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Abstract

Language model evaluation faces a structural challenge: as performance
gaps between state-of-the-art models narrow, static evaluation sets require
increasingly large budgets to yield stable, reliable model comparisons.
Adaptive evaluation can improve measurement efficiency by sequentially
selecting informative test items, but existing approaches primarily focus
on estimating latent parameters that describe model capabilities. This
focus overlooks the fact that experimenters may have diverse downstream
evaluation goals, such as to produce a relative ordering of models. We
introduce a framework for adaptive evaluation in the Item Response Theory
(IRT) setting that is compatible with both capability assessment and model-
ranking objectives. Within this framework, ranking reliability depends on
resolving uncertainty near the boundaries of pairwise orderings rather than
minimizing overall posterior variance. To operationalize this insight, we
draw on Bayesian active learning (BAL), a family of methods that select
examples by maximizing expected information gain under a posterior
belief. BAL was originally developed for information-efficient parameter
identification. We adapt BAL to the IRT evaluation setting, giving rise to
what we call active evaluation: sequential item selection driven by principled
uncertainty reduction over model abilities and their relative ordering. We
develop a family of acquisition criteria that increasingly align with the
ranking objective, culminating in RankBALD, which directly maximizes
the mutual information between candidate test items and the pairwise
model-ordering variables. Experiments across six English benchmarks
from the Open LLM Leaderboard and five African-language benchmarks
show that, compared with ability-estimation baselines, ranking-aligned
acquisition consistently improves ranking validity and reduces evaluation
variance. These results demonstrate that aligning item selection with the
downstream evaluation objective substantially improves the efficiency and
reliability of active evaluation.

1 Introduction

Large language models (LLMs) are compared using benchmarks that guide deployment
decisions, leaderboard governance, and scientific progress. In these settings, the primary
objective is often to determine reliable relative rankings among models rather than absolute
performance. However, static test sets struggle to distinguish models with similar perfor-
mance. As performance gaps between state-of-the-art (SOTA) systems narrow, obtaining
stable rankings requires increasingly large evaluation budgets. This motivates adaptive
evaluation, where test items are selected sequentially to maximize measurement efficiency.

Item Response Theory (IRT) (Lord, 1952; van der Linden & Hambleton, 1997; DeMars,
2010) provides a principled framework for modeling latent ability while accounting for
item difficulty and discrimination. Originally developed for computerized adaptive testing
(Meijer & Nering, 1999; Chang, 2015), IRT has more recently been adopted for the adaptive
evaluation of machine learning systems, where benchmark items are selected dynamically
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to maximize the informativeness of model responses (Rodriguez et al., 2021; Hofmann et al.,
2025; Lalor et al., 2024; Song et al., 2025). In this literature, item selection strategies are
primarily designed to improve the precision of ability estimation, typically using statistical
informativeness measures such as Fisher information that prioritize items most sensitive
to the current ability estimate. While effective for measuring individual model capability,
this objective does not directly address the reliability of relative model rankings, which
often constitute the primary goal of modern evaluation. One recent example is Fluid
Language Model Benchmarking (Hofmann et al., 2025), which applies Fisher-information-
based selection to construct adaptive evaluation sets for language models.

The sequential nature of adaptive evaluation mirrors a problem in machine learning:
Bayesian active learning (BAL), where the goal is to efficiently identify unknown parameters
by sequentially selecting the most informative observations under a constrained budget
(Settles, 2009; Cohn et al., 1996). BAL methods, such as Bayesian Active Learning by Dis-
agreement (BALD) (Houlsby et al., 2011; Gal et al., 2017), select examples by maximizing the
mutual information between model parameters and predicted outputs, targeting the reduc-
tion of epistemic uncertainty. Within a two-parameter logistic (2PL) IRT model (Lord, 1952;
Birnbaum, 1969), a standard probabilistic response model that characterizes item responses
as a function of model ability, item difficulty, and item discrimination, BAL provides a
natural framework for selecting informative evaluation items under posterior uncertainty.
In particular, it offers a principled way to define acquisition objectives in terms of expected
information gain, thereby explicitly tying evaluation procedures to the quantities one aims
to infer.

The central claim of this work is that adaptive evaluation should be aligned with the
decision it is intended to support. When the primary objective is reliable model ranking
under limited budgets, acquisition strategies should directly target ordering uncertainty
rather than treating ranking as a by-product of ability estimation. To operationalize this
principle, we develop a sequence of Bayesian acquisition strategies that increasingly align
with the ranking objective. We introduce the active evaluation setting (see Section 3.1) and
provide a direct extension of BALD. We then introduce DiffBALD, which incorporates
difficulty-aware weighting to prioritize items whose difficulty aligns with the region of
posterior ability uncertainty. Building on this, VarBALD further augments the acquisition
objective with an explicit preference for items that reduce posterior variance in ability
estimates, improving evaluation stability under limited query budgets. Finally, we propose
RankBALD, an acquisition criterion that directly targets uncertainty in pairwise model
ordering by maximizing mutual information over ranking variables. This progression
reflects a shift from generic uncertainty reduction toward acquisition strategies explicitly
aligned with the downstream evaluation goal.

We evaluate our approach across six Open LLM Leaderboard benchmarks (Beeching et al.,
2023): ARC Challenge (Clark et al., 2018), GSM8K (Cobbe et al., 2021), HellaSwag (Zellers
et al., 2019), MMLU (Hendrycks et al., 2021), TruthfulQA (Lin et al., 2022), and WinoGrande
(Sakaguchi et al., 2021). Across 2,802 model-benchmark combinations, RankBALD achieves
the strongest ranking validity, lowest model variance, and fastest saturation among all
tested acquisition strategies. Moreover, we observe the same performance pattern on five
African-language benchmarks (Ojo et al., 2025), indicating that ranking-aligned acquisition
improves evaluation reliability beyond English-centric settings (Appendix A.2). These
empirical findings highlight three main contributions of this work: (a) we introduce active
evaluation, an objective-aligned Bayesian evaluation design problem, demonstrating that
acquisition criteria should be defined with respect to the downstream evaluation goal rather
than treated as generic uncertainty-reduction heuristics; (b) we introduce difficulty-aware
and variance-aware extensions of BALD that improve posterior uncertainty reduction and
evaluation stability under limited query budgets; (c) we propose RankBALD, an acquisition
objective that directly maximizes mutual information over pairwise ordering variables,
thereby aligning active item selection with the goal of reliable model ranking.
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2 Background: Measurement and active evaluation

2.1 Item Response Theory for Language Model Evaluation

IRT (Lord, 1952; van der Linden & Hambleton, 1997; DeMars, 2010) provides a principled
statistical framework for estimating latent ability from observed responses to evaluation
items. Originally developed in psychometrics, IRT has recently been adopted in NLP for
model evaluation (Rodriguez et al., 2021; Lalor et al., 2024; Song et al., 2025; Hofmann et al.,
2025), enabling more reliable comparisons of models by accounting for variation in item
difficulty and discriminative power. In the context of LLM evaluation, benchmark items vary
widely in difficulty and informativeness. Standard metrics such as accuracy implicitly treat
all items as equally informative (Rodriguez et al., 2021), which can mislead comparisons
when models differ only slightly in performance. IRT addresses this limitation by explicitly
modeling how informative each item is for distinguishing between models. Consider a
population M = {M1, . . . ,MK} of LLMs, evaluated on a benchmark Q = {qj}N

j=1. Each
interaction yields a binary outcome indicating whether the model correctly answers an
item. Let Ukj ∈ {0, 1} denote the response of model Mk on item qj. Following recent
adaptive evaluation work (Hofmann et al., 2025), we model responses using the two-
parameter logistic (2PL) item response theory model (Lord, 1952; Birnbaum, 1969). Under
this framework, each model Mk is characterized by a latent ability parameter θk, while
each item qj is characterized by a difficulty parameter bj and a positive discrimination
parameter aj. The probability that model Mk responds correctly to item qj is then given
by p(Ukj = 1) = σ

(
aj(θk − bj)

)
, where σ denotes the logistic function. In this setting, the

latent ability θk can be interpreted as the overall capability of model Mk on the benchmark,
while the difficulty parameter bj reflects how challenging an item is across models. The
discrimination parameter aj quantifies an item’s sensitivity to differences in model capability,
determining how sharply it separates stronger models from weaker ones. This provides a
more nuanced view of evaluation than aggregate accuracy, identifying which items are most
informative for comparing models. Together, these parameters characterize both where an
item is informative and how sharply it discriminates, enabling principled reasoning about
item selection. The Fisher information contributed by item qj for a model with ability θk is:
I(θk, aj, bj) = a2

j σ
(
aj(θk − bj)

)(
1 − σ

(
aj(θk − bj)

))
, which is maximized when item difficulty

is close to the model’s ability. Items that are far too easy or too difficult therefore provide
little information about capability, highlighting that not all benchmark items contribute
equally to model comparison and motivating the need for active item selection.

