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Abstract

Evaluating large language models typically re-
quires thousands of benchmark items, making
the process expensive and increasingly imprac-
tical. Existing protocols rely on average ac-
curacy over fixed item sets, treating all items
as equally informative—yet many items are
too easy or too hard to distinguish between
models, making evaluation both wasteful and
imprecise. Item Response Theory (IRT) with
Computerized Adaptive Testing (CAT) offers
a principled alternative—separately estimating
model ability and item difficulty, then adap-
tively selecting the most informative items.
However, practical deployment is bottlenecked
by costly item calibration, and standard greedy
selection causes severe over-exposure of fre-
quently picked items while leaving the rest
of the bank under-utilized, which risks data
contamination over time. We propose FAIR-
Eval with two components: Feature-Driven
Calibration (FDC), which jointly learns item
parameters from text features and sparse re-
sponses, enabling low-cost bank expansion re-
quiring only minimal model responses; and
Maximum Fisher Information Plus (MFI+),
which counteracts greedy selection by incorpo-
rating exposure control, while simultaneously
enforcing difficulty coverage and domain di-
versity to systematically activate under-utilized
items. On a 6,796-item bank (193 calibration
models, 50 held-out), FAIR-Eval achieves Pear-
son 7 = 0.9882 and Spearman p = 0.9828
against full evaluation using around 3% of
items. Crucially, it broadens difficulty cover-
age from 60.0% to 68.7%, achieving a more
comprehensive and robust assessment of model
capabilities with minimal test length. Code and
data are available at https://github.com/
wang98473/FAIR-Eval.

“Equal contribution.

Corresponding author.

1 Introduction

Evaluating large language models (LLMs) is es-
sential for model development, deployment deci-
sions, and public comparison. The prevailing pro-
tocol is simple: run a candidate model on a fixed
benchmark, grade each response, and report an av-
erage score over all items (Zhuang et al., 2025). As
benchmarks grow to thousands of questions and
many models must be evaluated repeatedly, this
static protocol becomes increasingly expensive.

The problem is not only cost. Average-score
benchmarking treats every item as contributing the
same amount of information, even though bench-
mark items vary widely in difficulty and discrim-
inative value (Rodriguez et al., 2021; Embretson
and Reise, 2025). Items that nearly all models
solve, or nearly all models miss, provide little ev-
idence for distinguishing nearby systems. As a
result, average scores can be confounded by the dif-
ficulty distribution of the evaluated subset: a model
tested on easier items may appear stronger than
a comparable model tested on harder ones. This
makes naive subset evaluation unreliable and weak-
ens comparability across benchmarks or domains
with different item mixtures (Truong et al., 2025;
Polo et al., 2024).

Item Response Theory (IRT), originally devel-
oped for educational testing, addresses this by sep-
arating model ability from item properties such as
difficulty and discrimination, producing ability esti-
mates that are invariant to the particular item subset
administered (Baker, 2001; Lord, 2012; Embretson
and Reise, 2025). Computerized Adaptive Test-
ing (CAT) further improves efficiency by selecting
items according to the current ability estimate in-
stead of administering the same fixed test to every
model (Van der Linden et al., 2000; Wainer et al.,
2000). Recent work has shown the promise of
bringing these ideas to LLM evaluation (Rodriguez
et al., 2021; Polo et al., 2024; Truong et al., 2025;
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Li et al., 2025; Hofmann et al., 2025).

However, deploying IRT-CAT for reusable LLM
benchmarks faces two bottlenecks. First, scalable
calibration: classical calibration requires dense
model—item response data, and existing amortized
methods (Lalor et al., 2019; Truong et al., 2025)
rely on a disjoint two-stage pipeline—first predict-
ing item parameters from text features and then
freezing them for ability estimation—which iso-
lates training signals, leading to error propagation
and scale misalignment. Second, population-aware
selection: standard MFI greedily picks the most
informative item for the current model, but in a
shared-bank setting where many models are eval-
uated sequentially, this concentrates usage on a
narrow item subset—degrading exposure balance,
difficulty coverage, and domain diversity. Classical
exposure-control methods target single-session set-
tings with predefined blueprints and do not gener-
alize to the heterogeneous domains of LLM bench-
marks (Sympson and Hetter, 1985; Stocking and
Lewis, 1998).

We propose FAIR-Eval, a benchmark-level
adaptive evaluation framework for reliable and effi-
cient LLM benchmarking. FAIR-Eval has two com-
ponents that directly address the two bottlenecks
above. Feature-Driven Calibration (FDC) jointly
learns item parameters and model abilities from
item features and sparse responses, reducing the
need for dense calibration responses and keeping
item and ability scales aligned. Maximum Fisher
Information Plus (MFI+) extends standard MFI
with exposure control, difficulty coverage, and do-
main diversity, making shared-bank maintenance
part of the adaptive selection objective rather than
a post-hoc correction. On a 6,796-item bank span-
ning five domains and calibrated with 193 anchor
models, we evaluate FAIR-Eval on 50 held-out
models. FAIR-Eval preserves agreement with full
evaluation while using around 3% of items, achiev-
ing Pearson r=0.9882 and Spearman p=0.9828. It
also improves difficulty coverage from 60.0% to
68.7%, showing that efficiency need not come at
the cost of a narrower or less reusable item bank.

Our contributions are three-fold:

(i) Problem formulation. We identify large-
scale LLM benchmarking as a shared-bank multi-
model evaluation setting and argue that it should
be treated as benchmark-level adaptive evaluation
rather than test-by-test optimization.

(if) Method. We propose FAIR-Eval, which
combines FDC for scalable calibration with MFI+

Table 1: Comparison of evaluation paradigms. v'=
supported, X = not supported by the default formulation,
and — = not applicable.

Static IRT- FAIR-

Capability Bench. CAT Eval

Adaptive item selection
Automated calibration
Cross-dataset comparability
Domain diversity guarantee
Difficulty coverage balance
Real-time ability estimation

X X X X | X
WX X AX A
SENENENENEN

for exposure-aware, coverage-aware adaptive selec-
tion.

(iii) Evidence. We show that FAIR-Eval pre-
serves full-evaluation ranking fidelity with around
3% of items while maintaining a healthier shared
item bank, and we analyze why both FDC and
MFI+ are necessary to achieve this trade-off. Ta-
ble 1 summarizes these distinctions.

2 Related Work

Efficient LLM evaluation without IRT. A
broad line of work reduces evaluation cost by se-
lecting informative subsets of benchmark items,
constructing compact proxy benchmarks, or pre-
dicting full-benchmark performance from partial
observations (Vivek et al., 2024; Zhang et al., 2026).
While improving efficiency, these subset-based ap-
proaches lack granular item-level measurement
parameters and uncertainty-aware stopping rules,
leaving their aggregated score estimates easily con-
founded by the difficulty and domain composition
of the evaluated subset, especially when different
models are tested on different item sets (Truong
et al., 2025).

IRT-based evaluation and item calibration.
Item Response Theory (IRT) separates examinee
ability from item properties such as difficulty and
discrimination (Lord, 2012; Embretson and Reise,
2025). Rodriguez et al. (2021) show that evalu-
ation items are not equally informative for NLP
model comparison; Polo et al. (2024) use IRT with
CAT to preserve full-benchmark rankings with far
fewer items; LEGO-IRT (Liao et al., 2025) broad-
ens IRT to continuous outcomes; REEval (Truong
et al., 2025) reduces calibration cost through amor-
tized difficulty prediction; and Zhou et al. (2026)
revisit LLM benchmarking from an IRT perspec-
tive. These works establish IRT as a strong basis for
data-efficient evaluation, but calibration remains a
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bottleneck: amortized approaches typically follow
a two-stage pipeline (Lalor et al., 2019; Sharpnack
et al., 2024; Truong et al., 2025) that propagates
first-stage errors and requires post-hoc scale align-
ment. FDC addresses this by jointly learning item
parameters and model abilities in a single training
pass.

