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Abstract

Accurate prediction of continuous properties is essential to many scientific and1

engineering tasks. Although deep-learning regressors excel with abundant labels,2

their accuracy deteriorates in data-scarce regimes. We introduce RankRefine,3

a model-agnostic, plug-and-play post hoc method that refines regression with4

expert knowledge coming from pairwise rankings. Given a query item and a small5

reference set with known properties, RankRefine combines the base regressor’s6

output with a rank-based estimate via inverse-variance weighting, requiring no7

retraining. In molecular property prediction task, RankRefine achieves up to8

10% relative reduction in mean absolute error using only 20 pairwise comparisons9

obtained through a general-purpose large language model (LLM) with no finetuning.10

As rankings provided by human experts or general-purpose LLMs are sufficient for11

improving regression across diverse domains, RankRefine offers practicality and12

broad applicability, especially in low-data settings.13

1 Introduction14

Accurate prediction of continuous properties is crucial across scientific and engineering disciplines.15

In molecular-property prediction (MPP), for instance, reliable estimates of physical or chemical16

attributes can accelerate drug discovery, materials design, and catalyst development. Recent advances17

in deep learning have enhanced regression models by leveraging large datasets to uncover complex,18

nonlinear relationships between structured inputs (e.g., molecular graphs, crystal structures) and19

their associated properties. Yet, unlike computer vision or natural-language processing, where20

large labeled corpora can be mined or crowd-sourced, many specialized fields face a fundamental21

bottleneck: acquiring ground-truth labels requires expert-led experiments that are both costly and22

slow. Consequently, real-world tasks often operate in data-scarce regimes where even 50 labeled23

samples may be considered plentiful [Sun et al., 2024].24

When large-scale labels are unavailable, expert knowledge becomes a valuable but under-utilized asset.25

One accessible form of such knowledge is relative comparison: pairwise judgments about which26

of two samples exhibits a higher (or lower) property value. Pairwise rankings convey substantial27

information, are often easier for human experts to provide, and can even be generated by general-28

purpose large language models (LLMs), which have shown surprising ranking skills in chemistry and29

related domains [Sun et al., 2025, Guo et al., 2023].30

We introduce RankRefine, a post-hoc refinement framework that improves regression predictions by31

incorporating pairwise rankings. Given a query sample and a small set of labeled references, which32

can conveniently be drawn from training data, a ranker infers the relative ordering between the query33

and each reference; these comparisons define a likelihood whose minimization yields a rank-based34

property estimate. RankRefine then fuses this estimate with the base regressor’s prediction via35

inverse-variance weighting, all without retraining.36
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Because RankRefine is largely model-agnostic and requires no architectural changes, it suits low-37

data, few-shot, and meta-learning scenarios. Leveraging ranking signals from publicly hosted LLMs,38

it provides substantial improvements in regression accuracy with minimal labeled data and negligible39

client-side computation. Experiments on synthetic and real-world benchmarks, including multiple40

MPP tasks, demonstrate that RankRefine consistently boosts predictive performance. Further41

analysis links its effectiveness to ranking quality, underscoring the promise of LLMs and other42

expert-informed rankers as practical complements to data-scarce regression models. The source code43

is provided in the supplementary materials.44

2 Background45

2.1 Combining Regression and Ranking46

Huang et al. [2024] reformulate regression as joint regression–pairwise-ranking objectives and show47

that the combination improves predictive accuracy. Tynes et al. [2021], Fralish et al. [2023] instead48

train a regressor to predict pairwise differences in molecular properties; at inference, a query molecule49

is compared with reference molecules of known labels, and the mean of the predicted differences50

yields the final estimate. The post hoc method proposed by Gonçalves et al. [2023] refines regression51

outputs by computing a weighted average of the original prediction and those of its top-k nearest52

neighbors.53

A closely related approach is the consolidation method for document relevance proposed by Yan54

et al. [2024]. Given a pointwise rating and a set of pairwise comparisons, their post-processor makes55

minimal adjustments to preserve the ranker-derived inequalities. For a one-dimensional rating ŷ this56

projection simplifies to57

ŷ∗ = max
(
min(ŷ, U), L

)
,

where L and U are the lower and upper bounds of the feasible interval.58

Preference learning with Gaussian processes [Chu and Ghahramani, 2005, Houlsby et al., 2012, Chau59

et al., 2022] utilize pairwise data but differ fundamentally from our setting. Preference learning60

assumes a latent score f(x) whose absolute scale is irrelevant; the aim is to preserve ordering61

and learn-to-rank, not to predict calibrated values. In contrast, we target real-world quantities,62

e.g., solubility or toxicity, and treat pairwise comparisons as auxiliary signals that refine supervised63

regression into meaningful, calibrated estimates. Similarly, many learning-to-rank approaches [Burges64

et al., 2005, Yildiz et al., 2020, Tom et al., 2024] may seem related to our work, but they actually65

address a different problem, i.e., ranking rather than regression.66

2.2 LLM as a Pairwise Ranker67

Large language models (LLMs) have recently been explored in molecular-property prediction and68

generation [Sun et al., 2025]. Several efforts fine-tune GPT-3- or LLaMA-based models with69

chemistry-specific prompts [Jablonka et al., 2024, Xie et al., 2024, Jacobs et al., 2024], while70