2.2 Bayesian Active Learning

Active learning aims to reduce annotation costs by selecting, at each step, the most informa-
tive examples under a limited budget (Settles, 2009; Cohn et al., 1996). Rather than relying
on random sampling, the learner evaluates a pool of candidates and queries those expected
to provide the greatest improvement. In NLP, this corresponds to selecting examples whose
annotations would most improve model performance on downstream tasks. In the BAL
setting, this is formalized by maintaining a posterior distribution over model parameters,
capturing epistemic uncertainty, and selecting examples that maximize expected informa-
tion gain, i.e., those whose labels are most informative about the model (Houlsby et al., 2011;
Gal & Ghahramani, 2016; Gal et al., 2017; Kirsch et al., 2019). A widely used BAL criterion is
BALD (Houlsby et al., 2011; Gal et al., 2017). For an input x ∈ X with predicted output y,
BALD selects

x⋆ = arg max
x∈X

I(y; ω | D) = H[y | D]− Ep(ω|D)[H[y | ω]] , (1)

where ω denotes model parameters, D the training data, and H(·) entropy. This objective
favors examples whose predictions are uncertain under the posterior predictive distribution
but confident under individual parameter settings, i.e., where plausible models disagree.
As a result, BALD isolates epistemic uncertainty and prioritizes examples that are most
informative for refining the posterior over ω. We adapt BALD for active evaluation in
Section 4.1.
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3 Active Evaluation Framework

3.1 Sequential Active Evaluation

We introduce active evaluation, a form of adaptive evaluation in which benchmark items
are selected sequentially based on the model’s previous responses. At each step, the
evaluator updates its belief about the model’s capabilities and selects the next item to
reduce uncertainty within a constrained evaluation budget. This parallels active learning,
but differs in that the objective is not to improve a predictive model, but to efficiently
characterize and compare a set of models. The goal is therefore to construct an evaluation
set that efficiently supports the downstream evaluation objective under a limited budget.
Active evaluation proceeds in a sequence of acquisition rounds. In each round, previously
collected responses are used to update the evaluator’s belief about the model’s abilities,
and this updated belief guides the selection of the next evaluation item. Starting from an
empty evaluation set Q∗

0 = ∅, an external evaluator E iteratively constructs a benchmark by
selecting informative items from a benchmark Q. At acquisition round r, each LLM Mk in
a population M is evaluated on the current item set Q∗

r−1. Using the observed responses, E
updates its belief about model abilities by estimating latent parameters {θ̂r

k}
K
k=1, yielding an

updated posterior belief state pr
E. Based on this belief, the evaluator assigns each unasked

item qj ∈ Q \ Q∗
r−1, an acquisition score Ar(qj), which quantifies the expected utility of

evaluating on that item under the current experimental objective. The next evaluation item
is then selected as

q∗j = arg max
qj∈Q\Q∗

r−1

Ar(qj)

This sequential procedure continues until the evaluation budget is exhausted, yielding a
final benchmark Q∗ = Q∗

R with calibrated ability estimates {θ̂R
k }. The evaluator’s objective

G takes one of two forms: (a) ability estimation, targeting accurate recovery of {θk}, or
(b) ranking, targeting reliable recovery of the ordering π such that θπ(1) ≥ · · · ≥ θπ(K).
While correct ranking follows from perfect ability recovery, budget-constrained benchmark-
ing leaves estimates uncertain, and improvements in marginal estimation precision do not
necessarily translate into more reliable pairwise ordering. Existing approaches, such as Fluid
Benchmarking, select items by maximizing Fisher information with respect to latent abilities,
which, via the Cramér-Rao bound (Cramér, 1999; Rao, 1992), quantifies estimation precision
but provides no direct control over pairwise discrimination. This mismatch motivates our
primary contribution: a Bayesian acquisition criterion that directly targets ranking reliability,
introduced in Section 4.

3.2 Probabilistic Belief over Abilities

We formalize the probabilistic belief that the evaluator E maintains over latent model
abilities {θk} throughout the active evaluation process, given a selected set of benchmark
items. This belief induces corresponding uncertainty over relative model ordering, since
ranking outcomes are determined by pairwise comparisons among the latent abilities, and
underlies the acquisition mechanisms introduced in Section 4. We consider a population of
LLMs M, with each LLM parameterized by fixed weights wk. Given a benchmark Q with
ground-truth labels {yj}N

j=1, each model produces a binary correctness response:

Ukj =

{
1 if Mk(qj) = yj
0 otherwise

, U = (Ukj) ∈ {0, 1}K×N (2)

To obtain a calibrated representation of the model’s capability, responses are mapped into a
latent ability space using a 2PL IRT model. This representation provides the probabilistic
belief state required for active item selection:

Ukj ∼ Bernoulli(pkj(θ)), pkj(θ) := p(Ukj = 1 | θ) = σ
(
aj(θ − bj)

)
(3)

We use the same item parameters aj and bj as Hofmann et al. (2025), treating them as
precomputed and fixed. At acquisition round r, E estimates model abilities θk from the
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subset of already acquired items Q∗
r ⊆ Q by maximizing the posterior likelihood under the

fixed item parameters:

θ̂r
k = arg max

θ
∏

j∈Q∗
r

[
pkj(θ)

]Ukj
[
1 − pkj(θ)

]1−Ukj

We use the Maximum A Posteriori (MAP) estimation (Birnbaum, 1969) to determine θ̂r
k. Let

Uk,Q∗
r = {Ukj : j ∈ Q∗

r } be the set of observed responses. Consequently, the likelihood of the
correctness of the observed responses under a candidate ability value θ is:

p(Uk,Q∗
r | θ) = ∏

j∈Q∗
r

pkj(θ)
Ukj
(
1 − pkj(θ)

)1−Ukj

The evaluator’s posterior belief, over model abilities, at round r is therefore defined as:

pr
E(θ)

def
= p(θ | Uk,Q∗

r ) ∝ p(Uk,Q∗
r | θ) p(θ)

The ability θk is treated as a latent random variable with posterior distribution pr
E(θ). In

practice, we approximate this posterior using a Laplace approximation centered at the MAP
estimate (see Appendix A.6 for details).

4 Ability-Aware Acquisition Functions

Given the posterior belief pr
E(θ) defined in the previous section, E must select a new

question qj to refine pr
E(θ). We build acquisition objectives of increasing alignment with

the ranking evaluation goal: uncertainty in response predictions (BALD), difficulty-aligned
uncertainty (DiffBALD), reduction of posterior ability variance (VarBALD), and uncertainty
in pairwise model ordering (RankBALD). Appendix A.1 gives a step-by-step derivation
bridging BALD’s original notation to each of these criteria in turn, explicitly separating
what is inherited from BALD, what is required by the shift from training to evaluation, and
what is novel to RankBALD.

4.1 BALD Acquisition for Active Evaluation

We extend the BALD acquisition principle introduced in Section 2 to the active evaluation
setting (more details in Appendix A.1), where the acquisition aims to reduce uncertainty
about model abilities under an IRT response model. For a candidate item qj, the BALD
acquisition score is defined as

BALDr
kj = I(Ukj; θk) = H

(
Epr

E(θ)
[pkj(θ)]

)
− Epr

E(θ)

[
H
(

pkj(θ)
)]

,

where H(·) denotes Bernoulli entropy. Since pr
E(θ) has no closed form, these expectations

are approximated via Monte Carlo (MC) sampling (see Appendices A.6, A.8). Let

θ
(t,r)
k ∼ pr

E(θ), p(t,r)kj = pkj(θ
(t,r)
k ), p̄r

kj =
1
T

T

∑
t=1

p(t,r)kj ,

where T = 64 denotes the number of MC samples. This yields the estimator

BALDr
kj ≈ H

(
p̄r

kj
)
− 1

T

T

∑
t=1

H
(

p(t,r)kj
)

4.2 Difficulty-Aware BALD Acquisition (DiffBALD)

Under the 2PL model, informative items are those whose difficulties bj align with the
region of posterior uncertainty, where response outcomes are most sensitive to ability. This
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motivates a difficulty-aware BALD acquisition criterion. To incorporate this alignment in a
simple and computationally tractable way, we introduce a smooth weighting centered at the
item difficulty, which serves as a proxy for the region where item informativeness is highest
under the 2PL model. For an ability value θ, we define

πkj(θ) = exp
(
− 1

2 (bj − θ)2
)

, π̄r
kj =

1
T

T

∑
t=1

πkj(θ
(t,r)
k )

We define the DiffBALD acquisition function as: Ar(qj) = DiffBALDr
kj = π̄r

kj · BALDr
kj.