Adaptive testing and shared-bank selection.
Computerized Adaptive Testing (CAT) selects
items according to the current ability estimate
rather than administering a fixed test (Van der Lin-
den et al., 2000; Wainer et al., 2000). ATLAS (Li
et al., 2025) and Fluid Benchmarking (Hofmann
et al., 2025) apply this paradigm to LLM evalua-
tion, achieving substantial cost reduction; see Sec-
tion 4.4 for a controlled comparison against their
EM-based calibration approach.

However, standard CAT optimizes single-
examinee precision. In continuous LLM bench-
marking, sequential models share one reusable
bank, necessitating long-term bank protection
against greedy over-exposure and subsequent
data contamination. Unlike educational strate-
gies (Sympson and Hetter, 1985; Kingsbury and
Zara, 1989; van der Linden and Veldkamp, 2004)
designed for independent human sessions, MFI+
embeds exposure control, difficulty coverage, and
domain diversity directly into the shared-bank se-
lection objective.

3 Method

3.1 FAIR-Eval Measurement Framework

FAIR-Eval facilitates benchmark-level adaptive
evaluation through an offline-online measurement
cycle centered on a shared item bank (Figure 1).
The offline stage calibrates reusable items to pro-
vide a stable foundation for cross-model ability
estimation, while the online stage adaptively se-
lects items for each incoming model to maximize
evaluation efficiency while preserving benchmark
integrity. Within this framework, FDC (Feature-
Driven Calibration) handles bank construction, and
MFI+ (Maximum Fisher Information) governs
adaptive item selection.

Notation. Let m € {1,..., M} index models,
i € {1,...,N} index items. The observed re-
sponse is Y, ; € {0,1}, S¢ = {i1,...,4} the set
of items selected after ¢ steps, and 0, the current
ability estimate. We adopt the two-parameter logis-
tic (2PL) model:

P(ym,i =1 | vaahbi) = U(D : al(em - bz)) s
(D
where 6, is model ability, a; > 0 item discrim-
ination, b; item difficulty, D = 1.702! is the stan-
dard IRT scaling constant, and o(-) the logistic

function.

Offline-Online Cycle. In the offline stage, FDC
(Section 3.2) takes tri-path item features and a
sparse response matrix (~34.91% observed) as
input, jointly predicting item parameters (di;, b;)
and anchor model abilities {6, }; the calibrated
bank is then filtered to 6,796 items. In the on-
line stage, MFI+ (Section 3.3) adaptively selects
items by balancing Fisher information with expo-
sure control, difficulty coverage, and domain di-
versity. After each response (y,,; € {0,1}), the
ability estimate is updated via Weighted Likelihood
Estimation (WLE) (Warm, 1989), yielding ét and

SE(0,) = 1/4/1(6;) (Appendix E).

3.2 Feature-Driven Calibration (FDC)

Classical IRT calibration incurs O(M N') data cost
that must be repeated whenever the bank is ex-
panded. FDC breaks this dependence by learning a
mapping g : X; — (4, b;) from item features and
sparse responses (34.91% observed), jointly train-
ing g4 and model ability embeddings {6,,} under
a single reconstruction objective. At inference, g
predicts parameters for new items from features
alone, enabling scalable bank expansion. Corpus

construction details are in Appendix A.

Problem formulation. Given an incomplete re-
sponse matrix Y € {0, 1}¥*V and item features
x;, FDC jointly learns g4 and {ém}%zl by mini-
mizing binary cross-entropy over observed entries.
The abilities {6, } serve as auxiliary training vari-
ables that enforce scale alignment; once trained,
only g4 is needed. The contrast with two-stage
pipelines is in Figure 6 (Appendix D).

Three-Component Feature Representation.
Each item is represented by three complementary
features: X; = [Vftem H Vgatlonale || fistruct] c R8207 ,
where vi**™ € R409 captures question semantics,
yiationale = 4096 captures solution complexity, and
et € R15 encodes surface-level signals (token

'The constant D = 1.702 is conventionally used in lo-

gistic IRT models to approximate the normal ogive (Camilli,
1994).
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Figure 1: Overall framework of FAIR-Eval. Top (offline bank construction): item features (stem embedding,
rationale embedding, structural signals) are fed into FDC, which jointly predicts item parameters and *anchor*
model abilities; the calibrated bank is then filtered to retain high-quality items. Bottom (online bank administration):
MFI+ selects items by combining Fisher information with exposure decay, difficulty coverage, and domain diversity;
WLE updates the ability estimate after each response; the loop terminates when both precision and minimum-item

criteria are met.

length, negation, task type). This design reflects
the intuition that difficulty depends not only on
what an item asks, but also on the reasoning
required to answer it. Detailed feature definitions
and rationale generation are in Appendix A.

Multi-View Encoding Architecture. The FDC
network g4 (Appendix F.1) encodes x; via two par-
allel pathways—a semantic pathway fusing stem
and rationale embeddings, and a structural pathway
encoding scalar features—then concatenates and
maps the result to a; (Softplus) and IA)l (linear). Dur-
ing training, an auxiliary branch maps per-model
embeddings to 0,,; at inference it is discarded. The
predicted probability follows:

. D - a;(0,, — b;
Pm:(M) o
T

where 7 = €!°87 > ( is a learnable temperature

that scales the logit variance during early joint train-
ing to stabilize gradients. Full architectural details
(layer dimensions, initialization, normalization) are
in Appendix D.

Training strategy. Let O; = {m : O,,; = 1}
denote models with observed responses for item

i. The network gs and abilities {f,,} are trained
end-to-end to minimize:

= "B Z Z [ymz log Prn.;

ZEB me(’)i
+ (1 - ym,i) log(l - Pm,z)}
+ M|[B]1* + Nol16]17,

3)

where B is the current batch, and BB, 95 de-
note the vectors of predicted difficulties and model
abilities within B. Regularization weights Ay, Ay
ensure scale zero-centering, while a is constrained
via Softplus without Lo penalties. Full training
details are in Appendix D.

3.3 Benchmark-Aware Item Selection: MFI+

MFI+ is the mechanism that optimizes benchmark-
level bank health, not just per-model information.
It extends standard Maximum Fisher Information
selection with three mechanisms—exposure de-
cay, difficulty coverage, and domain rotation—for
the shared-bank setting in which items are reused
across many sequential model evaluations.

Motivation:
goals.

Three benchmark-level design
Standard Maximum Fisher Information

42199



(MFI) selection optimizes single-test precision by
greedily choosing the item with the highest infor-
mation at the current ability estimate:

A~

iy = argmax I;(6;), )
¢St

where I;(0) is the Fisher information for item

1 (defined in Section 3.1). This criterion is well

suited to a single examinee, but it does not address

three benchmark-level requirements in shared-bank

LLM evaluation: (i) bank longevity—repeated se-

lection of the same items accelerates overexposure;

(ii) population-level difficulty coverage—MFI ig-

nores cumulative coverage across models at dif-

ferent ability levels; and (iii) diagnostic breadth—

greedy selection narrows semantic domain cover-
age.

MFI+ selection criterion.
mented information score as:

We define the aug-

7 A
Ii(etast) = ]i(et) : Inax(()7 1— L)

€max

exposure decay &)
. (1 + J2 d(bla Bst))’

-~

difficulty coverage

where e; is the cumulative exposure count of
item ¢ across all previously evaluated models, ey ax
is the exposure cap, A > 0 controls exposure
penalty strength, d(b;, Bs,) = minpegs, [b; — bl
is the minimum difficulty distance to the already-
selected set Bs, = {b; : j € S}, and p > 0
controls the coverage bonus strength.

Default values for epax, A, and p are in Ap-
pendix G; setting A = p = 0 recovers standard
MFIL.

Domain rotation via cluster-based hierarchical
selection. To ensure diagnostic breadth, MFI+
adds a cluster-based hierarchical selection proce-
dure (Figure 11 in Appendix G): a cluster rotation
policy first selects the target domain cluster (sam-
pling uniformly from unvisited clusters, resetting
when all have been visited), then samples from
the top-c highest—]~ ; items within that cluster to in-
troduce controlled stochasticity (default ¢ = 5).
Domain clusters are pre-computed via embedding-
based hierarchical clustering (Appendix G); full
pseudocode is in Algorithm 1.