MolecularGPT [Liu et al., 2024] is instruction-tuned on 1 000 property-prediction tasks and achieves71

few-shot performance competitive with graph neural networks.72

Fine-tuning, however, is resource-intensive and incurs substantial computational overhead. We73

therefore ask: can general-purpose, publicly hosted LLMs be leveraged directly, without domain-74

specific adaptation? We hypothesize that such models can supply useful signals when deployed as75

pairwise rankers.76

Human cognition offers an analogue. People often judge quantities either by estimating absolute77

magnitudes (regression) or by deciding which of two items is greater (ranking). A long-standing78

hypothesis holds that comparative judgments are easier and less biased [Thurstone, 1927, Miller,79

1956, Stewart et al., 2005]. Pairwise tasks impose lower cognitive load [Routh et al., 2023] and avoid80

scale-interpretation bias [Hoeijmakers et al., 2024]. Because LLMs are pretrained on corpora rich81

in relative statements and later aligned with human feedback [Zhang et al., 2023, Bai et al., 2022,82

Rafailov et al., 2023], they may inherit a similar advantage. As a real example, Guo et al. [2023]83

show that off-the-shelf LLMs rival domain-specific models on chemistry classification and ranking84

benchmarks, underscoring the promise of pairwise prompting in specialized tasks.85
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Figure 1: Overview of the RankRefine framework. During training, a regressor is trained using
labeled data. At inference, a query sample is paired with reference samples with known properties and
compared by an external ranker to produce pairwise rankings. These rankings are used to estimate
the query’s property value via a rank-based estimator. The final prediction is obtained by fusing the
regressor’s output and the rank-based estimate using inverse variance weighting.

3 Method86

Our goal is to reduce the test-time error of an existing regressor by fusing its prediction with87

pairwise-ranking information in a plug-and-play fashion. We present RankRefine, a framework that88

augments a base regressor with rankings from an external source (e.g., an LLM or a domain expert).89

RankRefine is largely model-agnostic and applies to any regressor that returns both a point estimate90

and an uncertainty measure, for example Gaussian processes or random forests.91

We assume access to a reference set D = {(xi, yi)}ki=1 with known property values. This reference92

set can be drawn from the training set. At inference, the regressor predicts the property of a query93

sample x0, giving ŷreg
0 , while the ranker supplies pairwise comparisons between x0 and each xi ∈ D.94

3.1 RankRefine95

Let ŷreg
0 ∼ N (y0, σ

2
reg) be the regressor’s unbiased Gaussian estimate of the true property y0. A96

second, rank-based estimate ŷrank
0 is derived from the comparisons. Under these assumptions, the97

optimal fusion of the two estimates reduces to the inverse-variance weighting [Cochran and Carroll,98

1953], formalized below.99

Theorem 3.1 (RankRefine Fusion Theorem) If ŷreg
0 and ŷrank

0 are independent, unbiased Gaussian100

estimators of y0 with variances σ2
reg and σ2

rank, the minimum-variance unbiased estimator is101

ŷ∗0 = σ2
post

(
ŷreg
0

σ2
reg

+
ŷrank
0

σ2
rank

)
, σ2

post =

(
1

σ2
reg

+
1

σ2
rank

)−1

. (1)

See supplementary materials for the proof.102

Rank-based estimate. Pairwise probabilities follow the Bradley–Terry model [Bradley and Terry,103

1952], P (xi ≻ xj) = s(yi − yj) with sigmoid function s(z) =
(
1 + e−z

)−1
. Indexing the query as104

i = 0 and references as i > 0, we obtain ŷrank
0 by minimizing the negative log-likelihood105

ŷ∗rank
0 = argmin

ŷrank
0

[
−
∑
xi∈A

log s(ŷrank
0 − yi)−

∑
xj∈B

log
(
1− s(ŷrank

0 − yj)
)]
, (2)

where A contains references ranked below x0 and B those ranked above.106

Lemma 3.2 (Variance of the rank-based estimate) Let ŷ∗rank
0 minimize equation 2. Its variance is107

approximated by the inverse observed Fisher information Ly et al. [2017],108

σ2
rank ≈

[ ∑
yi∈A∪B

s(∆i)
(
1− s(∆i)

)]−1

, with ∆i = ŷ∗rank
0 − yi. (3)
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Applying Theorem 3.1 with σ2
rank from Lemma 3.2 yields ŷ∗0 .109

3.2 Analysis of RankRefine110

We measure performance via the mean absolute error (MAE). For a folded Gaussian derived from a111

zero-mean Gaussian, MAE =
√
2/π σ, so112

MAEpost < MAEreg ⇐⇒ σ2
post < σ2

reg.

Corollary 3.2.1 Any informative ranker with finite variance (σ2
rank <∞) lowers the expected MAE113

after fusion.114

More generally, letting α ∈ [0, 1] be the desired ratio between post-refinement and the original115

MAEs,116

MAEpost ≤ αMAEreg ⇐= σ2
rank ≤

α2σ2
reg

1− α2
. (4)

Regularization. If the ranker is biased yet over-confident (σ2
rank ≪ σ2

reg), we temper its variance via117

σ2
rank ← max

(
σ2

rank, c σ
2
reg

)
,

with user-chosen constant c > 0.118

4 Experimental Results119

We evaluate RankRefine on synthetic and real-world tasks. After outlining datasets, metrics, and120

implementation details, we report results in synthetic settings, where ranking oracle is available, and121

practical settings across multiple domains.122

4.1 Experimental Setup123

We use nine molecular datasets from the TDC ADME benchmark [Huang et al., 2021]: Caco-2124

[Wang et al., 2016], Clearance Microsome and Clearance Hepatocyte [Di et al., 2012], log Half-125

Life [Obach et al., 2008], FreeSolv [Mobley and Guthrie, 2014], Lipophilicity [Wu et al., 2018],126