4.3 Variance-Aware BALD (VarBALD)

While DiffBALD targets mutual information between ability and correctness outcomes, it
does not explicitly account for residual posterior uncertainty in the ability parameter itself.
Under the Laplace approximation, this uncertainty is captured by the posterior variance
σ2

k,r, given by the inverse curvature of the log-posterior (Bishop, 2006; Murphy, 2012a):

σ2
k,r =

(
− ∂2

∂θ2 log pr
E(θ)

∣∣∣
θ=θ̂r

k

)−1

To better align acquisition with the reduction of this uncertainty, we augment DiffBALD
with an explicit variance-reduction term. For each candidate item qj, we define the posterior-
averaged Fisher information

Īr
kj = Eθ∼pr

E

[
a2

j pkj(θ)
(
1 − pkj(θ)

)]
,

with expectation approximated via posterior sampling. Under a one-step lookahead, ob-
serving correctness yields the updated posterior variance

σ2
k,r,new(j) =

(
1

σ2
k,r

+ Īr
kj

)−1

,

and expected reduction ∆σ2
kjr = σ2

k,r − σ2
k,r,new(j). Consequently, we define the VarBALD

acquisition function as

Ar(qj) = VarBALDr
kj = π̄r

kj · BALDr
kj ·
(

1 + α
∆σ2

kjr

σ2
k,r + ε

)
,

where α ≥ 0 controls the strength of variance reduction and ε > 0 ensures numerical
stability. When α = 0, the criterion reduces to DiffBALD.

4.4 RankBALD

We now introduce our primary contribution: an acquisition criterion explicitly aligned with
the downstream ranking objective (see Section 3.1). RankBALD redirects acquisition toward
expected information gain about whether one model outperforms another. To formalize
this objective, we consider a pair of models (s, t) with latent abilities θs and θt. The ranking
outcome for this pair is determined by the binary order variable

Zr
s,t = 1[θr

s > θr
t ],

which is revealed indirectly through their correct responses on candidate items. Item
selection is therefore driven by maximization of the expected information gained about
pairwise orderings. Ideally, one would measure the mutual information between the
ordering variable and the latent abilities themselves, i.e.,

I
(
Zr

s,t; θs, θt | pr
E
)
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However, the latent abilities are not directly observable. Instead, information about the
ordering must be obtained through observed correctness outcomes. For a candidate item qj,
let

Yr
s,t,j = (Ur

sj, Ur
tj) ∈ {0, 1}2

denote the joint correctness outcomes of the two models. We therefore select the next item
according to

q∗j = arg max
qj∈Q\Q∗

r−1

∑
(s,t)∈P

I
(
Zr

s,t; Yr
s,t,j | pr

E
)
,

where P = {(s, t) : 1 ≤ s < t ≤ K} denotes the set of ordered model pairs. Each
mutual information term is estimated via MC sampling from pr

E(θ). As in DiffBALD and
VarBALD, we incorporate difficulty-aware weighting to discourage comparisons driven by
uninformative items. Specifically, we define the kernel

πr
kj(θ) = exp

(
− 1

2
(bj − θ)2

σ2
π,r

)
, π̄r

kj = Eθ∼pr
E
[πr

kj(θ)],

where the bandwidth is calibrated to the posterior scale via

σπ,r = mediank

(
Stdθ∼pr

E
[θk]
)

Because ranking instability arises primarily from small ability gaps, we further emphasize
comparisons between nearby models. Let ξ denote the ranking induced by the checkpoint
enumeration, obtained by indexing models in training order, which serves as a fixed proxy
for the ability ordering of checkpoints within a family. We define the distance between
models s and t as their rank distance:

ω(d) = 1 − d − 1
(K − 1)− 1

, d = |ξ(s)− ξ(t)|,

so that adjacent models receive maximal weight and distant comparisons are deemphasized.
Because ξ is fixed, the weights ω are computed once and held constant across rounds.
Combining these components, we define the RankBALD acquisition function as

Ar(qj) = RankBALDr
j =

∑(s,t)∈P ω(|ξ(s)− ξ(t)|) π̄r
jsπ̄r

jt I
(
Zr

s,t; Yr
s,t,j | pr

E
)

∑(s,t)∈P ω(|ξ(s)− ξ(t)|) π̄r
jsπ̄r

jt + ε
,

where ε > 0 ensures numerical stability. The resulting criterion combines the difficulty
kernel of DiffBALD, now with a posterior-calibrated bandwidth, with a ranking-specific
pairwise information objective, yielding an acquisition score that is sensitive to epistemic
uncertainty, difficulty alignment, and rank-boundary resolution.

5 Experimental Setup and Evaluation Measures

We evaluate whether acquisition strategies aligned with the evaluation objective improve
the efficiency and reliability of active evaluation. To enable a controlled comparison, we
adopt the experimental protocol of Hofmann et al. (2025) and replace only the acquisition
component with our proposed ones, keeping all other elements unchanged.

Open LLM Leaderboard Benchmarks: The primary experimental suite comprises six lan-
guage models with publicly available checkpoints (2.8B-65B parameters), each with between
61 and 94 checkpoints, yielding 2,802 checkpoint–benchmark combinations. Each check-
point is evaluated on six Open LLM Leaderboard benchmarks: ARC Challenge, GSM8K,
HellaSwag, MMLU, TruthfulQA, and WinoGrande. In total, the dataset contains over 13 mil-
lion item-level evaluations. Item parameters are calibrated using separate 2PL IRT models
trained on responses from 102 language models drawn from the Open LLM Leaderboard.
Evaluated models and their post-trained variants are excluded from calibration to prevent
data leakage. The six language models were selected based on the availability of publicly
released per-checkpoint evaluation results on the Open LLM Leaderboard, which is a strict

7



Published as a conference paper at COLM 2026

requirement of our experimental protocol: computing the variance and saturation metrics
requires a trajectory of ability estimates across training checkpoints. Models such as Qwen
and most other frontier systems do not release intermediate checkpoints with leaderboard
evaluations and are therefore incompatible with this setting.

AfroBench (African Language Evaluation): To assess generalization beyond English-centric
benchmarks, we additionally evaluate our approach on AfroBench (Ojo et al., 2025), a
benchmark suite covering multiple African languages. This setting is particularly relevant
as it reflects low-resource and cost-sensitive (Dossou et al., 2026) evaluation scenarios,
where annotation is often limited and expensive. In such contexts, evaluation efficiency
becomes critical, and methods that can reliably characterize model performance with fewer
items are especially valuable. AfroBench therefore provides a complementary testbed for
assessing whether the benefits of ranking-aligned acquisition extend to multilingual and
resource-constrained settings. Details of the adaptation are provided in Appendix A.2.

Benchmark quality is evaluated using the three metrics introduced in Hofmann et al.
(2025). For each model Mk, let xt

k(Q) denote its performance (e.g. accuracy) at checkpoint
t ∈ {1, . . . , T} on benchmark Q, where T is the total number of checkpoints:

• Validity captures cross-benchmark consistency as the average rank distance across
the K models, Validity(B1, B2) =

1
K ∑K

k=1
∣∣rankB1(Mk)− rankB2(Mk)

∣∣, evaluated
on two capability pairs: ARC Challenge vs. MMLU (knowledge and reasoning) and
HellaSwag vs. WinoGrande (commonsense reasoning).

• Variance captures checkpoint stability via normalized total variation: TV(Mk, Q) =

T
T−1

∑T−1
t=1 |xt+1

k −xt
k |

|xT
k −x1

k |
, where lower values indicate smoother, more stable trajectories

and hence higher evaluation quality.
• Saturation is the absolute Spearman rank correlation between the ordered

checkpoint sequence {1, . . . , T} and the corresponding performance values
{x1

k(Q), . . . , xT
k (Q)}, with values close to 1 indicating the benchmark remains dis-

criminative across the considered capability range.

6 Results and Analysis

RankBALD substantially improves evaluation reliability across budgets, benchmarks, and
model families (Tables 1, 2, and 3), consistently achieving the lowest rank distance and
total variation while attaining the highest rank correlation across nearly all conditions, with
the largest gains in the low-budget regime. These results indicate that directly targeting
pairwise ordering uncertainty accelerates recovery of the global ranking more efficiently
than methods that reduce marginal posterior uncertainty in scalar abilities. We note that
the progression BALD → DiffBALD → VarBALD → RankBALD constitutes a component-
wise analysis: comparing DiffBALD against BALD isolates the contribution of difficulty-
aware weighting, comparing VarBALD against DiffBALD isolates variance reduction, and
comparing RankBALD against VarBALD isolates the effect of replacing scalar ability mutual
information with pairwise ordering mutual information, which yields the largest single gain
across all conditions.

Across evaluation budgets, Fluid Benchmarking and response-level BALD variants exhibit
similar convergence behavior, with Fluid achieving competitive total variation at very
small budgets. This is expected, since under the 2PL model BALD is closely related to the
item information that Fluid maximizes, so the two criteria tend to select similar items. In
contrast, RankBALD stabilizes pairwise ordering early (around 50 items), enabling reliable
ranking with fewer evaluation items and yielding lower variance at moderate and large
budgets. This indicates that resolving ordering uncertainty early leads to more stable
evaluation trajectories. The similar performance of DiffBALD and VarBALD suggests
that, once difficulty alignment is incorporated, most of the relevant information gain is
already captured by the BALD objective, and explicit variance reduction provides limited
additional benefit under the Laplace approximation. The performance gap with RankBALD,
therefore, reflects not an improved ability to estimate, but the explicit targeting of pairwise
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Validity (rank dist. ↓) Variance (total var. ↓) Saturation (rank corr. ↑)

Method 10 50 100 500 10 50 100 500 10 50 100 500

Random-IRT 59.45 51.52 45.67 36.09 19.38 16.00 13.77 12.50 0.428 0.642 0.702 0.836
Fluid Benchmarking 46.89 36.91 36.25 34.92 14.30 6.95 6.06 4.94 0.708 0.831 0.850 0.875
BALD 49.36 38.25 36.55 34.94 23.64 9.66 8.09 6.25 0.538 0.779 0.818 0.861
VarBALD 47.56 37.22 36.43 34.77 14.96 8.48 6.82 5.02 0.650 0.811 0.837 0.872
DiffBALD 48.88 37.51 36.37 34.83 15.25 8.34 6.88 5.03 0.657 0.809 0.841 0.873
RankBALD 35.30 29.10 24.23 22.45 12.42 6.09 5.81 3.98 0.728 0.849 0.861 0.877

Table 1: Performance across acquisition strategies as the number of items per benchmark
increases. RankBALD yields the strongest gains across validity, variance, and saturation,
especially in the low-budget regime.