Stopping rule. Evaluation terminates when ei-
ther the maximum budget is exhausted (|S;| >
Nmax) or both |S;| > npi, (default 15) and
SE(6;) < 7 (default 0.3) hold simultaneously.

4 Experiments

4.1 Experimental Settings

Item bank. We construct our evaluation bank
from three sources (Truong et al., 2025; Du et al.,
2026; Phan et al., 2025), yielding 6,796 items
across five domains (Mathematics: 1,335; Physics:
1,088; Chemistry: 509; Biology: 1,086; Other:
2,778) after filtering for psychometric quality (a €
[0.2,2.5], 6 coverage € [—0.5,2.5]). Full construc-
tion details are in Appendix A.

Evaluation protocol. We evaluate 50 models
(excluded from the 193-model FDC calibration
set) that are stratified by ability range @ e
[0.027,2.018]), model family, and parameter scale
(8B to frontier-tier); the full list is in Appendix I.
Because full-static evaluation requires all 6,796
responses per model, we limit the full-reference
subset to 50 models to control computational cost.
gpt-4-turbo-2024-04-09 is excluded to preserve
independence from FDC rationale generation. As
supplementary evidence, 54 models are evaluated
adaptively and validated against Chatbot Arena
rankings (Section 5.4).

Baselines. We compare against Full-Static (all
6,796 items; reference), Budget-Static (fixed sub-
sets at 50/100/200 items), Random-CAT (adap-
tive with SE-based stopping, random selection),
and IRT-CAT (standard MFI without exposure
or coverage control). We additionally compare
against tinyBenchmarks (gp-IRT) (Polo et al.,
2024) and REEval (Truong et al., 2025), two repre-
sentative IRT-based efficient-evaluation baselines,
at matched budgets. Subscripts (0.08, 0.1, 0.15,
0.2, 0.3) denote the SE threshold 7.

Metrics. We report # MAE, Pearson 7, Spearman
p, mean rank shift, and average items used. For
shared-bank quality, we report exposure and cover-
age statistics. Information Efficiency Score (IES)
(Appendix E) jointly captures estimation quality
and cost; lower is better.

4.2 Main Results: Efficiency and Ranking
Fidelity

Ranking Fidelity and Efficiency Across Budget
Tiers. Table 2 reports results across three bud-
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Table 2: Comparison of FAIR-Eval with baseline methods on ability estimation accuracy, ranking consistency, and
evaluation efficiency over 50 models. Bold indicates the best method within each budget tier (excluding the reference
upper bound). All metrics are reported after mean-sigma equating. IES is normalized against Budget-Staticygg

(=1.000); lower is better.

Method 0 MAE | Pearson r 1 Spearman p T  Rank Shift | Avg. Items | IES |
Reference upper bound

Full-Static 0.000 1.0000 1.0000 0.00 6796 —

Tier 1: Moderate budget (=200 items)

Budget-Staticano 0.097 + 0.010 0.9697 4+ 0.0068 0.9525 £0.0126 2.14£0.26 200+0 1.000 £ 0.103
tinyBenchmarksso 0.108 + 0.006 0.9613 4 0.0040 0.9406 £0.0112 239 +£0.18 200+0 1.116 £ 0.058
Random-CATy 5 0.116 + 0.009 0.9602 £+ 0.0039 0.9404 £ 0.0120 2.53 +£0.28 203 +2 1.214 £ 0.086
IRT-CAT 085 0.161 + 0.003 0.9058 £+ 0.0023 0.8777 £ 0.0089 3.32 £0.11 2100  1.742 +0.029
REEvaly ;5 0.097 + 0.001 0.9707 £ 0.0026 0.9525 £ 0.0036 2.18 £ 0.11 224+1 1.114 +£0.016
FAIR-Evaly (Ours) 0.057 £ 0.005 0.9882 + 0.0018 0.9828 + 0.0037 1.16 =0.16 219+ 1 0.638 £ 0.050
Tier 2: Tight budget (=100 items)

Budget-Staticigo 0.134 4+ 0.015 0.9437 + 0.0148 0.9243 4+ 0.0230 2.72 £0.36 1000  0.687 £ 0.079
tinyBenchmarks;oo 0.131 £+ 0.010 0.9407 £ 0.0083 0.9053 £ 0.0147 2.87 £ 0.36 100£0 0.676 £ 0.051
Random-CAT), 0.154 4+ 0.008 0.9254 + 0.0081 0.8984 4+ 0.0167 3.21 £0.33 1134+£2  0.900 4+ 0.043
IRT-CATy.1» 0.155 + 0.004 0.9065 £+ 0.0031 0.8531 £ 0.0082 3.59 £ 0.28 102+£0 0.816 £0.022
REEvaly.2s 0.120 4 0.007 0.9497 + 0.0054 0.9316 4+ 0.0196 2.56 £ 0.32 101 0 0.626 + 0.033
FAIR-Evaly 14 (Ours) 0.079 £ 0.004 0.9785 £ 0.0031 0.9622 + 0.0134 1.81 £ 0.27 109+£1  0.443 £ 0.020
Tier 3: Ultra-low budget (=50 items)

Budget-Staticso 0.171 £ 0.019 0.9049 £+ 0.0260 0.8652 £ 0.0386 3.69 £ 0.52 50+0 0.441 +£ 0.050
tinyBenchmarkssg 0.154 4+ 0.006 0.9247 + 0.0096 0.8854 4+ 0.0152 3.38 £ 0.25 50+0 0.396 + 0.015
Random-CAT3 0.206 + 0.008 0.8724 £+ 0.0098 0.8363 £ 0.0184 4.30 £ 0.35 51+2 0.545 £ 0.024
IRT-CAT 15 0.146 4+ 0.007 0.9117 £ 0.0075 0.8659 4+ 0.0169 3.30 £ 0.25 50+£0 0.373 + 0.020
REEvalg 3 0.135 + 0.006 0.9348 £ 0.0040 0.8987 £ 0.0211 3.07 £ 0.25 59+0 0.412 £ 0.017
FAIR-Evaly, (Ours) 0.118 £ 0.007 0.9529 + 0.0060 0.9358 + 0.0242 2.41 4 0.43 54+1 0.328 + 0.020

get tiers; all adaptive methods are averaged over 5
independent runs. In Tier 1 (=200 items), FAIR-
Evalg ; achieves Spearman p=0.9828, outperform-
ing Budget-Staticygg (p=0.9525) and Random-
CATy 15 (p)=0.9404) at matched budget. In Tier 2
(100-120 items), FAIR-Evalj 14 also strikes the
best balance between fidelity and efficiency, achiev-
ing p=0.9622 with only 109 items and leading
all baselines in this budget tier, while also reduc-
ing scale distortion to § MAE=0.079. In Tier 3
(~40-50 items), FAIR-Evalj , maintains the best
ranking fidelity (p=0.9358) and lowest scale distor-
tion (f MAE=0.118) at 54 items, confirming that
the advantage persists even under extreme budget
constraints. 95% confidence intervals (Student-¢,
5 runs) for FAIR-Eval vs. REEval, the strongest
baseline, are disjoint on # MAE at every tier and
on Spearman p at Tier 1 (e.g., [0.978,0.988] vs.
[0.948,0.957]); full CI table in Appendix D.2.

Why Greedy MFI Underperforms in Shared-
Bank Evaluation. Across all tiers, standard IRT-
CAT yields higher # MAE than FAIR-Eval de-
spite using comparable or more items; in Tier 1, it
also fails to improve ranking fidelity over the non-
adaptive baseline (Spearman p=0.8777 vs. Budget-

Static’s 0.9525). The mechanism is straightfor-
ward: greedy MFI selects items maximizing Fisher
information for the current model’s ability esti-
mate, which concentrates usage on a narrow band
of high-discrimination items near that estimate. In
a shared bank where items vary widely in domain
and difficulty, this concentration limits the coverage
needed for reliable cross-model ranking, particu-
larly when models cluster at similar ability levels.
FAIR-Eval’s MFI+ addresses this by integrating
exposure decay, difficulty coverage, and domain
diversity into the selection objective, reducing peak
item exposure from 100% to 65.5% and raising
difficulty coverage from 60.0% to 68.7% in Tier 1.
Component-level ablation of each MFI+ element
is in Section 5.2.