PPBR, Solubility [Sorkun et al., 2019], and VDss [Lombardo and Jing, 2016]. We additionally127

test three tabular regressions: crop-yield prediction from sensor data [Soundankar, 2025], student-128

performance prediction [Cortez, 2014], international-education cost estimation [Shamim, 2025]. In129

the human-as-ranker experiment, we use UTKFace [Zhang et al., 2017] for age estimation.130

To emulate low-data regimes, we sample 50 training points from above datasets uniformly at random131

and merge the remainder with the original test split, repeating this re-split over five random seeds.132

The primary metric is the mean absolute error (MAE). We report the normalized error133

β =
MAEpost

MAEreg
,

where β < 1 indicates improvement.134

Suppose that a pairwise ranker R evaluates a pair of inputs (xi, xj). The ranker returns R(xi, xj) = 0135

if it predicts xi ≻ xj , and R(xi, xj) = 1 otherwise. The pairwise ranker quality can be measured via136

pairwise ranking accuracy (PRA), defined as,137

PRA =
1

|P|
∑

(i,j)∈P

I
(
R(xi, xj) = I(yi < yj)

)
,

where P = {(i, j)|i ̸= j} is the set of all comparable pairs with ground-truth labels yi, yj , and I is138

the indicator function which return 1 if the condition is true, and 0 otherwise. Unless stated otherwise,139

the base model is a random-forest regressor from scikit-learn [Pedregosa et al., 2011] with default140

hyper-parameters, executed on a single CPU.141
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Figure 2: Empirical validation of the theoretical MAE reduction bound under ideal conditions. For
each target improvement factor β, we compute the required ranker variance σ2

rank using the right-side
inequality in Implication 4. We simulate predictions from an oracle regressor (ŷreg

0 ∼ N (y0, 1))
and an oracle ranker (ŷrank

0 ∼ N (y0, σ
2
rank)), and compute the fused estimate. The observed post-

refinement MAE ratios match the ideal β values, demonstrating the correctness of the fusion rule
under Gaussian distribution assumptions.

4.2 Verifying Theoretical MAE Reduction Under Ideal Conditions142

To validate Implication 4, we simulate unbiased oracle predictions with known variances. For143

target factors β ∈ {0.10, 0.20, . . . , 0.90, 0.99}, the required ranker variance σ2
rank is obtained from144

the right-side inequality of Implication 4. Synthetic estimates are drawn as ŷreg
0 ∼ N (y0, 1) and145

ŷrank
0 ∼ N (y0, σ

2
rank). The fused prediction ŷ∗0 follows Equation 1. Figure 2 confirms that empirical146

MAE ratios match the prescribed targets.147

4.3 Effect of Ranker Accuracy and Reference Sample Size on Molecular-Property Prediction148

with RankRefine149

Using the nine TDC datasets, we vary oracle ranker accuracy and the number k of reference com-150

parisons per query. Figure 3 plots β, the post refinement MAE error divided by the regression error,151

versus pairwise ranker accuracy. RankRefine consistently lowers error, even with accuracy ≈ 0.55152

and k = 10. Increasing the number of pairwise comparisons k tend to further lower β. We observe153

that k = 20 is optimal, as the difference between k = 20 and k = 30 is often minimal.154

For very accurate rankers (> 0.95) a slight uptick in β arises from over-confident curvature estimates155

and extreme solutions when the query is an outlier. For the first source, recall that σ2
rank is approximated156

by the second derivative of the negative log-likelihood. This curvature becomes smaller as the ranker157

accuracy approaches perfection, leading to over-confident estimates. For the second source, consider158

the case when the query is truly the smallest or largest value among the reference set. This is159

especially common when k is small and ranker is accurate. The optimizer may push ŷ∗rank
0 toward160

extreme values that still satisfy pairwise ranking constraints, but overshoot the true property value y0.161

4.4 Cross-Domain Generalization162

Applying the same protocol to the three tabular datasets yields Figure 4, whose reductions mirror163

those in chemistry datasets. The results show that RankRefine generalizes beyond molecular tasks.164

4.5 Comparison with Other Baselines165

We compare against two post hoc refinement methods: constrained optimization Yan et al. [2024]166

and regression by re-ranking (RbR) Gonçalves et al. [2023]. We reimplemented the two baselines167

from scratch, as no publicly available code was provided. We use k = 30 comparisons. Figure 5168

displays βours − βprojection and βours − βreranking; negative values favour RankRefine. Our approach169

generally outperforms RbR in all datasets. Against the projection-based baseline, RankRefine excels170
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(a) Caco2 (b) Clearance Microsome (c) Clearance Hepatocyte

(d) Half Life (e) FreeSolv (f) Lipophilicity

(g) PPBR (h) Solubility (i) VDss

Figure 3: Performance of RankRefine on molecular property prediction datasets under varying
oracle ranker accuracy and number of reference comparisons. Each plot shows the normalized
error β =

MAEpost

MAEreg
as a function of ranker accuracy, averaged over 5 random splits. β < 1 indicates

improvements in regression performance over the base regressor. k is the number of pairwise
comparisons for each test molecule. Shaded regions indicate standard deviation. Dashed gray
line shows baseline MAE with no refinement. Across most configurations, RankRefine improves
regression performance when using a ranker with accuracy as low as 0.55. Increasing k tends to
lower β, but typically the benefits start to diminish beyond k = 20.
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(a) International Education Cost (b) Smart Farming (c) Student Performance

