2, NOI-
malized to [0, 1]. This rewards responses seman-
tically closer to correct answers while penalizing
those closer to known misconceptions. Second, we
used LLM-as-judge with GPT-4.1-nano, employing
a 10-point rubric that penalizes answers matching
known incorrect responses and rewards alignment
with verified correct answers. Although common
practice favors strong judge models, preliminary
experiments showed high correlation between GPT-
4.1-nano, GPT-4.1-mini, and GPT-4.1 scores when
ground-truth correct and incorrect answer sets are
available, justifying the use of the more efficient
model.

B Conformance Analysis Details

Our continuous IRT extension assumes scores fol-
low a heteroskedastic normal distribution with vari-
ance 02 = k - u(1 — p), where p is the predicted
mean and k is the estimated noise parameter. To
examine how well each metric conforms to this as-
sumption, we bin items by their predicted mean p
and compute the observed variance within each bin.
We then measure conformance as the R? between
observed and predicted variance across bins.

Table 6 reports conformance alongside discrim-
ination and ranking quality. Notably, BioLay-
Summ ROUGE-L achieves the highest 7 (0.957)
with strongly negative R? (—8.2), whereas Bio-
LaySumm BERTScore has the best conformance
(R? = 0.36) but lower 7 (0.903).

Table 6: Distributional conformance. R? measures fit
between observed and predicted variance across score
bins.

Dataset Metric a R? T

BioLaySumm ROUGE-L  4.13 —8.2  0.957
BioLaySumm  BERTScore 3.40 0.36 0.903
BioLaySumm FKGL 234  —666  0.800
GovReport ROUGE-L  4.79 0.24 0.800
Truthful QA LLM-Judge 259 —1.2  0.490
Truthful QA BERTScore 2.65 —1524 0.450
FLORES BLEU 3.12 0.34 0.803
FLORES COMET 4.07 —-20.3 0.677
Nemotron Fl1 136 —20.5 0.673

C Use of AI Assistants

Al Assistants have been used in this paper to para-
phrase text written by the authors, and to generate
experimental details from code for Appendix A.

All Al generated text was reviewed and corrected
by the authors.



	Introduction
	Related Work
	Background
	Continuous CAT
	Parameter Estimation
	Adaptive Ranker
	Experiments
	Experimental Protocol
	Main Results
	Tie Detection
	Ablation: Adaptive vs Fixed-Length CAT
	Generalization to Unseen Model Families

	Conclusion
	Limitations
	Ethical Considerations
	Experimental Setup
	Conformance Analysis Details
	Use of AI Assistants