Scale Alignment and External Validity. All §
MAE values are reported after mean-sigma equat-
ing applied uniformly to every method; ranking
metrics are unaffected by this affine correction. Be-
yond internal consistency, FAIR-Eval’s ability or-
dering agrees with the full-benchmark accuracy
ordering (Spearman p=0.99 across 50 models; Fig-
ure 9, Appendix D.5), confirming that #-based rank-
ings preserve the accuracy-based leaderboard while
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providing finer discrimination among similarly-
performing models.

4.3 FDC Calibration Quality

The relevant question for FDC is not whether it per-
fectly reproduces classical calibration, but whether
its predicted item parameters preserve enough psy-
chometric structure for downstream adaptive mea-
surement. We evaluate this through three layers
of evidence: (i) held-out response reconstruction,
(if) agreement with EM-calibrated reference param-
eters, and (iii) downstream ranking fidelity (already
established in Section 4.2).

Held-out response reconstruction. We evaluate
FDC via 10-fold cross-validation (partitioned by
item), reporting validation-fold AUC (Table 3). As
an external baseline, we reproduce ADC (Truong
et al., 2025), which predicts only b (a=1) from
stem embeddings. Feature-level ablations are in
Section 5.1.

Table 3: FDC calibration quality vs. the prior state of
the art. AUC is computed on validation folds (mean +
std over 10 folds). Feature-level ablations are in Table 5.

Method Target AUC 1t

ADC (Truong et al., 2025) b only (a=1) 0.7532 + 0.0019
FDC (ours) (a,b) 0.8405 £ 0.0019

FDC improves AUC by 11.6% over the baseline
(0.7532 — 0.8405), confirming that joint training
with tri-path features substantially outperforms the
two-stage pipeline.

Agreement with EM-calibrated references. We
directly compare FDC-predicted parameters with
classical EM calibration on 2,658 high-density
items. FDC achieves Pearson r» = (0.849 (difficulty)
and r = 0.714 (discrimination) against EM refer-
ences under Haebara linking (Appendix Table 9
and Figure 7). This is a parameter-level compari-
son (a, b agreement); Section 4.4 turns to the down-
stream question of CAT ranking fidelity, comparing
FAIR-Eval directly against an EM-calibrated CAT
operating point as a proxy for Fluid Benchmarking
/ ATLAS.

4.4 Comparison with EM-Based Calibration
(Fluid/ATLAS Operating Point)

ATLAS (Li et al., 2025) and Fluid Benchmark-

ing (Hofmann et al., 2025) both instantiate CAT

over an EM-calibrated item bank—the same

Fisher-information selection rule as IRT-CAT (Sec-
tion 3.3), but with classical EM calibration in place
of FDC. Since each is built on its own item bank,
comparing directly against their published num-
bers would conflate calibration method with bank
composition. We instead hold the bank fixed at the
2,658 items where dense EM calibration is feasible
(the same high-density subset used above) and vary
only the calibration method, with both methods
recovering the full-static ranking on this subset at
a matched budget (=250 items, 5 runs); full results
are in Appendix D.3 (Table 11).

This is an expected cost/fidelity trade-off: given
a dense response column for every item, EM cal-
ibration is more accurate on this axis. FDC does
not compete with EM here—it targets the regime
EM cannot reach, new items with sparse or no
responses. The gap is stable but practically mod-
est (Ap=0.012; rank shift rises from 1.62 to 1.93,
~0.31 additional rank positions per model).

Does the extra coverage FDC enables actually
get used? The 2,658-item subset above excludes
roughly 4,100 items in the full 6,796-item bank that
EM cannot calibrate (too sparse for dense-response
calibration). Table 12 (Appendix D.3) isolates the
effect of this larger bank under FDC calibration
alone, holding the calibration method fixed and
only varying bank size. Adding the ~4,100 items
EM cannot calibrate improves all three metrics (p:
0.950—0.966; rank shift: 1.930—1.700; 0 MAE:
0.238—0.082), confirming that FDC’s coverage
advantage is not only about avoiding calibration
cost—the additional items themselves carry infor-
mation that a dense-response-only approach cannot
access. This gain is already realized in the main
results (Table 2), which run on the full 6,796-item
bank.

S Analysis
5.1 FDC Ablation Study

To understand why FDC produces item parame-
ters that support reliable downstream adaptive mea-
surement, we ask two questions: (i) which design
choices in the calibration mechanism matter most?
and (i) which item features carry the recoverable
psychometric signal?

Mechanism ablation (Table 4). Using stem em-
beddings only, we progressively restore FDC’s cal-
ibration ingredients starting from the two-stage
ADC baseline (Truong et al., 2025) (V1). Joint
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training alone (V2, +0.023 AUC) already out-
performs the two-stage baseline, confirming that
end-to-end reconstruction addresses error propaga-
tion. Adding explicit discrimination prediction (V3,
+0.018) further helps because MFI+ relies on Fisher
information over both a and b. Replacing linear
heads with the multi-view encoder (V4, +0.026)
yields the largest gain, showing that the feature-
to-parameter mapping requires non-linear capacity.
The improvement is cumulative, not attributable to
any single tweak.

Table 4: FDC architectural ablation (stem embeddings
only). ¥V 1 is the external ADC baseline (Truong et al.,
2025). AUC: mean =+ std over 10 folds.

Ver. Training Params AUC 1

V1T Two-stage, linear b (a=1) 0.7532+ 0.0019

b(a=1) 0.7764 +0.0016
(a,b)  0.7946 £+ 0.0015
(a,b) 0.8211 +0.0014

V2 Joint, 1 linear head
V3 Joint, 2 linear heads
V4 FDC encoder (ours)

Representation ablation (Table 5). Under the
full FDC architecture, we isolate each input path-
way. Semantic features dominate: both stem-only
(0.8211) and rationale-only (0.8264) far exceed the
baseline (0.7532). Rationale consistently outper-
forms stem across all configurations, consistent
with the intuition that solution complexity is more
predictive of difficulty than question semantics.
Combining stem and rationale is additive (0.8372),
capturing complementary aspects of what is asked
vs. what is required to answer. Structural features
add modest but stable gains (+0.003). Overall, item
parameters are predictable from complementary
semantic and reasoning-structure features, which
makes feature-based bank extension feasible.

Table 5: FQC feature contribution ablation. All variants
predict (a, b). AUC: mean + std over 10 folds.

Method Stem Rat. Struct AUC 1

Stem-only v X X 0.8211 +0.0014
Rationale-only ~ x v x  0.8264 £ 0.0015
Stem + Struct v/ X v 0.8236 £ 0.0018
Rat. + Struct X v v 0.8278 £ 0.0014
Stem + Rat. v oY x  0.8372 £ 0.0023
FDC (ours) v v v’ 0.8405 + 0.0019

5.2 MFI+ Component Ablation

Each MFI+ component
benchmark-level goal.

targets a specific
To verify that these

components are not interchangeable heuristics but
address distinct shared-bank requirements, we
conduct a reverse ablation: starting from the full
MFI+ configuration, we remove one mechanism at
a time (Table 6), evaluated under the same adaptive
stopping settings across 50 models.

Each component maps to a distinct benchmark-
level goal. Cluster rotation targets diagnostic
breadth: removing it drops p to 0.8097 and col-
lapses subject coverage to 0.275—the largest single
effect. Difficulty coverage targets population-level
coverage: its removal reduces p by 0.011 and in-
creases rank shift to 1.58. Exposure decay regu-
lates the precision-sustainability trade-off: remov-
ing it slightly worsens # MAE to 0.081 and pushes
peak exposure to 67.9%, causing the bank to ex-
haust more quickly. The three components thus
correspond one-to-one to the goals in Section 3.3,
and their combination is what enables FAIR-Eval to
achieve ranking fidelity, diagnostic coverage, and
bank sustainability simultaneously.