Figure 4: Performance of RankRefine on tabular datasets under varying oracle ranker accuracy and
number of reference comparisons. Across most configurations, RankRefine improves regression
performance when using a ranker with accuracy as low as 0.55.
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Figure 5: (a) Comparison between RankRefine the constrained optimization (projection)-based
refinement method of Yan et al. [2024] on molecular property prediction tasks. We report the
difference in normalized error, βours − βprojection. A negative value indicates better performance by
RankRefine. Each curve corresponds to a dataset. RankRefine generally outperforms the baseline
when the ranker accuracy is between 0.5 and 0.95. (b) We also compare our method to a related post
hoc regression improvement method, regression by re-ranking [Gonçalves et al., 2023].

when ranker accuracy lies between 0.50 and 0.95; projection dominates only when the ranker is171

nearly perfect. This is because, when all pairwise rankings are correct, the projection method strictly172

enforces the constraints without increasing the absolute error. In such cases, the MAE will either173

remain unchanged or improved, with the improvements depend primarily on the distribution and174

resolution of the known labels. Yet, such near-perfect rankers are rare in real-world scenarios. Thus,175

the robust performance of RankRefine with moderately-accurate rankers offers more practicality.176

More comparisons with projection-based refinement can be found in the supplementary materials.177

4.6 Few-Shot Molecular-Property Prediction with LLMs178

To evaluate the practical applicability of RankRefine in realistic few-shot settings, we replace the179

oracle ranker with ChatGPT-4o [OpenAI, 2025], a large language model (LLM). Note that we can180

still evaluate the ranking accuracy of the LLM through oracle for the purpose of analysis. For each181

test molecule, we randomly sample 20 reference molecules from the training set and ask ChatGPT-4o182

to perform pairwise comparisons (e.g., “Which molecule is likely to have higher solubility?”). The183

model is queried using textual molecular descriptions, SMILES Weininger [1988]. The details of the184

prompt is provided in the supplementary materials.185
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Table 1: PRA and resulting RankRefine performance using ChatGPT-4o as the ranker on six datasets
from the TDC ADME benchmark. For each test molecule, 20 training molecules are randomly sam-
pled to form pairwise comparisons. Values are averaged over 3 random splits. Despite moderate
pairwise accuracy (∼0.60–0.69), RankRefine consistently improves regression performance, demon-
strating the viability of LLM-based rankers in low-data domains.

Dataset Lipophilicity Solubility VDss

Pairwise Ranking Accuracy 0.622 ± 0.008 0.693 ± 0.035 0.605 ± 0.010
β 0.957 ± 0.012 0.934 ± 0.048 0.895 ± 0.530

Dataset Caco2 Half Life FreeSolv

Pairwise Ranking Accuracy 0.660 ± 0.013 0.602 ± 0.014 0.681 ± 0.050
β 0.970 ± 0.027 0.971 ± 0.005 0.937 ± 0.012

Table 2: Performance of RankRefine when using human participants as both direct estimators and
pairwise rankers on a facial age estimation task. The base error (MAEreg) corresponds to the raw
human estimate error. Each test face is compared to 15 reference faces via human-judged pairwise
comparisons. RankRefine improves prediction accuracy by refining each estimate based on human-
provided rankings.

MAEreg Pairwise Ranking Acc. β

6.343 ± 0.610 0.759 ± 0.052 0.954 ± 0.046

Table 1 summarizes ChatGPT-4o ranking accuracy and the resulting β on six TDC datasets. Even186

moderate accuracies (≈0.62–0.69) yield tangible MAE gains, underscoring both the robustness and187

practicality of our method.188

4.7 Human Age Estimation with Pairwise Self-Correction189

RankRefine can potentially be used in an interactive, human-in-the-loop scenarios, where domain190

experts act as the pairwise rankers. As a proof of concept, we conduct a user study on the age191

estimation task. Details about the user study is available in the supplementary materials.192

Table 2 reports a UTKFace user study where 6 participants are asked to: (1) estimate the age of 17193

individuals from their corresponding pictures, and (2) perform pairwise judgments to 15 individuals194

in the reference set. Pairwise judgments raise ranking accuracy to 0.76 and cut MAE by ≈5 %,195

illustrating RankRefine’s value for expert self-correction.196

4.8 Effects of Noisy Variance Estimates197

We study the effect of noise in the ranker variance estimate on the Solubility dataset using k = 30 and198

k = 40. We add uniform perturbations sampled from [-b, +b] to the estimated ranker variance before199

fusion. As shown in Figure 6, performance degradation becomes noticeable when b ≥ 5, which is200

more than three times the standard deviations of the ranker variance estimates. For reference, the201

mean and standard deviation of the estimated ranker variance are 2.358 ± 1.079.202

5 Limitations203

While RankRefine demonstrates strong empirical performance, it has a number of limitations:204

• Our theoretical analysis assumes that both the regressor and rank-based estimates have205

unbiased, Gaussian-distributed errors and are independent. Despite the empirical robustness206
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(a) k = 30 (b) k = 40

Figure 6: Impact of noisy ranker variance estimate on the regression performance in Caco2 dataset.
Uniform noise from [-b, +b] is added to the estimated ranker variance. Performance starts to degrade
when b ≥ 5, more than 3 times the standard deviation of the ranker variance estimate.

of our method, its assumptions may not hold in practice, particularly in the presence of207

heavy-tailed or skewed noise.208

• RankRefine depends on well-calibrated uncertainty estimates from the regressor and a209

trustworthy estimate of ranker variance (via Equation 3). Miscalibration in either component210

can reduce or even negate the performance gains.211

• Our oracle experiments assume uniformly random ranking errors; however, real-world212

rankers may exhibit systematic biases, for example consistently failing on extreme values213

which can skew the fusion process.214

• RankRefine uses the Bradley–Terry model by treating true property values as proxies for215

latent scores, which differs from its original use where latent scores are learned to explain216

probabilistic pairwise outcomes. While practical, this introduces a modeling mismatch. A217

possible solution is to learn a mapping from a standard Bradley-Terry latent scores to labels218

on a holdout set and apply it during inference219

6 Future Work220

Future work can extend RankRefine in several promising directions. One avenue is to replace the221