Validity (rank dist. ↓) Variance (total var. ↓) Saturation (rank corr. ↑)

Method ARC GSM HS MMLU WG ARC GSM HS MMLU WG ARC GSM HS MMLU WG

Random-IRT 25.48 36.55 15.61 41.39 26.35 7.92 17.50 6.48 22.00 10.44 0.821 0.713 0.819 0.555 0.780
Fluid 12.44 19.31 6.05 42.38 14.64 3.27 9.09 2.04 6.32 5.81 0.951 0.864 0.985 0.668 0.925
BALD 14.55 24.17 6.60 45.80 21.92 3.58 11.85 2.26 7.98 9.90 0.933 0.834 0.979 0.616 0.863
VarBALD 12.97 21.11 6.38 42.87 17.27 3.49 10.03 2.16 6.50 7.85 0.941 0.853 0.982 0.651 0.909
DiffBALD 12.92 21.07 6.36 42.83 16.66 3.45 10.38 2.15 6.69 7.86 0.944 0.855 0.983 0.651 0.918
RankBALD 12.39 19.10 5.53 38.77 12.68 3.07 8.82 2.01 5.55 4.33 0.958 0.877 0.990 0.718 0.934

Table 2: Benchmark-specific evaluation at 100 items. Validity and variance are reported as
rank distance and total variation (↓), while saturation is reported as rank correlation (↑).
Benchmarks include ARC Challenge (ARC), GSM8K (GSM), HellaSwag (HS), MMLU, and
WinoGrande (WG). TruthfulQA is excluded, following the Fluid Benchmarking protocol.

ordering uncertainty. These patterns hold across benchmarks and model families (Tables 2
and 3), indicating that ordering-aligned acquisition provides consistent advantages across
tasks and model scales. While the Open LLM Leaderboard does not include any African-
language benchmark, we complement our main results with an adaptation of the pipeline
to AfroBench in Appendix A.2, using item-level data obtained directly from the AfroBench
authors (Ojo et al., 2025). These results are consistent with our main findings: RankBALD
outperforms all baselines across validity, variance, and saturation, further supporting the
generality of our approach beyond standard English-centric benchmarks.

These results highlight a fundamental distinction between scalar ability estimation and
ranking recovery: reducing marginal posterior uncertainty does not necessarily resolve
uncertainty near pairwise-ordering boundaries, which determine ranking correctness. By
explicitly targeting ordering uncertainty, RankBALD achieves more reliable model ranking
without modifying the response model or inference procedure, showing that substantial
gains in evaluation efficiency arise from aligning the acquisition objective with the down-
stream decision. A promising direction for future work is to further concentrate acquisition
on comparisons among closely competing models, where ordering uncertainty is most
consequential.

7 Conclusion

We argued that adaptive evaluation should be aligned with the decision it is intended to
support. In particular, ranking is determined by pairwise ordering boundaries rather than
the precision of individual ability estimates, and reducing the latter does not necessarily
resolve the former. Building on this insight, we introduced a family of Bayesian acquisition
criteria for IRT-based active evaluation. DiffBALD and VarBALD extend BALD to the
IRT setting with difficulty-aware weighting and variance-reduction components, while
RankBALD directly targets pairwise ordering uncertainty by maximizing mutual informa-
tion about whether one model outperforms another. Across 2,802 checkpoint-benchmark
combinations on six Open LLM Leaderboard benchmarks, and in an additional adaptation
to AfroBench spanning five African-language tasks, RankBALD consistently achieves the
strongest ranking validity, lowest variance, and fastest saturation, without modifying the
underlying response model or inference procedure. More broadly, these results suggest that

9
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Validity (rank dist. ↓) Variance (total var. ↓) Saturation (rank corr. ↑)

Method A-7B K2-65B O1-7B O2-7B P-3B P-7B A-7B K2-65B O1-7B O2-7B P-3B P-7B A-7B K2-65B O1-7B O2-7B P-3B P-7B

Random-IRT 39.74 31.77 55.58 44.48 51.95 51.10 11.47 15.29 9.37 13.50 19.99 12.98 0.672 0.660 0.775 0.630 0.713 0.759
Fluid 24.75 28.65 41.61 41.86 35.22 36.13 5.54 7.14 5.83 6.83 6.55 4.46 0.819 0.892 0.905 0.802 0.813 0.868
BALD 27.34 28.53 49.47 50.30 36.63 39.72 5.77 13.20 6.43 9.25 7.33 6.57 0.788 0.838 0.886 0.734 0.811 0.853
VarBALD 26.69 27.58 42.83 41.92 35.17 38.31 5.47 9.41 6.05 8.09 7.06 4.86 0.802 0.864 0.895 0.786 0.813 0.863
DiffBALD 26.88 27.85 43.01 41.27 35.90 37.75 5.45 9.36 6.17 8.08 7.22 4.99 0.810 0.871 0.898 0.790 0.814 0.865
RankBALD 23.28 28.38 40.48 38.67 31.58 35.09 4.91 6.03 5.08 5.43 4.79 4.03 0.822 0.897 0.908 0.808 0.839 0.876

Table 3: Language-model-specific evaluation at 100 items. Validity and variance are reported
as rank distance and total variation (↓), while saturation is reported as rank correlation (↑).
Model abbreviations are: A-7B = Amber-7B, K2-65B = K2-65B, O1-7B = OLMo1-7B, O2-7B =
OLMo2-7B, P-3B = Pythia-2.8B, and P-7B = Pythia-6.9B.

benchmark construction should be viewed as an inference problem over model capabilities,
where the acquisition objective is defined with respect to the intended evaluation decision.
The gains demonstrated here arise purely from this alignment, pointing toward a general
principle: active evaluation methods should be designed around what practitioners actually
want to know, not only around what is easiest to quantify.

8 Limitations

Several limitations of the current work are worth noting. First, our approach relies on
pre-fitted IRT parameters, which assumes a fixed item bank and may not generalize to
zero-shot evaluation settings where item parameters are unavailable. Second, the Laplace
approximation used to represent posterior uncertainty may underestimate tail uncertainty
in early acquisition rounds when few items have been observed. Third, item selection in
our framework is sequential and greedy, selecting one item at a time without accounting for
batch-level diversity or redundancy. A natural extension is to move toward batch acquisition,
drawing on BatchBALD (Kirsch et al., 2019), which accounts for the joint information gain of
a set of items rather than summing individual gains greedily. Adapting this to the ranking
objective, selecting a batch of items that jointly maximize mutual information over pairwise
ordering variables, is a principled direction for future work, connecting directly to settings
where evaluation items must be selected in advance for a fixed evaluation round.

9 Code Release

Our source code is publicly available at https://github.com/bonaventuredossou/al
rankbald.
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A Appendix

A.1 From BALD to RankBALD: A Step-by-Step Derivation

This section provides a self-contained derivation bridging the original BALD formulation
(Houlsby et al., 2011) (Section 2) to RankBALD (Section 4.4), intended for a reader already
familiar with BALD but not with the intermediate reasoning behind its adaptation here. We
proceed in six steps: (0) restating BALD in its original setting, (1) mapping every BALD
symbol onto its active-evaluation counterpart, (2) re-deriving BALDr

kj as a substitution, and
(3-5) introducing DiffBALD, VarBALD, and RankBALD as successive, explicitly isolated
additions, each accompanied by the exact estimator used in our implementation.

In classical active learning, once a label y is obtained for x, the pair (x, y) is added to D and
the model is retrained: ω itself changes. In active evaluation, this does not happen. The
evaluated models Mk are frozen throughout the entire procedure; their weights wk never
change. What updates after each acquisition round is not any model, but the evaluator’s belief
pr

E(θ) about the models’ fixed, already-determined abilities. Every quantity introduced
below should be read with this distinction in mind: we are not training a model to solve a
task; we are refining an external observer’s estimate of a fixed target.

Step 0: BALD in its original setting: Houlsby et al. (2011) consider a single model
being trained, with parameters ω, a labeled set D collected so far, and a pool of unlabeled
candidates x ∈ X . Querying x would reveal a predicted output y, with y ⊥ D | ω: given
the parameters, the prediction depends only on the input, not on the training history. The
learner maintains a posterior p(ω | D) and selects

x⋆ = arg max
x∈X

I(y; ω | D) = H[y | D]− Ep(ω|D)

[
H[y | ω]

]
The first term is the entropy of the posterior-marginalized prediction: how uncertain is y once
we average over everything we currently believe about ω. The second term is the expected
entropy conditioned on a specific, single value of ω: how uncertain is y once we commit
to one particular hypothesis. Their difference is large exactly where plausible hypotheses
disagree with one another.