5.3 Bank Extensibility: Generalization to
Out-of-Bank Items

We use GPQA-Main (Rein et al., 2023)—146
graduate-level science questions held out from the
FDC training corpus—as a stress test. Item pa-
rameters are predicted from features alone (zero
calibration responses); ability estimates are com-
pared against a full-bank reference on a 2,683-item
in-bank subset selected from the 6,796-item bank to
match GPQA’s subject coverage, after mean-sigma
equating.

FDC achieves Spearman p = 0.8637 and Pear-
son 7 = (0.9027 against the reference (Table 7)
without any GPQA calibration responses, support-
ing that FDC can assign psychometrically useful
parameters to unseen items from features alone—
enabling bank expansion without dense response
collection.

5.4 External Sanity Check: Agreement with
Human Preference Rankings

As an external sanity check, we examine whether
FAIR-Eval’s ability rankings are broadly consis-
tent with an independent human-preference rank-
ing. Arena (Arena, 2026) and FAIR-Eval target
different constructs — open-ended conversational
preference vs. STEM reasoning depth — so we
do not expect perfect agreement, but a reasonable
correlation would indicate that our ability estimates
are not disconnected from broader model-quality
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Table 6: MFI+ component ablation (50 models). Starting from full MFI+, each row removes one mechanism to
isolate its contribution. Peak Exp. = maximum per-item selection rate across all models; Diff. Cov. = percentage of
difficulty bins covered by selected items; Subj. Cov. = effective coverage of subject clusters. IRT-CAT (MF]I) is the

no-mechanism baseline.

Method Peak Exp. | Diff. Cov. T 6 MAE | Spearman p 1 Rank Shift | Subj. Cov. T
MFI+ (full) 65.5% 68.7 % 0.057 0.9828 1.16 0.891

— Exposure decay 67.9% 68.7 % 0.081 0.9782 1.43 0.891

— Difficulty cov. 63.0% 63.3% 0.077 0.9710 1.58 0.891

— Cluster rotation 93.9% 50.8% 0.278 0.8097 4.34 0.275
IRT-CAT (MFI) 100.0% 60.0% 0.157 0.8695 3.45 0.269

Table 7: Generalization to GPQA-main (out-of-bank
items, 50 models). FDC-predicted parameters are used
directly for ability estimation.

0 MAE | Pearsonr 1 Spearman p1 Rank Shift |
0.2378 0.9027 0.8637 1.7143

judgments. We identify 54 models common to
both FAIR-Eval and Arena (a superset of the 50
held-out models used in the main evaluation) and
compute Spearman rank correlation between the
two orderings.

FAIR-Eval rankings achieve Spearman p =
0.8176 against Arena rankings across 54 models
(Figure 8, Appendix D.4). Notable outliers are
interpretable: reasoning-specialized models score
higher on FAIR-Eval’s STEM-focused bank than
on open-ended Arena tasks, while models opti-
mized for conversational fluency rank higher by
human judges. This divergence is expected given
the construct difference. The strong overall cor-
relation suggests that FAIR-Eval ability estimates,
while targeting a narrower construct, do not diverge
from external human judgment at the population
level.

6 Conclusion

We introduced FAIR-Eval, a framework that
reframes large-scale LLM benchmarking as
benchmark-level adaptive evaluation over a shared
item bank. FDC enables scalable bank construc-
tion and expansion by jointly learning item pa-
rameters and model abilities from features and
sparse responses. MFI+ sustains bank health by
encoding exposure control, difficulty coverage, and
domain diversity directly into the adaptive selec-
tion objective. On a 6,796-item bank evaluated
on 50 held-out models, FAIR-Eval recovers full-
evaluation ranking fidelity (Spearman p = 0.9828)
with around 3% of items, while broadening dif-

ficulty and domain coverage relative to standard
adaptive testing. The underlying principles apply
to any assessment domain where large item banks
must serve many examinees over extended periods.

Limitations

We scope four boundaries of the current work. Cali-
bration assumes a representative model population;
as architectures evolve, periodic re-calibration is
needed, though FDC'’s feature-based design makes
this a data update rather than a redesign. We esti-
mate a single 6 per model, prioritizing cross-model
comparability over diagnostic profiling; multidi-
mensional IRT is a natural extension when per-
domain scores are required. Our experiments use
fill-in-the-blank, knowledge-intensive QA; FDC
and MFI+ operate on binary correctness and are
format-agnostic in principle, but validation on
open-ended generation remains future work. Full-
static reference covers 50 held-out models due to in-
ference cost, mitigated by stratified selection across
ability, family, and scale, plus Arena validation on
54 models (Section 5.4).

Use of AI Assistants

We used Al assistants (e.g., ChatGPT, Claude)
strictly for text polishing, grammatical corrections,
and minor coding assistance during the implemen-
tation. The core research ideas, scientific methodol-
ogy, and final manuscript writing were completely
driven by the authors.
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A Item Bank Construction Details

Data sources. Our item bank integrates three
data sources: (i) The amortized evaluation dataset
from Truong et al. (2025), covering 22 benchmarks
(e.g., MMLU by Hendrycks et al. (2020), GSM8K
by Cobbe et al. (2021), and Truthful QA by Lin
et al. (2022)) and 172 model response records. (if)
SuperGPQA (Du et al., 2026), a graduate-level
science QA dataset with 2,822 items and native ra-
tionales. (iii) HLE Gold subset (Phan et al., 2025;
Zhai et al., 2026), containing 336 expert-verified
high-difficulty items.

Cleaning pipeline

1. Domain filtering: Remove AirBench (Al
safety), Dyck (formal languages), and Syn-
thetic (artificial tasks) as they deviate from
knowledge-intensive QA scenarios.

2. Format conversion: Convert MCQs to fill-in-
the-blank when: (a) stem is semantically com-
plete without options, (b) question intent is un-
ambiguous, (c) answer is a closed-form short
response (proper noun, number, formula). Re-
move items that fail these criteria.

3. Deduplication: Use MinHash LSH to de-
tect near-duplicate items (Jaccard similarity
> 0.85) and retain only one per cluster.

4. Quality control: Manually review 500 ran-
domly sampled items to verify format conver-
sion quality and rationale coherence. Items
with ambiguous questions or incorrect ratio-
nales are removed.

HELM answer retrieval. Since the dataset con-
structed in this study requires answer features that
are absent from the dataset provided by Truong
et al. (2025), it is necessary to trace back to the
HELM (Liang et al., 2022) dataset for retrieval and
matching. Specifically, we first deduplicate the
dataset at the question level by removing redundant
responses generated by different models for iden-
tical questions, thereby extracting a set of unique
question texts. We then locate the corresponding
subsets within HELM based on dataset names. Sub-
sequently, a three-stage matching scheme is applied
to align the extracted questions with their counter-
parts in HELM: strict matching, normalized match-
ing, and semantic matching are executed sequen-
tially. Entries for which both the first two stages
fail and whose semantic similarity falls below 90%

are deemed unmatched and excluded from further
analysis. For successfully matched entries, their
ground-truth answers are retrieved accordingly.

Rationale generation. Having obtained the
aforementioned QA pairs, we observed that the
answers provided in the dataset are typically in
the form of short phrases, which do not capture
the reasoning depth, knowledge density, or infer-
ential complexity required for a comprehensive
rationale. To address this limitation, we employed
GPT-4-Turbo to generate detailed rationales for
questions lacking such analytical content, thereby
constructing the complete QAS pairs (Question-
Answer-Solution).

We generate 3 rationales per item and select the
one with median token length to avoid overly terse
or verbose explanations. GPT-4-Turbo is not in-
cluded in our evaluation set (Table 13), ensuring in-
dependence between feature generation and model
evaluation.

The rationale generation prompts used for fea-
ture extraction are provided in Appendix B.

Feature extraction. Building upon the resulting
QAS pairs, we perform feature extraction. The
question text is concatenated with its correspond-
ing dataset description, after which both the con-
catenated text and the rationale are separately fed
into the qwen3-embedding:8b model to obtain
semantic embeddings. Concurrently, structured
features are extracted using spaCy 3.8.11 (Hon-
nibal et al., 2020). The resulting embeddings
and structured features are integrated to form the
QASEF (Question-Answer-Solution-Embedding-
Features) representation.