Bradley-Terry likelihood with richer stochastic-transitivity models that better capture structured or222

systematic errors in the ranker. Another important direction involves incorporating Bayesian or223

conformal calibration layers to automatically correct misestimated variances and improve reliability.224

Beyond scalar predictions, RankRefine could potentially be extended to handle multivariate or225

structured targets, such as full pharmacokinetic profiles. Finally, leveraging rationale from language226

models could improve the interpretability of the ranking process and facilitate richer forms of expert227

feedback in decision-critical domains.228

7 Conclusion229

We introduced RankRefine, a plug-and-play, post hoc framework that injects pairwise-ranking230

signals into any uncertainty-aware regressor. Theoretically, we proved that inverse-variance fusion231

with a rank-based estimator lowers the expected mean absolute error (MAE) whenever the ranker232

variance is finite. Empirically, oracle simulations generally follows the theory, and experiments on233

nine molecular-property benchmarks plus three diverse tabular tasks showed consistent improvements234

even with ranker accuracies of around 55% and as few as 10 comparisons. ChatGPT-4o rankings235

yielded measurable MAE drops on six ADME datasets, and a user study demonstrated similar self-236

correction for human age estimation. Compared with a projection baseline, RankRefine prevailed237

whenever ranker accuracy lay in the realistic 0.50–0.95 range, underscoring its robustness and broad238

applicability.239
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A Extended Proof240

A.1 RankRefine is a minimum-variance unbiased estimator241

Suppose that we have two independent unbiased estimates of the same parameter y0,242

ŷreg
0 ∼ N (y0, σ

2
reg), ŷrank

0 ∼ N (y0, σ
2
rank),

and we want to form a linear combination of the two estimates,243

ŷ∗0 = wŷreg
0 + (1− w)ŷrank

0 , (5)

our goal is to choose w ∈ [0, 1] such that the variance is minimized.244

For two independent random variables X and Y , Var(aX + bY ) = a2X + b2Y . The post-fusion245

variance of the unbiased estimates is then,246

σ2
post = w2σ2

reg + (1− w)2σ2
rank. (6)

To minimize σ2
post with respect to w, we take the derivative and solve for,247

d

dw

(
w2σ2

reg + (1− w)2σ2
rank

)
= 0,

2wσ2
reg − 2(1− w)σ2

rank = 0

2wσ2
reg = 2(1− w)σ2

rank

wσ2
reg = (1− w)σ2

rank

wσ2
reg = σ2

rank − wσ2
rank

wσ2
reg + wσ2

rank = σ2
rank

w(σ2
reg + σ2

rank) = σ2
rank.

(7)

Therefore,248

w =
σ2

rank

σ2
reg + σ2

rank
, (1− w) =

σ2
reg

σ2
reg + σ2

rank
. (8)

Substituting the weights in Equation 6 with Equation 8, we obtain the RankRefine post-fusion249

variance in Equation 1,250

σ2
post =

(
σ2

rank

σ2
reg + σ2

rank

)2

σ2
reg +

(
σ2

reg

σ2
reg + σ2

rank

)2

σ2
rank

=
(σ2

rank)
2σ2

reg + (σ2
reg)

2σ2
rank

(σ2
reg + σ2

rank)
2

=
σ2

rankσ
2
reg(σ

2
rank + σ2

reg)

(σ2
reg + σ2

rank)
2

=
σ2

rankσ
2
reg

σ2
rank + σ2

reg

=

(
1

σ2
reg

+
1

σ2
rank

)−1

(9)
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Similarly, substituting the weights in Equation 5 with Equation 8, we get the RankRefine estimate251

in Equation 1,252

ŷ∗0 =
σ2

rank

σ2
reg + σ2

rank
ŷreg
0 +

σ2
reg

σ2
reg + σ2

rank
ŷrank
0

=
σ2

rankσ
2
reg

(σ2
reg + σ2

rank)σ
2
reg

ŷreg
0 +

σ2
regσ

2
rank

(σ2
reg + σ2

rank)σ
2
rank

ŷrank
0

=
σ2

post

σ2
reg

ŷreg
0 +

σ2
post

σ2
rank

ŷrank
0

= σ2
post

(
ŷreg
0

σ2
reg

+
ŷrank
0

σ2
rank

)
(10)

A.2 Analysis of RankRefine253

Corollary 3.2.1 is obtained from:254

σ2
post < σ2

reg ⇐⇒

(
1

σ2
reg

+
1

σ2
rank

)−1

< σ2
reg,

⇐⇒ 1

σ2
reg

+
1

σ2
rank

>
1

σ2
reg

,

⇐⇒ 1

σ2
rank

< 0,

⇐⇒ σ2
rank <∞.