Step 1: mapping every symbol: Table 4 gives the full correspondence; we justify each row
in turn.

Table 4: Notational correspondence between BALD and active evaluation.

BALD (Houlsby et al., 2011) Active evaluation (this paper)

x ∈ X (candidate input) qj ∈ Q (candidate item)
y (predicted output) Ukj (model k’s response to item j)
ω (model parameters) θk (model ability)
D (training data) Q∗

r (items acquired by round r)
p(ω | D) (posterior) pr

E(θ) (evaluator’s belief)
I(y; ω | D) BALDr

kj = I(Ukj; θk)

Structure-preserving substitutions: x → qj and D → Q∗
r are literal: both are ”the next thing to

query” and ”everything queried so far,” respectively. Likewise p(ω | D) → pr
E(θ): both are

a belief over an unknown, conditioned on what has been observed.

Parameters to ability: a forced dimensionality reduction: In BALD, ω is the full parameter vector
of the model being trained, potentially of very high dimension. In active evaluation we are
not recovering weights; we are summarizing capability. The 2PL model (Section 2) already
supplies a principled scalar summary, θk, so the object of inference collapses from ω to one
real number per model. This is forced by the evaluation goal, not a free choice.

Predicted output to response: same role, different form: y and Ukj play the same role in their
respective objectives: both are the observable outcome whose distribution depends on the
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input and the parameter, and both satisfy the same conditional-independence structure
relative to the accumulated data, i.e., Ukj ⊥ Q∗

r | θk, mirroring y ⊥ D | ω above. This shared
independence structure is exactly what makes H[Ukj | Q∗

r ] and H[Ukj | θk] meaningfully
different quantities, just as it does for y in the original formulation. What differs is their
form: y’s distribution p(y | x, ω) is an arbitrary function computed by the trained network,
with no closed form in general. Ukj’s distribution is fixed and known in closed form by
construction:

Ukj ∼ Bernoulli(pkj(θ)), pkj(θ) := p(Ukj = 1 | θ) = σ
(
aj(θ − bj)

)
(Eq. 3). We write pkj(θ) as shorthand for this conditional probability and reuse it in every
acquisition criterion below.

The model index k: a structural addition with no counterpart: BALD is written for one model in
training. Active evaluation tracks a population of K models at once, so every quantity below
carries an index k that simply has no analogue in the original formulation, since BALD
never needed to handle more than one model simultaneously.

Step 2: re-deriving BALDr
kj: Substituting every mapped symbol from Step 1 into the Step 0

objective gives

q⋆j = arg max
qj∈Q\Q∗

r
I(Ukj; θk | Q∗

r ) = H[Ukj | Q∗
r ]− Epr

E(θ)

[
H[Ukj | θ]

]
.

Because Ukj is Bernoulli with parameter pkj(θ), both terms admit closed forms. The pre-
dictive entropy of the posterior-marginalized prediction is the entropy of the mixture
probability, H[Ukj | Q∗

r ] = H
(
Epr

E(θ)
[pkj(θ)]

)
; the expected conditional entropy is the expec-

tation of the entropy of each individual Bernoulli, Epr
E(θ)

[H[Ukj | θ]] = Epr
E(θ)

[
H(pkj(θ))

]
.

Substituting both gives exactly the paper’s Section 4.1 objective:

BALDr
kj = H

(
Epr

E(θ)
[pkj(θ)]

)
− Epr

E(θ)

[
H
(

pkj(θ)
)]

,

approximated via the same Monte Carlo sampling from the posterior that BALD itself uses
(Appendices A.6, A.8). No new modeling assumption has been introduced in this step:
every term is a direct substitution of a BALD term via Step 1’s correspondence, followed by
the standard Bernoulli-entropy identity.

A remark on the first term. One might expect the predictive entropy to be written H[pkj(θ)],
but this is not a scalar: θ is a random variable under pr

E, so pkj(θ) is itself random and
H[pkj(θ)] is a random quantity rather than a number. The predictive entropy is by definition
the entropy of the posterior predictive distribution, p(Ukj =1 | Q∗

r ) =
∫

pkj(θ) pr
E(θ) dθ =

p̄ r
kj, so the marginalization is forced by the definition of the term rather than being an

additional Bayesian modeling choice. Note that the two terms of BALDr
kj contain the same

object pkj(θ) and differ only in whether H is applied before or after the expectation over
pr

E. Their difference is non-negative because H is concave, and vanishes exactly when
pkj(θ) is constant over the posterior. If pr

E were replaced by a point mass at the MAP, both
terms would collapse to H(pkj(θ̂

r
k)) and the criterion would be identically zero: the entire

epistemic signal comes from the order in which H and E are applied.

Step 3: DiffBALD, the first new component: BALDr
kj is already sensitive to where an item

sits on the 2PL difficulty scale, since the response probability is most responsive to ability
when bj is near the region of posterior mass. Expanding the entropy about p̄ r

kj and applying

the delta method gives, for small posterior variance, BALDr
kj ≈ 1

2 σ2
k,r a2

j pkj(µ)(1 − pkj(µ)),

where µ denotes the posterior mean: the item information of Section 2 scaled by σ2
k,r, which

is maximized at bj = µ. This difficulty preference is inherited from the IRT layer introduced
in Step 1 and is absent from generic BALD, where no notion of item difficulty exists. What
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it does not provide is control over the width of that preference: the peak in bj has extent of
order 1/aj, set by the item’s own discrimination. We therefore introduce a difficulty kernel,
with no BALD counterpart, that imposes a bandwidth on the same axis:

πkj(θ) = exp
(
− 1

2 (bj − θ)2
)

, π̄r
kj =

1
T

T

∑
t=1

πkj
(
θ
(t,r)
k
)
,

DiffBALDr
kj = π̄r

kj · BALDr
kj

This kernel is a design choice rather than a derived quantity: it is chosen for its shape,
peaked at θ = bj and smoothly decaying, not obtained from an optimality argument. What
is derivable is its expectation under a Gaussian posterior θ ∼ N (µ, σ2). Combining the
exponents of πkj(θ) and the Gaussian density and completing the square in θ gives, after
simplification,

Eθ [πkj(θ)] =
1√

1 + σ2
exp

(
−

(bj − µ)2

2(1 + σ2)

)
,

the closed form used in Appendix A.7 to justify the clipping bounds σ2
min, σ2

max. In our
implementation, this expectation is nonetheless approximated by Monte Carlo averaging
over θ

(t,r)
k rather than evaluated in closed form, consistent with how every other posterior

expectation in this paper is computed.

Step 4: VarBALD, addressing what DiffBALD still misses: DiffBALD’s mutual-
information term captures pointwise disagreement about a specific response but does
not explicitly track the residual width of the posterior after that response is observed, a
quantity BALD also never targets directly, since it relies on the MI term alone as its full
measure of uncertainty. Unlike the DiffBALD kernel, both components introduced here are
derivable from first principles rather than chosen by design.

Fisher information under the 2PL model: Write the Bernoulli log-likelihood of a single response,
ℓ(θ) = Ukj log pkj(θ) + (1 − Ukj) log

(
1 − pkj(θ)

)
. Using the logistic derivative identity

σ′(z) = σ(z)(1 − σ(z)) and the chain rule through pkj(θ) = σ(aj(θ − bj)), one obtains
ℓ′(θ) = aj

(
Ukj − pkj(θ)

)
and, differentiating once more, ℓ′′(θ) = −a2

j pkj(θ)(1 − pkj(θ)).
Since this does not depend on Ukj, the observed and expected Fisher information coincide:

I(θ) = E[−ℓ′′(θ)] = a2
j pkj(θ)

(
1 − pkj(θ)

)
,

which is exactly the item-information formula of Section 2. The posterior-averaged quantity
used by VarBALD is this same expression, averaged over posterior samples of θ rather than
evaluated at a point:

σ2
k,r = Varθ∼pr

E
[θ], Īr

kj =
1
T

T

∑
t=1

a2
j pkj

(
θ
(t,r)
k
)(

1 − pkj
(
θ
(t,r)
k
))

The one-step lookahead update: Under a local Gaussian approximation, the current log-posterior
has curvature (precision) 1/σ2

k,r. If item j were hypothetically observed, the updated log-
posterior is the current log-posterior plus the new log-likelihood term; taking the second
derivative at the mode and using precision additivity of independent quadratic contributions
gives updated precision 1/σ2

k,r + Īr
kj. Inverting yields

σ2
k,r,new(j) =

(
1

σ2
k,r

+ Īr
kj

)−1

, ∆σ2
kjr = σ2

k,r − σ2
k,r,new(j),

the same precision-additivity logic already used in Appendix A.6 to accumulate Fisher
information over the full acquired set Q∗

r , applied here hypothetically to a single candidate
item. Combining both derived quantities with the DiffBALD kernel from Step 3 gives

VarBALDr
kj = π̄r

kj · BALDr
kj ·
(

1 + α
∆σ2

kjr

σ2
k,r + ε

)
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In our implementation, σ2
k,r is computed as the empirical variance of θ

(t,r)
k samples drawn

from the entropy-adaptive broadened posterior (Appendix A.8), rather than the Laplace
variance of Appendix A.6 directly. Since the broadened sampling distribution is a two-
component Gaussian mixture with tail multiplierκk,r ∈ [κmin, κmax] sharing the mode θ̂r

k, its
variance is 1

2 (1 + κ2
k,r) times the underlying Laplace variance, so σ2

k,r as used in VarBALD
is systematically larger than the point-curvature estimate, reflecting the same broadened
uncertainty used throughout posterior sampling, in the paper.