Final statistics. The FDC training corpus con-
tains 76,698 items, 193 anchor models, and
5,167,011 observed responses (response density:
34.91%). The evaluation bank (6,796 items se-
lected for psychometric quality) has the following
domain distribution: Mathematics (1,335), Physics
(1,088), Chemistry (509), Biology (1,086), Other
(2,778). Item parameters are FDC-predicted (not
EM-calibrated): difficulty b € [—1.2700, 4.6373]
(mean= 1.0713, std= 1.0226); discrimination a €
[0.2034, 2.4966] (mean= 0.8095, std= 0.4836).

Figure 2 shows the joint a—b distribution for each
domain.

Licenses. The datasets used in this work are
publicly available for research use, subject to
their respective licenses and access conditions:
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MMLU (MIT), GSM8K (MIT), SuperGPQA 10. Choose exactly one answer from the
(ODC-BY), HLE (MIT, gated access conditions), provided acceptable answers and justify only
GPQA (MIT), and TruthfulQA (Apache 2.0). EiiEiE @i

11. Do not propose or invent any answer outside

Our source code is released under the MIT Li- the provided acceptable answers.
cense at https://anonymous.4open.science/ 12. In <answer>, copy exactly one chosen

r/FAIR-Eval-3E6C.

B Rationale Generation Prompts

acceptable answer only.

13. If formulas, equations, symbolic
expressions, matrices, or other mathematical
notation are involved, write them clearly in
LaTeX in <solution>. Use LaTeX in <answer>

The following prompts were used to generate ratio- as well when the final answer itself is

nales via GPT-4-Turbo for all items in the training

corpus.

System Prompt

You are a careful assistant who writes
explanations for tasks whose acceptable final
answer(s) are already provided.

Your goal is not to discover a new answer.

Your goal is to choose one acceptable provided
answer and produce a clean explanation showing
why that answer is correct based on the task.
The provided acceptable answers may contain
multiple alternatives separated by “|‘.

Treat ‘| as "or", not "and".

You only need to justify one acceptable answer,
not all of them.

The explanation should vary naturally with
task difficulty: keep it short for simple
tasks, and expand only when multiple reasoning
steps are genuinely needed.

Do not produce raw scratchwork,
stream-of-consciousness, or conversational
filler.

You must output valid XML with exactly these
three tags and no other text:
<thinking>...</thinking>
<solution>...</solution>

<answer>...</answer>

Requirements:

1. In <thinking>, give a brief high-level plan
in 1 to 3 short sentences.

2. In <solution>, write a polished human-style
rationale with this general structure when
applicable:

evidence or key clue -> reasoning steps ->
conclusion.

3. Keep the structure consistent, but let the
length vary naturally with task complexity.
4. If the answer follows directly from one key
clue, keep <solution> short.

5. If the task requires multiple comparisons,
eliminations, or inference steps, include
those steps in order.

6. Do not include self-talk, meta commentary,
or filler such as "let me think”, "I will solve
this"”, or "based on the question”.

7. Do not add unnecessary background knowledge
or extra facts not needed to justify the chosen
answer.

8. Avoid hedging unless the task itself is
genuinely uncertain.

9. When the task provides explicit labels,
categories, or answer options, use them
exactly rather than paraphrasing.

mathematical.

14. Do not output markdown fences or any text
outside the XML tags.

15. If several provided answers are
equivalent, choose the one that is most
directly supported by the task.

User Prompt

The following task already has one or more
acceptable final answers.

Task:

{task}

Acceptable answers:

{correct_answer}

Important instructions:

- The acceptable answers are separated by ‘|°¢.
- These are alternative correct answers, not
answers that all need to be justified.

- Choose one acceptable answer that best fits
the task, and explain why it is correct.

- Do not search for a different answer outside
the provided set.

- If the task includes labeled options,
categories, or answer text, use them exactly.
If the task involves formulas, equations,
symbolic expressions, matrices, or other
mathematical notation, express them in LaTeX.
Write the response so that:

- <thinking> gives a brief plan

- <solution> explains the key evidence,
reasoning, and conclusion for one chosen
acceptable answer

- <answer> contains exactly one chosen
acceptable answer from the provided set
Return exactly:

<thinking>...</thinking>
<solution>...</solution>
<answer>...</answer>

C Anchor Model Statistics

Anchor model response collection. To align
newly added items (SuperGPQA and HLE) with
the existing ability scale, we collect additional re-
sponses from a separate set of 22 bridge calibration
models. These bridge models are used only for cali-
bration and scale-linking purposes, and are disjoint
from all held-out models used for full-reference
evaluation in Table 2 and Table 13. No responses
from the 50 held-out full-reference models are used
in FDC training, item filtering, anchor alignment,
hyperparameter tuning, or model selection.
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Figure 2: Joint distribution of FDC-predicted discrimination a and difficulty b parameters for each domain in the
6,796-item evaluation bank.
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Figure 3: FDC-predicted parameter distributions for the 6,796-item evaluation bank. Left: difficulty b (b €
[—1.27,4.64], mean= 1.071, std= 1.023). Right: discrimination a (a € [0.20, 2.50], mean= 0.810, std= 0.484).

Together with the original response records, the
final FDC calibration pool contains 193 calibration
models. These calibration models span multiple
families and capability levels:

¢ Ability distribution: Mean 6 = 0.52, std
= 0.89, range [—3.4,2.1]

¢ Model families: GPT (42 models), LLaMA
(38), Mistral (24), Qwen (21), Claude (15),
Gemini (12), others (38)

¢ Parameter sizes: 1B—7B (68 models), 8B—
30B (54), 30B-70B (41), 70B+ (27)

This diversity helps FDC learn item difficulty pat-
terns that are less tied to a single model family or
capability band.

D FDC Network Training Details

Table 8 lists all hyperparameters for FDC training.
We use 10-fold cross-validation partitioned by item:
in each fold, 90% of items form the training split
and the remaining 10% form the validation split.
Early stopping monitors validation AUC; training
halts if validation AUC does not improve for 15
consecutive epochs, subject to a minimum of 20
epochs.

Computational resources. The FDC network
contains 0.576M trainable parameters. Training
(10-fold cross-validation) requires approximately
6 GPU-hours on a single NVIDIA GeForce RTX
3070.

The training set comprises items drawn from
three data sources as described in Appendix A; the
composition is summarized in Figure 4.

Table 8: FDC network hyperparameters.

Hyperparameter Value
Embedding dimension (stem, rationale) 4096
Projection dimension 128
Semantic encoder hidden dim 64
Structural encoder hidden dims [64, 64]
Fusion encoder hidden dims [64, 32]
Ability embedding dimension 64
Ability MLP hidden dims [64, 32, 1]
Dropout rate 0.2
Optimizer AdamW

Learning rate (semantic projection layer) 1 x 10~%

Learning rate (all other parameters) 1x1073
Weight decay 1x1073
Batch size 256
Gradient clip norm 2.0

Ay (difficulty regularization) 0.1

g (ability regularization) 0.1
Temperature 7 (initial) 1.0

Early stopping patience 15 epochs
Minimum training epochs 20
Maximum training epochs 200

D.1 FDC Parameter Validation Against EM
Calibration

D.2 Confidence Intervals for Main Results

REEval is the strongest baseline on both Spearman
p and § MAE at every tier. Cls are disjoint every-
where except Spearman p at Tiers 2—3, where the
intervals overlap slightly.

D.3 EM-Based Calibration Comparison
Tables

Full results for the EM-based calibration compari-
son and bank-coverage-gain analysis discussed in
Section 4.4.

Figure 5 presents the training and validation loss
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Figure 4: Item Count by Scenario in the Training Set.

Table 9: FDC parameter prediction accuracy vs. EM
ground-truth on 2,658 high-density items, under four
scale-linking methods. Lower MAE is better.

Scale-Linking Method o« MAE| b0MAE|

Raw EM (no linking) 0.3214 0.5768
Mean-Sigma 1.3285 0.2927
Stocking—Lord 0.3290 0.4374
Haebara 0.4593 0.3556

Table 10: 95% confidence intervals (Student-t, 5 runs)
for FAIR-Eval vs. the strongest baseline at each tier, on
Spearman p and § MAE.