(11)

For an unbiased Gaussian estimates ŷ0 ∼ N (y0, σ
2), the expected error is,255

E(|ŷ0 − y0|) = E(|y0 + ϵ− y0|), with ϵ ∼ N (0, σ2)

= E(|ϵ|).
(12)

Since ϵ is a Gaussian distribution, then |ϵ| follows the half-Gaussian distribution with an expected256

value equals to
√
2/πσ. The subsequent β bound in Equation 4 is obtained from:257

MAEpost ≤ β MAEreg ⇐⇒ σpost ≤ β σreg,

⇐⇒ σ2
post ≤ β2 σ2

reg,

⇐⇒

(
1

σ2
reg

+
1

σ2
rank

)−1

≤ β2 σ2
reg

⇐⇒ 1

σ2
reg

+
1

σ2
rank
≥ 1

β2 σ2
reg

⇐⇒ 1

σ2
rank
≥ 1− β2

β2 σ2
reg

,

⇐⇒ σ2
rank ≤

β2 σ2
reg

1− β2

(13)

B Additional Experimental Details258

B.1 Prompt for obtaining pairwise rankings from ChatGPT-4o259

We use the following prompt to query ChatGPT-4o to predict the pairwise rankings for the Lipophilic-260

ity dataset.261

# Identity262
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263

You are an expert in chemistry and biology. Given a short description of a264

molecular property and two molecular SMILES, you can determine if Molecule A265

has greater property value than Molecule B or not.266

267

# Instructions268

269

* The list of pairwise molecules is given in two CSV files: "test_A.csv" and270

"test_B.csv". These are two different lists that you need to perform rank271

prediction on. The first line is the header.272

* You cannot use external cheminformatics library to directly predict the property.273

* You can design your own heuristics, comparing atom types, bonds,274

and other important information to make your predictions.275

* Before you start deisgning the heuristics, briefly explain the property276

and what influence its values. Incorporate this prior knowledge into your heuristic.277

* You are given 5 examples in the prompt. Make sure your heuristics in278

general is aligned with the given examples. Pay attention to the examples,279

especially because some properties have greater effects when its values are lower.280

* You should output CSV files titled "test_pred_A.csv" and "test_pred_B".281

The header is "molecule_a, molecule_b, is_a_greater".282

* Only output 0 or 1 for "is_a_greater". 0 means that the property value of283

molecule A is less than that of Molecule B. 1 means that the property value of284

molecule A is greater than that of Molecule B285

* In addition to the output CSV file, you should output the first and last286

molecule pairs, in both CSV A and CSV B, to the chat. Briefly explain your287

answer for these three molecule pairs.288

289

# Examples290

291

<user_query>292

The property of interest is lipophilicity, the ability of a drug to dissolve in a293

lipid (e.g. fats, oils) environment.294

Examples:295

CC(C)Cn1c(=O)n(C)c(=O)c2c(C(=O)N3CC[C@@H](O)C3)c(Oc3cccc4ccccc34)sc21,296

CC(C)(C(=O)O)c1ccc(C(O)CCCN2CCC(C(O)(c3ccccc3)c3ccccc3)CC2)cc1,297

1298

O=C(Nc1ccccc1Cl)c1cc[nH]n1,299

O=C(Nc1ccc(Nc2ccc(NC(=O)c3ccccc3)c3c2C(=O)c2ccccc2C3=O)c2c1C(=O)c1ccccc1C2=O)c1ccccc1,300

0301

Cn1c2ccccc2c2cc(NC(=O)CCc3ccncc3)ccc21,302

Cc1cc(OCCCS(C)(=O)=O)cc(C)c1-c1cccc(COc2ccc3c(c2)OC[C@H]3CC(=O)O)c1,303

1304

Cc1ccnc2nc(C(=O)Nc3nccs3)nn12,305

Cc1cc(OCCCS(C)(=O)=O)cc(C)c1-c1cccc(COc2ccc3c(c2)OC[C@H]3CC(=O)O)c1,306

0307

O=C(NCc1ccc(OC(F)(F)F)cc1)C1c2ccccc2C(=O)N1CC1CC(F)(F)C1,308

COCCCOc1ccnc(C[S+]([O-])c2nc3ccccc3[nH]2)c1C,309

1310

</user_query>311
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(a)

(b)

Figure 7: Partial interface used in the user study. Participants first estimate the age of each test
individual, then make pairwise judgments on who appears older between the test individual and
reference individuals of the same UTKFace gender label.

B.2 User Study312

The user study uses age estimation on the UTKFace dataset as a regression task. Six participants313

estimate the ages of 17 individuals from facial images. Each test individual is then paired with 15314

disjoint reference individuals, and participants judge who appears older in each pair based solely on315

facial appearance. To prevent fatigue, the total number of comparisons is limited to 17× 15 = 255.316

A screenshot of the Streamlit app used in the study is shown in Figure 7.317

C More Comparisons with the Projection-based Approach318

Figure 8 highlights how performance varies between RankRefine and the projection-based approach319

as the number of reference samples increases. While the projection-based method benefits from320

high-accuracy rankers or minimal references, RankRefine demonstrates stronger robustness in321

lower-accuracy regimes, particularly as the number of reference samples k increases.322
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(a) k = 3 (b) k = 5 (c) k = 7

(d) k = 10 (e) k = 20 (f) k = 30

Figure 8: Comparison of RankRefine and the projection-based approach across varying reference
sample sizes k. The projection-based method performs better with high ranker accuracy or very few
references, while RankRefine excels when accuracy is below 70% for k = 7, 80% for k = 10, 90%
for k = 20, and 95% for k = 30. Since RankRefine can leverage general-purpose LLMs, collecting
more pairwise rankings can be done efficiently as long as the reference set is sufficiently large.
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Justification: The claims made in the abstract and introduction accurately reflects the paper’s454

contributions and scope.455

Guidelines:456
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made in the paper.458
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contributions made in the paper and important assumptions and limitations. A No or460

NA answer to this question will not be perceived well by the reviewers.461
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much the results can be expected to generalize to other settings.463
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are not attained by the paper.465