Step 5: RankBALD, a change in what is being estimated: Every criterion through Var-
BALD still targets the same kind of quantity BALD targets: information about a per-model
scalar θk, the low-dimensional descendant of ω from Step 1. RankBALD changes the ques-
tion itself, from ”how much does item j tell me about θk” to ”how much does item j tell
me about whether model s outperforms model t.” This requires an object with no BALD
analogue at all: the pairwise order variable

Zr
s,t = 1[θr

s > θr
t ]

The ideal quantity, I(Zr
s,t; θs, θt | pr

E), is inaccessible because θs, θt are latent, so we instead
measure information gained through the observable joint responses Yr

s,t,j = (Ur
sj, Ur

tj) ∈
{0, 1}2. Unlike BALDr

kj in Step 2, which exploits the closed-form Bernoulli entropy to
compute its objective analytically from posterior samples of θ alone, the pairwise mutual
information term is estimated by a plug-in (empirical histogram) estimator over fully sampled
discrete outcomes. Concretely, for t = 1, . . . , T: draw θ

(t,r)
s ∼ pr

E(θs) and θ
(t,r)
t ∼ pr

E(θt)
(independent per-model posteriors, as established in Step 1); compute

Z(t,r) = 1
[
θ
(t,r)
s > θ

(t,r)
t
]
;

compute the response probabilities under the 2PL model and, critically, sample binary
responses from them rather than using the probabilities directly:

p(t,r)sj = σ
(
aj(θ

(t,r)
s − bj)

)
, U(t,r)

sj ∼ Bernoulli
(

p(t,r)sj
)
,

and likewise for U(t,r)
tj , giving Y(t,r)

s,t,j = (U(t,r)
sj , U(t,r)

tj ) as a sampled realization. This yields T

i.i.d. triples (Z(t,r), Y(t,r)
s,t,j ) over the 2 × 4 = 8 possible outcomes of (Z, Y) ∈ {0, 1} × {0, 1}2.

The empirical joint distribution is formed by frequency count,

P̂(Z = z, Y = y) =
1
T

T

∑
t=1

1
[
Z(t,r) = z, Y(t,r)

s,t,j = y
]
, z ∈ {0, 1}, y ∈ {0, 1}2,

with marginals P̂(Z = z) = ∑y P̂(z, y) and P̂(Y = y) = ∑z P̂(z, y), and mutual information
is estimated by its definition applied directly to this empirical joint:

Î
(
Zr

s,t; Yr
s,t,j | pr

E
)
= max

(
0, ∑

z
∑
y

P̂(z, y) log
P̂(z, y) + ε

P̂(z)P̂(y) + ε

)
This plug-in estimator trades the analytic entropy decomposition used in Step 2 for a fully
empirical one over the joint 8-outcome space, avoiding a more involved nested-conditioning
derivation at the cost of additional Monte Carlo variance from sampling Usj, Utj directly.

As in DiffBALD and VarBALD, we incorporate difficulty-aware weighting, now with a
posterior-calibrated bandwidth σπ,r rather than the fixed bandwidth of Step 3:

σπ,r = mediank

(
Stdθ∼pr

E
[θk]
)

, πr
kj(θ) = exp

(
− 1

2
(bj − θ)2

σ2
π,r

)
, π̄r

kj = Eθ∼pr
E

[
πr

kj(θ)
]

Because ranking instability arises primarily from small ability gaps, we further weight
pairs by their current rank distance, ω(d) = 1 − d−1

(K−1)−1 with d = |ξ(s)− ξ(t)|, so adjacent
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models receive maximal weight. Combining the plug-in MI estimator, the recalibrated
difficulty kernel, and the rank-distance weight over all model pairs P = {(s, t) : 1 ≤ s <
t ≤ K} gives the full RankBALD acquisition function:

RankBALDr
j =

∑(s,t)∈P ω(|ξ(s)− ξ(t)|) π̄r
jsπ̄r

jt Î
(
Zr

s,t; Yr
s,t,j | pr

E
)

∑(s,t)∈P ω(|ξ(s)− ξ(t)|) π̄r
jsπ̄r

jt + ε

Table 5 consolidates the six steps above.

Table 5: Provenance of components across the derivation (Section 4).

Component Provenance

Mutual-information objective Inherited from BALD (Step 0)
Entropy decomposition Inherited from BALD (Step 0, 2)
Monte Carlo posterior sampling Inherited from BALD (Step 0)
Scalar ability θk (vs. full ω) Required by evaluation setting (Step 1)
Frozen models / evaluator-only updates Required by evaluation setting
Round-indexed evaluator posterior pr

E(θ) Required by evaluation setting (Step 1)
IRT response model (aj, bj) Required by evaluation setting (Step 1)
Difficulty-alignment kernel πkj(θ) Novel to RankBALD (Step 3)
Fisher information / lookahead variance Novel to RankBALD (Step 4)
Pairwise ordering variable Zr

s,t Novel to RankBALD (Step 5)
Plug-in MI estimator over (Z, Y) Novel to RankBALD (Step 5)
Rank-distance weighting ω(·) Novel to RankBALD (Step 5)

A.2 AfroIRT-Bench: Adapting Fluid Benchmarking to African-Language Evaluation

Motivation: The Open LLM Leaderboard (Beeching et al., 2023), the de facto standard for
comparing frontier language models, does not include any African-language benchmark
in its evaluation suite. This makes it impossible to directly obtain the structured, per-item
response data that the Fluid Benchmarking pipeline requires for a broad set of models
in this domain. As an alternative, we contacted the authors of AfroBench (Ojo et al.,
2025), a comprehensive multilingual benchmark covering African languages, to obtain
item-level model response data. Due to the practical constraints of running large-scale
evaluations, the authors were able to provide results for five models: gpt-5-2025-08-07,
gemini-3-pro-preview, gemini-2.0-flash, gemma-3-27b-it, and Qwen3.5-27B. These five
models form the basis of the experiments reported in this appendix.

Model families as pseudo-checkpoints: The original Fluid Benchmarking frame-
work (Hofmann et al., 2025) was designed for language models evaluated across training
checkpoints, where each checkpoint represents a snapshot of the same model at a different
stage of training, producing a natural trajectory of improving ability scores. AfroBench,
by contrast, consists of final-checkpoint evaluations of distinct frontier models. To faithfully
adapt the pipeline to this setting, we group models into model families and treat members
of each family as pseudo-checkpoints ordered by increasing capability. This mirrors the
intuition behind training checkpoints: just as a model improves through training, larger or
newer members of the same model family consistently outperform smaller or older ones.
Concretely, we define three families:

• Gemini/Gemma (S = 3): gemma-3-27b-it → gemini-2.0-flash →
gemini-3-pro-preview, ordered from weakest to strongest. Gemma is the
open-source counterpart of the Gemini model family, making this a natural
capability progression within a single lineage

• GPT (S = 1): gpt-5-2025-08-07 (single snapshot)

• Qwen (S = 1): Qwen3.5-27B (single snapshot)
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Items per benchmark Benchmark (100 items) LM family (100 items)

Measure Method 10 50 100 500 GSM MMLU XNLI Bele SIB Gem/Gemma GPT Qwen

Validity
Rank dist. ↓

Random-IRT 0.900 0.800 0.600 0.800 0.400 0.800 0.000 0.400 0.400 0.800 0.400 0.000
Fluid Benchmarking 0.900 0.800 0.800 0.700 0.200 0.200 0.400 0.200 0.200 0.667 0.000 0.000
BALD 0.700 0.600 1.000 1.200 0.800 0.600 0.200 1.200 0.200 1.467 0.000 0.400
VarBALD 0.800 0.800 0.800 0.800 0.000 0.000 0.000 0.000 0.400 0.133 0.400 0.000
DiffBALD 0.600 0.800 0.800 0.800 0.000 0.000 0.000 0.000 0.000 0.400 0.400 0.000
RankBALD 0.667 0.333 0.333 0.333 0.000 0.000 0.000 0.000 0.000 0.133 — —