Tier Spearman p 95% CI 6 MAE 95% CI
Tier 1 (=200 items)

FAIR-Eval [0.978, 0.988] [0.051, 0.063]
REEval [0.948, 0.957] [0.096, 0.098]
Tier 2 (=100 items)

FAIR-Eval [0.946, 0.979] [0.074, 0.084]
REEval [0.907, 0.956] [0.111, 0.129]
Tier 3 (=50 items)

FAIR-Eval [0.906, 0.966] [0.109, 0.127]
REEval [0.872, 0.925] [0.128, 0.142]

curves, demonstrating stable convergence through-
out the training process.

D.4 Arena Agreement Figure

Figure 8 visualizes the rank correspondence be-
tween FAIR-Eval ability estimates and Chatbot
Arena human-preference rankings, as discussed
in Section 5.4.

Table 11: Downstream CAT ranking fidelity on the
2,658 EM-feasible items (matched budget, 5 runs).

0 MAE Pearson r Spearman p  Rank Shift
4 T T 4

EM (Fluid/ATLAS proxy) 0.206 +0.014 0.966 £ 0.006 0.962 £ 0.003 1.62 £ 0.08
FAIR-Eval (FDC, zero new responses) 0.238 £0.003 0.935 +0.002 0.950 +0.005 1.93 £0.15

Method

Table 12: Effect of bank size under FDC calibration
alone (matched budget, 5 runs).

Bank (FDC-calibrated) Spearman p Rank Shift 6 MAE

1 ' 1
2,658 items (EM-feasible only) 0.950 1.930 0.238
6,796 items (full bank) 0.966 1.700 0.082

D.5 Ability—-Accuracy Ranking Agreement

Figure 9 shows that FAIR-Eval’s latent ability or-
dering aligns closely with raw accuracy rankings,
confirming that § estimates are faithful to observ-
able performance while offering finer granularity
among similarly-performing models.

E Supplementary Formulations

Weighted Likelihood Estimation (WLE). After
each response, the ability estimate is updated by
maximizing the weighted likelihood (Warm, 1989):

0, = arg Ingtx InL(O|Sy) + %ln](@), 6)
where InL(0 | St) = > ics, [Ym,i In P;(0) +
(1 = Ym,i) In(1 — P;(6))] is the log-likelihood and
1(0) = Yics, D?a;Py(0)(1 — P;(0)) is the ob-
served Fisher information. The bias-correction
term 1 In1(0) reduces the finite-sample bias of
maximum likelihood estimation, which is partic-
ularly important in adaptive testing where few
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Figure 5: Training and Validation Curves Across 10 Folds.
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Haebara linked a vs previous
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Figure 7: FDC parameter predictions (Haebara-linked) vs. EM ground-truth on 2,658 items. Left: difficulty b
(Pearson r = 0.849, slope = 1.006). Right: discrimination a (Pearson = 0.714, slope = 0.979). Red lines are

OLS fits; diagonal would indicate perfect agreement.

items are administered. The standard error is
SE(6,) = 1/1/1(6))-

Information Efficiency Score (IES). IES jointly
captures estimation quality and evaluation cost rel-
ative to the Budget-Staticygg reference:

IES — < MAEmethod ) (Itemsmethod>
MAEstatic200 200 ’

where MAEg;atic200 18 the MAE of random 200-
item sampling. Lower IES is better; IES =1 corre-
sponds to Budget-Staticygg.

F Architecture Illustrations

F.1 FDC Network Architecture

Figure 10 illustrates the FDC network architecture.
The model maps heterogeneous item features into
calibrated IRT parameters via two parallel encod-
ing pathways: a semantic pathway that fuses stem
and rationale embeddings, and a structural pathway
that encodes scalar features and task-type informa-
tion. The two representations are concatenated and
passed through a fusion encoder, from which sepa-
rate heads predict discrimination a; and difficulty
bi. During training, an auxiliary ability network
(dashed branch) maps per-model embeddings to

0,,,; this branch is discarded at inference.

G MFI+ Selection Algorithm

Figure 11 provides a visual overview of the two-
stage MFI+ selection process: a cluster rotation
policy first selects the target domain to ensure
cross-domain coverage, then candidates within that
cluster are scored using the augmented informa-
tion criterion (Eq. 5) that combines Fisher informa-
tion with exposure decay and difficulty coverage
bonuses. Algorithm 1 gives the complete pseu-
docode.

Key design choices. (i) The exposure-decay
multiplier max(0, 1 — €;/emax)” (With epax =
100, A = 0.1) linearly down-weights frequently se-
lected items and zeroes out any item that has been
selected epax times. (if) The difficulty-coverage
bonus 1 + p - d(b;, Bs,) (with = 0.1) provides
a proportional bonus to items whose difficulty is
far from all already-selected difficulties, actively
filling uncovered regions of the difficulty spectrum.
(iéii) The two-condition stopping rule requires min-
imum items (|S;| > 15) and sufficient precision
(SE(ét) < 0.3) before terminating, preventing pre-
mature stopping when estimation appears to have
stabilized based on too few administered items.

H Supplementary Visualizations of
Adaptive Selection Dynamics

This section presents supplementary visualizations
of the adaptive selection dynamics of the two meth-
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Figure 8: Rank agreement between FAIR-Eval ability estimates (6) and Chatbot Arena rankings across 54 common
models (Spearman p = 0.8176). Each point represents one model; color indicates absolute rank difference.

ods introduced in the main text, namely IRT-CAT
and FAIR-Eval. For reference, IRT-CAT uses MFI
as its item-selection rule, whereas FAIR-Eval uses
MFI+. The figures below highlight how these dif-
ferent selection mechanisms shape the sequential
evaluation process in practice, focusing on four
aspects: item exposure concentration, estimation
trajectories, subject composition of administered
items, and cumulative difficulty-range coverage.

I Full Experimental Results

Table 13 reports per-model CAT results
for all 54 evaluated models (excluding
gpt-4-turbo-2024-04-09 to preserve fea-
ture independence). Models marked with *
constitute the 50-model full-reference subset
used in Table 2; they were selected via stratified
sampling across ability, family, and scale, and are

excluded from the 193-model FDC calibration set.
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Figure 9: Rank agreement between FAIR-Eval ability estimates (0) and full-benchmark raw accuracy across 50

held-out models (Spearman p = 0.99). The strong monotonic relationship confirms that -based rankings preserve
accuracy-based orderings.
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Figure 10: FDC network architecture. The main item network encodes stem and rationale embeddings through a
shared semantic pathway, and 14 scalar features plus a task-type embedding through a structural pathway. Their
outputs are fused into h € R32, from which separate heads predict discrimination @; and difficulty b;, and the 2PL
sigmoid computes the response probability P,W. The dashed branch on the right is a training-only auxiliary ability
network that maps model embeddings to ém; at inference, this branch is discarded.
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Figure 11: MFI+ item selection at step ¢. Stage 1 (top): a domain cluster rotation policy samples uniformly from
unvisited clusters and resets once all have been visited, ensuring cross-domain coverage. Stage 2 (bottom): within
the selected cluster, each candidate item is scored as the product of Fisher information, exposure decay, and difficulty
coverage bonus (Eq. 5); one item ¢* is sampled uniformly at random from the top-c highest-scoring candidates, its

Observe:
Ym,i* € {O, 1}

Update:
e+ —ep+1

exposure count is incremented, and the response ¥, ;+ is observed.

Item Exposure Patterns under IRT-CAT and FAIR-Eval

IRT-CAT (MFI)

FAIR-Eval (MFI+)

144 Actual max exposure count: 14
Peak exposure rate: 100.0%

Bank utilization: 3.1%
12 Fully shared items: 6

Exposure count

-1 0 1 2 3 4
Item difficulty (b)

Actual max exposure count: 12
Peak exposure rate: 85.7%
Bank utilization: 12.4%

Fully shared items: 0

Exposure count

-1 0 1 2 3 4
Item difficulty (b)

Each cell counts how many items fall into a difficulty bin and an exposure-count bin.