2. Limitations466

Question: Does the paper discuss the limitations of the work performed by the authors?467

Answer: [Yes]468

Justification: Limitations are discussed in a separate section.469
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model well-specification, asymptotic approximations only holding locally). The authors476
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will be specifically instructed to not penalize honesty concerning limitations.496
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Justification: Assumptions and proofs are provided in the Method section.501
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• All the theorems, formulas, and proofs in the paper should be numbered and cross-504

referenced.505

• All assumptions should be clearly stated or referenced in the statement of any theorems.506

• The proofs can either appear in the main paper or the supplemental material, but if507

they appear in the supplemental material, the authors are encouraged to provide a short508
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by formal proofs provided in appendix or supplemental material.511
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4. Experimental result reproducibility513

Question: Does the paper fully disclose all the information needed to reproduce the main ex-514
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Answer: [Yes]517
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whether the code and data are provided or not.524

• If the contribution is a dataset and/or model, the authors should describe the steps taken525

to make their results reproducible or verifiable.526
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For example, if the contribution is a novel architecture, describing the architecture fully528

might suffice, or if the contribution is a specific model and empirical evaluation, it may529

be necessary to either make it possible for others to replicate the model with the same530

dataset, or provide access to the model. In general. releasing code and data is often531

one good way to accomplish this, but reproducibility can also be provided via detailed532

instructions for how to replicate the results, access to a hosted model (e.g., in the case533

of a large language model), releasing of a model checkpoint, or other means that are534

appropriate to the research performed.535
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sions to provide some reasonable avenue for reproducibility, which may depend on the537

nature of the contribution. For example538

(a) If the contribution is primarily a new algorithm, the paper should make it clear how539

to reproduce that algorithm.540

(b) If the contribution is primarily a new model architecture, the paper should describe541

the architecture clearly and fully.542

(c) If the contribution is a new model (e.g., a large language model), then there should543

either be a way to access this model for reproducing the results or a way to reproduce544

the model (e.g., with an open-source dataset or instructions for how to construct545

the dataset).546

(d) We recognize that reproducibility may be tricky in some cases, in which case547

authors are welcome to describe the particular way they provide for reproducibility.548

In the case of closed-source models, it may be that access to the model is limited in549

some way (e.g., to registered users), but it should be possible for other researchers550

to have some path to reproducing or verifying the results.551

5. Open access to data and code552

Question: Does the paper provide open access to the data and code, with sufficient instruc-553

tions to faithfully reproduce the main experimental results, as described in supplemental554

material?555
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Justification: Code will be shared to the public upon publication.557
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• While we encourage the release of code and data, we understand that this might not be562
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• The instructions should contain the exact command and environment needed to run to566

reproduce the results. See the NeurIPS code and data submission guidelines (https:567

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.568

• The authors should provide instructions on data access and preparation, including how569

to access the raw data, preprocessed data, intermediate data, and generated data, etc.570

• The authors should provide scripts to reproduce all experimental results for the new571

proposed method and baselines. If only a subset of experiments are reproducible, they572

should state which ones are omitted from the script and why.573

• At submission time, to preserve anonymity, the authors should release anonymized574

versions (if applicable).575

• Providing as much information as possible in supplemental material (appended to the576

paper) is recommended, but including URLs to data and code is permitted.577

6. Experimental setting/details578
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parameters, how they were chosen, type of optimizer, etc.) necessary to understand the580

results?581

Answer: [Yes]582
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• The experimental setting should be presented in the core of the paper to a level of detail587

that is necessary to appreciate the results and make sense of them.588

• The full details can be provided either with the code, in appendix, or as supplemental589

material.590

7. Experiment statistical significance591

Question: Does the paper report error bars suitably and correctly defined or other appropriate592

information about the statistical significance of the experiments?593

Answer: [Yes]594

Justification: The experimental results are supplemented with appropriate statistical infor-595
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• It should be clear whether the error bar is the standard deviation or the standard error608

of the mean.609

• It is OK to report 1-sigma error bars, but one should state it. The authors should610

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis611

of Normality of errors is not verified.612
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error rates).615
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they were calculated and reference the corresponding figures or tables in the text.617

8. Experiments compute resources618

Question: For each experiment, does the paper provide sufficient information on the com-619

puter resources (type of compute workers, memory, time of execution) needed to reproduce620

the experiments?621

Answer: [Yes]622

Justification: Computer resources information is described in the Experimental Results623

section.624
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• The answer NA means that the paper does not include experiments.626

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,627

or cloud provider, including relevant memory and storage.628

• The paper should provide the amount of compute required for each of the individual629

experimental runs as well as estimate the total compute.630

• The paper should disclose whether the full research project required more compute631

than the experiments reported in the paper (e.g., preliminary or failed experiments that632

didn’t make it into the paper).633

9. Code of ethics634

Question: Does the research conducted in the paper conform, in every respect, with the635

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?636

Answer: [Yes]637

Justification: The research conducted in the paper conform the NeurIPS Code of Ethics.638

Guidelines:639

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.640

• If the authors answer No, they should explain the special circumstances that require a641

deviation from the Code of Ethics.642

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-643

eration due to laws or regulations in their jurisdiction).644

10. Broader impacts645

Question: Does the paper discuss both potential positive societal impacts and negative646

societal impacts of the work performed?647

Answer: [NA]648

Justification: This work studies a generic post-hoc method for improving the performance649

of a regressor using pairwise ranking predictions.650

Guidelines:651

• The answer NA means that there is no societal impact of the work performed.652

• If the authors answer NA or No, they should explain why their work has no societal653

impact or why the paper does not address societal impact.654

• Examples of negative societal impacts include potential malicious or unintended uses655