Variance
Total var. ↓

Random-IRT 5.076 5.076 5.076 5.076 1.500 1.500 1.500 2.814 1.500 1.763 — —
Fluid Benchmarking 2.024 2.024 2.024 2.024 1.500 1.500 1.500 5.441 1.500 2.288 — —
BALD 1.875 1.875 1.875 1.875 1.553 1.500 1.500 1.500 1.500 1.511 — —
VarBALD 5.768 5.768 5.768 5.768 1.500 1.500 1.500 4.831 1.500 2.166 — —
DiffBALD 8.028 8.028 8.028 8.028 1.500 1.500 1.500 4.652 1.500 2.130 — —
RankBALD 1.455 1.455 1.455 1.455 1.500 1.500 1.500 1.500 1.500 1.456 — —

Saturation
Rank corr. ↑

Random-IRT 0.703 0.703 0.703 0.703 1.000 1.000 1.000 0.500 1.000 0.900 — —
Fluid Benchmarking 0.677 0.677 0.677 0.677 1.000 1.000 1.000 0.500 1.000 0.900 — —
BALD 0.637 0.637 0.637 0.637 0.500 1.000 1.000 1.000 1.000 0.900 — —
VarBALD 0.450 0.450 0.450 0.450 1.000 1.000 1.000 0.500 1.000 0.900 — —
DiffBALD 0.597 0.597 0.597 0.597 1.000 1.000 1.000 0.500 1.000 0.900 — —
RankBALD 0.740 0.740 0.740 0.740 1.000 1.000 1.000 1.000 1.000 0.900 — —

Table 6: Evaluation of acquisition strategies on AfroBench under three experimental axes: (1)
varying the number of items per benchmark, (2) per-benchmark performance at a fixed evalu-
ation size of 100 items, and (3) per-model-family performance at the same fixed size. Validity
and variance are reported as rank distance and total variation, respectively (↓ lower is better);
saturation is reported as rank correlation (↑ higher is better). Bold indicates the best value in
each column. ”—” denotes undefined values for singleton families (S = 1), where variance
and saturation require at least two pseudo-checkpoints. Model families: Gemini/Gemma
comprises gemma-3-27b-it → gemini-2.0-flash → gemini-3-pro-preview (S = 3, ordered
by capability); GPT (gpt-5-2025-08-07) and Qwen (Qwen3.5-27B) are singletons (S = 1).
Benchmarks: GSM = AfriGSM, MMLU = AfriMMLU, XNLI = AfriXNLI, Bele = Belebele,
SIB = SIB-200.

Singleton families (S = 1) contribute to validity evaluation but yield undefined variance
and saturation scores, since both metrics require a trajectory of at least two points. These
cases are reported as ”—” in Table 6.

Benchmarks: We evaluate across five African-language benchmarks: AfriGSM (GSM),
AfriMMLU (MMLU), AfriXNLI (XNLI), Belebele (Bele), and SIB-200 (SIB), covering math-
ematical reasoning, knowledge, natural language inference, reading comprehension, and
topic classification, respectively. Item-level IRT parameters (discrimination a and difficulty
b) are estimated using a 2PL model fitted jointly across all five models, providing the item
selection backbone for all active methods.

Results: Table 6 reports performance across three experimental axes: (i) varying the
number of items per benchmark, (ii) per-benchmark performance at a fixed evaluation size
of 100 items, and (iii) per-model-family performance at the same fixed size.

Validity: RankBALD achieves the lowest rank distance across all item counts (0.333 at 50,
100, and 500 items), all five benchmarks (0.000 on GSM, MMLU, XNLI, Bele, and SIB), and
the Gemini/Gemma family (0.133, tied with VarBALD). This indicates that RankBALD’s
shared acquisition strategy most faithfully preserves the relative ranking of model families.
BALD, by contrast, degrades at larger item counts (1.200 at 500 items), suggesting it overfits
to individual ability estimates rather than relative ordering.

Variance: RankBALD achieves the lowest total variation (1.455) across item counts, outper-
forming BALD (1.875), the previous best baseline. Lower variance indicates that the ability
estimates produced by RankBALD are more stable as the number of selected items grows; a
desirable property for reliable evaluation. Within the Gemini/Gemma family, RankBALD
again achieves the lowest variance (1.456), ahead of BALD (1.511) and the random baselines
(1.763-1.773).
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Saturation: RankBALD achieves the highest rank correlation (0.740) across item counts,
indicating that its ability estimates converge most monotonically toward the true full-
benchmark score. This exceeds Random-IRT (0.703), the best baseline, by 0.037. Within the
Gemini/Gemma family, all methods, including RankBALD, achieve a saturation score of
0.900; a ceiling effect attributable to the small number of pseudo-checkpoints (S = 3) rather
than a limitation of RankBALD itself.

Consistency with main results: Despite the sparse evaluation setting, i.e., only five models
grouped into three families, with a single multi-member family (S = 3), the AfroIRT-Bench
results are fully consistent with the main paper findings. RankBALD achieves the low-
est rank distance, lowest total variation, and highest rank correlation across virtually all
experimental axes (Table 6), mirroring its dominant performance on the primary bench-
marks. This consistency across two very different evaluation settings, a well-resourced
English-centric leaderboard and a sparse African-language benchmark built from data
obtained directly from benchmark authors, strengthens the case for RankBALD as a robust
and general-purpose active evaluation strategy. The one exception is the saturation ceiling
observed within the Gemini/Gemma family, which is an artifact of the limited number of
pseudo-checkpoints available rather than a limitation of the method itself.

Table 7: Statistical significance of results at budget=100. Validity (rank distance ↓), variance
(total variation ↓), and saturation (rank correlation ↑) are reported as mean ± SE with 95%
CI and paired t-test p-values relative to RankBALD over 6 LM-level observations.

Validity ↓ Variance ↓ Saturation ↑
Method Mean ± SE 95% CI p Mean ± SE 95% CI p Mean ± SE 95% CI p

Random-IRT 45.67 ± 3.64 [38.5, 52.8] 0.005 13.77 ± 1.49 [10.9, 16.7] 0.002 0.702 ± 0.024 [0.655, 0.749] 0.0004
Fluid 36.25 ± 2.81 [30.7, 41.8] 0.021 6.06 ± 0.40 [5.3, 6.9] 0.005 0.850 ± 0.017 [0.817, 0.883] 0.066
BALD 36.55 ± 4.03 [28.6, 44.4] 0.017 8.09 ± 1.13 [5.9, 10.3] 0.022 0.818 ± 0.021 [0.778, 0.858] 0.006
VarBALD 36.43 ± 2.85 [30.9, 42.0] 0.015 6.82 ± 0.70 [5.5, 8.2] 0.013 0.837 ± 0.019 [0.800, 0.874] 0.001
DiffBALD 36.37 ± 2.76 [31.0, 41.8] 0.013 6.88 ± 0.68 [5.5, 8.2] 0.010 0.841 ± 0.019 [0.804, 0.878] 0.002
RankBALD 24.23 ± 2.65 [19.0, 29.5] – 5.05 ± 0.27 [4.5, 5.6] – 0.861 ± 0.017 [0.828, 0.894] –

A.3 Statistical Significance of Results

We compute standard errors over 6 LM-level observations via paired t-test at budget=100,
providing a measure of the reliability of the reported differences across model families.
Results are reported as mean ± SE with 95% confidence intervals and significance relative
to RankBALD.

RankBALD’s improvements are statistically significant on validity (p = 0.021 vs Fluid)
and variance (p = 0.005 vs Fluid) at budget=100, confirming that the reported differences
reflect genuine signal rather than random fluctuation across model families. On saturation,
RankBALD improves significantly over all BALD variants (p ≤ 0.006) but the gap with
Fluid does not reach significance at this budget (p = 0.066), consistent with the smaller
numerical difference reported in Table 1 (0.861 vs 0.850). These results indicate that the
primary advantage of RankBALD lies in its ability to resolve pairwise ordering uncertainty
more reliably, as captured by the validity metric, and to produce more stable evaluation
trajectories, as captured by variance, rather than in improving monotonic convergence
toward the full benchmark score.

A.4 Comparison with Offline Evaluation Methods

Two recent works on efficient LLM evaluation deserve explicit discussion: TinyBenchmarks
(Polo et al., 2024) and MetaBench (Kipnis et al., 2025). Both are valuable contributions
to the broader goal of reducing evaluation costs, and we cite them here to clarify the
relationship to our work. TinyBenchmarks (Polo et al., 2024) selects a fixed small subset
of benchmark items offline, prior to any model evaluation, using IRT-based item selection
to identify the most informative items across a large pool. MetaBench (Kipnis et al., 2025)
aggregates performance across multiple benchmarks to predict leaderboard scores from
a small number of items. Both approaches are designed for the offline setting, where
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item selection is performed once and applied uniformly across all models. Our setting is
fundamentally different: items are selected sequentially and online, conditioned on observed
model responses at each acquisition round. This distinction matters because online adaptive
selection can exploit information gathered during evaluation to refine subsequent item
choices, whereas offline methods must commit to a fixed subset before seeing any responses.
Exploring whether elements of these offline approaches, particularly their item selection
criteria, could be adapted to the sequential setting is an interesting direction for future work.

A.5 Sensitivity Analysis for Variance Clipping

Appendix A.7 provides a principled derivation of the clipping bounds σ2
min = 2 and

σ2
max = 6, tying them to the IRT item discrimination scale rather than treating them as

free hyperparameters. A full empirical sensitivity analysis sweeping σ2
min ∈ {1, 2, 3} and

σ2
max ∈ {4, 6, 9} is left for future work and will be included in an extended version of this

paper.