Figure 12: Item exposure patterns under IRT-CAT (MFI) and FAIR-Eval (MFI+). Each heatmap shows the number
of items falling into each combination of item difficulty (x-axis) and exposure count (y-axis), where exposure count
denotes how many evaluated models selected the item. Color indicates the number of items in each cell on a log
scale, allowing direct comparison of how strongly item usage concentrates across the item bank under the two

methods.

42216

B

10’

100

Number of items (log scale)



Algorithm 1 MFI+ Selection with Exposure Decay and Difficulty Coverage

1: Input: Item bank 7, current ability estimate ét, selected set S, exposure counts {e; }, difficulty values
{b;}, cluster assignments {cluster(7) }, used-cluster set U

Output: Selected item ¢*

Parameters: A = 0.1 (exposure decay), 1 = 0.1 (coverage bonus), e.x = 100, D = 1.702

// Stage 1: Select target cluster via rotation
if 3 cluster k& with k& ¢ U then
k* < random unused cluster
else
U+ (0 // Reset rotation
k* < random cluster
: end if

R A A S

_ =
w22

. // Stage 2: Select best item within cluster k*

14: for each item i € Z with cluster(i) = k* do

15:  // Compute Fisher information

16: P« o(D-ai(f; — b))

172 L+ D*-a?-P,-(1-P)

18:

19:  // Apply exposure decay

200 Wexp maX(O, 1-— ei/emax)/\

21:

22:  // Compute difficulty coverage bonus

23:  if S; = () then

24: d; < 0 //Initialization: no prior selected difficulties
25:  else

26: d; < minjegs, |b; — bj|  // Distance to nearest already-selected difficulty
27:  end if

28:  Weoy ¢ 1+ p-d; // Bonus proportional to difficulty gap
29:

30:  // Compute augmented information

31: I;r I - Wexp * Weoy

32: end for

33:

34: T « top-5items in {i € Z : cluster(i) = k*} by I;"

9%}
W

: 1* <— sample uniformly from 7~ // Controlled stochasticity
: U <~ UU{Ek*} /I Mark cluster as used
: e+ < e + 1 // Update exposure count

W W W W
o X N

: // Two-condition stopping rule

. if |S;| > 15 and SE(4;) < 0.3 then
return STOP

: end if

=
bl A e

. return ¢*

~
=

42217



Adaptive Estimation Trajectories

High ability example: claude-opus-4-6-thinking

=== |RT-CAT (MFI), stop=100
= FAIR-Eval (MFI+), stop=244
=== Full-test static estimate = 2.018

-0.5
21.0 = IRT-CAT (MFI), stop=108

= FAIR-Eval (MFI+), stop=224
-1.59 ——- Full-test static estimate = 1.581

Low ability example: llama-3-8b

251 —— IRT-CAT (MFI), stop=83

20 —— FAIR-Eval (MFI+), stop=102
=== Full-test static estimate = 0.027

1.5

-1.04

0 5‘0 160 1é0 Z(IJO

Number of administered items
Figure 13: Ability estimation trajectories for representative high-, mid-, and low-ability examples under IRT-CAT
(MFI) and FAIR-Eval (MFI+). In each panel, the solid lines show the sequential estimates as items are administered,
the shaded bands indicate 0; = SE, and the horizontal dashed line marks the full-test static estimate for the same

model. The figure highlights differences in convergence behavior, uncertainty, and stopping points induced by the
two selection mechanisms.

Cumulative Subject Composition by Number of Models
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Figure 14: Cumulative subject composition of administered items under IRT-CAT (MFI) and FAIR-Eval (MFI+)
as the number of evaluated models increases. The x-axis shows the number of models included, ordered by
full-trajectory rank, and the y-axis gives the cumulative share of selected items assigned to each subject. Colors
denote subjects and line styles distinguish the two methods, revealing how they differ in subject allocation over the
growing set of models. A broken y-axis is used for readability.

42218



100 Cumulative Difficulty-Range Coverage by Number of Models
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Figure 15: Cumulative difficulty-range coverage under IRT-CAT (MFI) and FAIR-Eval (MFI+) as the number of
evaluated models increases. The x-axis shows the number of models included, ordered by full-trajectory rank,
and the y-axis reports the percentage of difficulty bins covered by the union of administered items. The curves
characterize how broadly the two methods explore the item bank’s difficulty range across models.
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Table 13: Per-model CAT results: ability estimates and the number of administered items.

No.  Model OpaR-Eva T Items Used  SE |

1 claude-opus-4-6-thinking™ 2.004 280 0.1
2 grok-4.20-beta-0309-reasoning 1.960 272 0.1
3 claude-opus-4-6 1.931 271 0.1
4 claude-opus-4-5-20251101 1.909 265 0.1
5 03-2025-04-16 1.894 265 0.1
6  kimi-k2.5* 1.871 260 0.1
7 qwen3-max-preview 1.871 260 0.1
8  qwen3-max-2025-09-23 1.867 259 0.1
9  claude-opus-4-20250514 1.863 255 0.1
10  gemini-2.5-pro* 1.849 252 0.1
11 deepseek-v3.2* 1.821 251 0.1
12 claude-opus-4-1-20250805 1.810 247 0.1
13 deepseek-v3.1 1.782 247 0.1
14 gwen3-vl-235b-a22b-instruct 1.782 243 0.1
15 gqwen3-235b-a22b-instruct-2507 1.748 237 0.1
16  qwen3.5-plus* 1.731 236 0.1
17 gpt-5.3-chat-latest 1.714 236 0.1
18  01-2024-12-17 1.708 229 0.1
19 grok-4-fast-reasoning 1.663 231 0.1
20  gqwen3-next-80b-a3b-instruct 1.640 226 0.1
21 gpt-4.1-2025-04-14 1.638 222 0.1
22 04-mini-2025-04-16 1.637 223 0.1
23 grok-3-mini-beta 1.633 226 0.1
24 deepseek-r1* 1.628 225 0.1
25  deepseek-v3 1.612 222 0.1
26 gpt-0ss-120b* 1.579 222 0.1
27 claude-sonnet-4-20250514 1.565 221 0.1
28  deepseek-v3-0324 1.559 216 0.1
29  claude-sonnet-4-5-20250929 1.526 212 0.1
30 gpt-5.4 1.525 212 0.1
31 claude-3-5-sonnet-20240620 1.525 216 0.1
32 gpt-5.2-chat* 1.522 214 0.1
33 gemini-2.5-flash* 1.453 207 0.1
34 claude-3-7-sonnet-20250219* 1.448 206 0.1
35  03-mini 1.430 204 0.1
36  qwen3-coder-480b-a35b-instruct 1410 200 0.1
37  gpt-40-2024-08-06 1.388 199 0.1
38  gqwen3-30b-a3b-instruct-2507 1.367 197 0.1
39  gpt-40-2024-05-13 1.366 200 0.1
40  gwen3-235b-a22b 1.344 197 0.1
41 claude-3-haiku-20240307 1.310 191 0.1
42 claude-3-5-haiku-20241022 1.288 190 0.1
43 gpt-4.1-mini-2025-04-14 1.276 190 0.1
44 gqwen-max-0919 1.267 189 0.1
45 qwen2.5-72b-instruct* 1.208 186 0.1
46  gqwen3-32b 1.206 184 0.1
47  gpt-oss-20b 1.143 183 0.1
48 gpt-4-0314 1.135 179 0.1
49  qwen3-30b-a3b* 1.015 169 0.1
50  gpt-4-0613 0.983 168 0.1
51 qwen2.5-coder-32b-instruct 0.806 151 0.1
52 gpt-4.1-nano-2025-04-14 0.775 154 0.1
53  qwen2.5-7b-instruct™ 0.505 150 0.1
54 llama-3-8b-instruct™ 0.445 120 0.1
Mean - 215.7 0.1

Note. Open-weight model series appearing in this table include DeepSeek (Liu et al., 2024; Guo et al., 2025; Liu et al., 2025),
Qwen (Hui et al., 2024; Qwen et al., 2025; Yang et al., 2025), GPT-OSS (OpenAl et al., 2025), Llama (Grattafiori et al., 2024),
and Kimi (Team et al., 2026). Closed-source API models are identified by provider version names and are not individually
cited here.
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