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations656

(e.g., deployment of technologies that could make decisions that unfairly impact specific657

groups), privacy considerations, and security considerations.658
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• The conference expects that many papers will be foundational research and not tied659

to particular applications, let alone deployments. However, if there is a direct path to660

any negative applications, the authors should point it out. For example, it is legitimate661

to point out that an improvement in the quality of generative models could be used to662

generate deepfakes for disinformation. On the other hand, it is not needed to point out663

that a generic algorithm for optimizing neural networks could enable people to train664

models that generate Deepfakes faster.665

• The authors should consider possible harms that could arise when the technology is666

being used as intended and functioning correctly, harms that could arise when the667

technology is being used as intended but gives incorrect results, and harms following668

from (intentional or unintentional) misuse of the technology.669

• If there are negative societal impacts, the authors could also discuss possible mitigation670

strategies (e.g., gated release of models, providing defenses in addition to attacks,671

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from672

feedback over time, improving the efficiency and accessibility of ML).673

11. Safeguards674

Question: Does the paper describe safeguards that have been put in place for responsible675

release of data or models that have a high risk for misuse (e.g., pretrained language models,676

image generators, or scraped datasets)?677

Answer: [NA]678

Justification: There is no high risk for misuse associated with this method.679

Guidelines:680

• The answer NA means that the paper poses no such risks.681

• Released models that have a high risk for misuse or dual-use should be released with682

necessary safeguards to allow for controlled use of the model, for example by requiring683

that users adhere to usage guidelines or restrictions to access the model or implementing684

safety filters.685

• Datasets that have been scraped from the Internet could pose safety risks. The authors686

should describe how they avoided releasing unsafe images.687

• We recognize that providing effective safeguards is challenging, and many papers do688

not require this, but we encourage authors to take this into account and make a best689

faith effort.690

12. Licenses for existing assets691

Question: Are the creators or original owners of assets (e.g., code, data, models), used in692

the paper, properly credited and are the license and terms of use explicitly mentioned and693

properly respected?694

Answer: [Yes]695

Justification: Original owners of assets are property credited in the reference.696

Guidelines:697

• The answer NA means that the paper does not use existing assets.698

• The authors should cite the original paper that produced the code package or dataset.699

• The authors should state which version of the asset is used and, if possible, include a700

URL.701

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.702

• For scraped data from a particular source (e.g., website), the copyright and terms of703

service of that source should be provided.704

• If assets are released, the license, copyright information, and terms of use in the705

package should be provided. For popular datasets, paperswithcode.com/datasets706

has curated licenses for some datasets. Their licensing guide can help determine the707

license of a dataset.708

• For existing datasets that are re-packaged, both the original license and the license of709

the derived asset (if it has changed) should be provided.710
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• If this information is not available online, the authors are encouraged to reach out to711

the asset’s creators.712

13. New assets713

Question: Are new assets introduced in the paper well documented and is the documentation714

provided alongside the assets?715

Answer: [Yes]716

Justification: The public code will be accompanied by documentation.717

Guidelines:718

• The answer NA means that the paper does not release new assets.719

• Researchers should communicate the details of the dataset/code/model as part of their720

submissions via structured templates. This includes details about training, license,721

limitations, etc.722

• The paper should discuss whether and how consent was obtained from people whose723

asset is used.724

• At submission time, remember to anonymize your assets (if applicable). You can either725

create an anonymized URL or include an anonymized zip file.726

14. Crowdsourcing and research with human subjects727

Question: For crowdsourcing experiments and research with human subjects, does the paper728

include the full text of instructions given to participants and screenshots, if applicable, as729

well as details about compensation (if any)?730

Answer: [Yes]731

Justification: Full text of instructions given to participants and screenshots are provided in732

the supplementary materials.733

Guidelines:734

• The answer NA means that the paper does not involve crowdsourcing nor research with735

human subjects.736

• Including this information in the supplemental material is fine, but if the main contribu-737

tion of the paper involves human subjects, then as much detail as possible should be738

included in the main paper.739

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,740

or other labor should be paid at least the minimum wage in the country of the data741

collector.742

15. Institutional review board (IRB) approvals or equivalent for research with human743

subjects744

Question: Does the paper describe potential risks incurred by study participants, whether745

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)746

approvals (or an equivalent approval/review based on the requirements of your country or747

institution) were obtained?748

Answer: [NA]749

Justification: There are no potential risks incurred by study participants.750

Guidelines:751

• The answer NA means that the paper does not involve crowdsourcing nor research with752

human subjects.753

• Depending on the country in which research is conducted, IRB approval (or equivalent)754

may be required for any human subjects research. If you obtained IRB approval, you755

should clearly state this in the paper.756

• We recognize that the procedures for this may vary significantly between institutions757

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the758

guidelines for their institution.759

• For initial submissions, do not include any information that would break anonymity (if760

applicable), such as the institution conducting the review.761
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16. Declaration of LLM usage762

Question: Does the paper describe the usage of LLMs if it is an important, original, or763

non-standard component of the core methods in this research? Note that if the LLM is used764

only for writing, editing, or formatting purposes and does not impact the core methodology,765

scientific rigorousness, or originality of the research, declaration is not required.766

Answer: [Yes]767

Justification: The usage of LLMs is described on multiple occasions in the manuscript and768

supplementary materials.769

Guidelines:770

• The answer NA means that the core method development in this research does not771

involve LLMs as any important, original, or non-standard components.772

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)773

for what should or should not be described.774
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