A.6 Posterior Inference

The ability θk is treated as a latent random variable with posterior distribution pr
E(θ), which

forms the probabilistic state used to guide active item selection. To guide active item
selection, the evaluator must maintain a probabilistic belief over model abilities rather
than a single point estimate. Bayesian acquisition criteria depend on expected reductions
in posterior uncertainty, which requires explicit quantification of epistemic uncertainty
in the ability estimate. We therefore approximate the posterior locally using a Laplace
approximation around the MAP estimate:

pr
E(θ) ≈ N

(
θ̂r

k, σ2
k,r
)
,

where the variance is given by the inverse curvature of the log-posterior:

σ2
k,r =

(
− ∂2

∂θ2 log pr
E(θ)

∣∣∣
θ=θ̂r

k

)−1

Laplace approximations around the MAP estimate are standard in Bayesian generalized
linear models, where posterior curvature is approximated using the observed Fisher infor-
mation (MacKay, 1992; Murphy, 2012b). Under the 2PL likelihood, the negative curvature
of the log-likelihood with respect to θ corresponds to

I r
k(θ) = ∑

j∈Q∗
r

a2
j pkj(θ)

(
1 − pkj(θ)

)
,

yielding the practical estimator σ2
k,r ≈

(
I r

k(θ̂
r
k) + λ

)−1
, where λ > 0 denotes a fixed prior

precision that ensures numerical stability and provides a base level of uncertainty in the
absence of sufficient observations. This value is then clipped to [σ2

min, σ2
max] for further

stability, providing a tractable uncertainty-aware summary of the evaluator’s posterior
belief. We choose σ2

min = 2 and σ2
max = 6, with justification provided in Appendix A.7.

Additionally, expectations under pr
E(θ) are approximated with Monte Carlo samples from

a Gaussian approximation centered at the MAP estimate. To improve robustness under
posterior misspecification, we use a broadened sampling distribution; full details are given
in Appendix A.8.

A.7 Justification of variance clipping

The Laplace variance σ
2(r)
k is an inverse-curvature estimate and may become arbitrarily

large when the observed items provide little Fisher information, or arbitrarily small when
curvature becomes extreme. To ensure numerical stability and non-degenerate acquisition
behavior, we clip σ

2(r)
k to a bounded interval [σ2

min, σ2
max].
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We justify the specific choices σ2
min = 2 and σ2

max = 6 by analyzing: (i) when BALD collapses
under overconfident posteriors and (ii) when multiplicative acquisition scores collapse
under overly diffuse posteriors.

Lower bound: BALD measures epistemic disagreement through the mutual information
between latent ability and future response:

BALD(r)
kj = H

(
Eθ [pkj(θ)]

)
− Eθ

[
H(pkj(θ))

]
, pkj(θ) = σ

(
aj(θ − bj)

)
This quantity is exactly zero if pkj(θ) is (almost) constant over posterior samples. A necessary
condition for non-degenerate BALD is therefore that posterior sampling induces nontrivial
variation in the logit

ℓkj(θ) = aj(θ − bj)

The logistic link saturates outside its natural scale and satisfies

σ′(x) = σ(x)(1 − σ(x)) ≤ 1
4 ,

so meaningful variation in σ(x) requires that posterior samples move ℓkj(θ) by O(1) rather
than remaining concentrated in a tiny neighborhood. A sufficient, item-scale condition is
that for some non-negligible fraction of posterior mass,

|ℓkj(θ)− ℓkj(µ
(r)
k )| = aj|θ − µ

(r)
k | ≳ 1,

where µ
(r)
k denotes the posterior center (e.g., the MAP or posterior mean). This highlights the

correct scaling: the natural ability displacement needed to avoid a near-constant predictive
probability is ≈ 1/aj. To obtain a single global bound (independent of j) while remaining
conservative, we enforce this condition at the typical discrimination scale

ā def
= median{aj : j ∈ Q∗

r }

In our implementation, item discriminations are calibrated on the standard IRT scale (and
optionally normalized), so ā is close to 1. We then impose a dispersion requirement ensuring
that Monte Carlo estimates of BALD do not collapse in practice:

P

(
|θ − µ

(r)
k | ≥ 1

ā

)
≥ ρ,

with ρ chosen so that a substantial fraction of posterior samples explore both sides of the
ability scale (we take ρ ≈ 0.48, i.e., roughly half the samples). For a Gaussian posterior
θ ∼ N (µ, σ2),

P

(
|θ − µ| ≥ 1

ā

)
= 2Φ

(
− 1

ā σ

)
,

where Φ is the standard normal CDF. Setting ρ = 0.48 yields

2Φ
(
− 1

ā σ

)
≥ 0.48 ⇐⇒ 1

ā σ
≤ 0.706 . . . ⇐⇒ σ ≳

1.416
ā

⇐⇒ σ2 ≳
2.0
ā2

In our calibrated setting, item discriminations lie on the natural IRT scale, with ā ≈ 1. Under
this scaling, the smallest variance satisfying the dispersion criterion is σ2 ≈ 2. We therefore
set the lower clipping bound to σ2

min = 2. This choice ensures that posterior sampling
regularly explores the non-saturated region of the logistic link at the typical discrimination
scale.

Specifically, a non-negligible fraction of posterior mass satisfies |aj(θ − bj)| ≲ 1, where
predictive probabilities remain sensitive to changes in ability. As a result, epistemic dis-
agreement is preserved, and BALD does not collapse in practice.
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Upper bound: While the lower bound prevents overconfident posterior collapse, an upper
bound is required to prevent degeneration driven by excessive posterior dispersion. Our
acquisition scores are multiplicative:

S(r)
kj = π̄

(r)
kj · BALD(r)

kj

Since responses are Bernoulli, 0 ≤ H(p) ≤ log 2, hence 0 ≤ BALD(r)
kj ≤ log 2. Thus, if

the expected difficulty weight π̄
(r)
kj vanishes uniformly across items, all acquisition scores

collapse regardless of epistemic disagreement. We use the difficulty-aware weighting

πkj(θ) = exp
(
− 1

2 (bj − θ)2
)

, π̄
(r)
kj = E

θ∼p(r)E
[πkj(θ)]

For θ ∼ N (µ, σ2), the expectation admits the closed form

Eθ [πkj(θ)] =
1√

1 + σ2
exp

(
−

(bj − µ)2

2(1 + σ2)

)
In particular, even under perfect alignment bj = µ, the best-case expected weight is

max
bj

Eθ [πkj(θ)] =
1√

1 + σ2

Therefore, for all items j,

S(r)
kj ≤ (log 2)

1√
1 + σ2

,

so letting σ2 → ∞ forces S(r)
kj → 0 uniformly, rendering acquisition unstable. To choose a

concrete upper bound, we tie it to the lower bound in a principled way by constraining
the maximum attenuation factor of the multiplicative weight over the admissible variance
range.

Specifically, we require that the best-case weight does not shrink by more than a factor√
1 + σ2

max relative to its maximum value 1 (attained at σ2 = 0), and we set the variance
range so that the upper bound is a fixed multiple of the lower bound: σ2

max = 3 σ2
min.

With σ2
min = 2, this yields

1√
1 + σ2

max
=

1√
7

Equivalently, this enforces the explicit attenuation floor

1√
1 + σ2

max
≥ 1√

7
⇐⇒ σ2

max ≤ 6,

ensuring that even in the best-aligned regime, the expected difficulty weight remains at
least 1/

√
7 and cannot uniformly suppress all acquisition scores. We therefore adopt the

upper clipping bound σ2
max = 6.

A.8 Entropy-Adaptive Posterior Sampling

Bayesian acquisition criteria require expectations with respect to the evaluator’s posterior
belief pr

E(θ). In practice, these expectations are approximated via Monte Carlo sampling.
While the Laplace approximation provides a tractable local Gaussian representation of the
posterior, relying solely on this approximation can underestimate tail uncertainty, partic-
ularly when curvature is locally steep or the posterior is mildly misspecified. This can
concentrate samples near the mode and miss informative regions, leading to unstable ac-
quisition behavior under limited evaluation budgets. To obtain a more robust sampling
distribution, we construct a Gaussian scale mixture centered at the MAP estimate. Let the
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differential entropy of the Laplace approximation be Hk,r =
1
2 log

(
2πe σ2

k,r
)
. We map this

entropy to a tail multiplier κk,r = clip(1 + Hk,r, κmin, κmax), and define two sampling scales
s1,k,r = σk,r, s2,k,r = κk,r σk,r. Samples of θk are then drawn from the mixture

θr
k ∼ 1

2N
(
θ̂r

k, s2
1,k,r
)
+ 1

2N
(
θ̂r

k, s2
2,k,r
)

Gaussian scale mixtures are commonly used in Bayesian inference to encourage exploration
beyond local curvature approximations (Neal, 1996). The resulting sampling distribution
preserves local posterior structure while providing sufficient dispersion for stable acquisition
under posterior uncertainty.
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