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Abstract

Algorithmic recourse is a field concerned with
offering actionable recommendations to indi-
viduals who have received adverse outcomes
from automated systems. Most recourse al-
gorithms assume access to a cost function,
which quantifies the effort involved in follow-
ing these suggestions. However, to date, there
has been no serious benchmarking of these
functions both from a computational and hu-
man perspective. In this paper, we propose
four metrics to evaluate whether currently
popular cost functions in recourse satisfy the
minimal requirements for meaningful distance
calculations. In addition, we also propose
extensions to current approaches using large-
language models (LLMs) as surrogate human
labellers, which are prompted with a cost-
based desiderata. Experiments revealed that
methods focused on the Bradley-Terry model
perform best, but only when scaled up with
our proposed LLM extensions, which would
be the recommended choice in practice. We
expect our insights to help practitioners in
training and designing appropriate cost func-
tions in the future.

1 INTRODUCTION

Algorithmic recourse has emerged as potentially one of
the most useful areas of interpretable machine learn-
ing (Karimi et al., 2020), with major financial insti-
tutions working to deploy the technology to tens of
millions of end users adversely affected by credit deci-
sions. The field focuses on generating actionable coun-
terfactual recommendations to users who were treated
unfavorably by automated systems, with the canonical
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example being a rejected bank loan application, and
what actions could be taken by a user to have it ac-
cepted in the future (Karimi et al., 2022; Keane et al.,
2021). In such a scenario, a cost function is needed
to quantify how much effort a recommendation would
take; for example, increasing a down-payment requires
considerably more effort for someone with low savings
compared to someone with high savings.1 However, to
date, there has been no large-scale quantitative evalu-
ation of the functions in the literature, nor a scalable
solution to designing and training them in an effective
manner (Tominaga et al., 2024), which has seriously
hindered the field.

Typically in recourse, a cost function is taken as some
variant of an Lp norm on the feature space (Keane
et al., 2021; Karimi et al., 2022). For example, an L0

norm assigns higher cost to recourse recommendations
that change more features, but ignores other factors
such as how much they are changed by. A weighted
L1 or L2 norm can incorporate feature weighting in-
formation (Karimi et al., 2020), but not dependencies
between features, or difference in cost across the fea-
ture’s spectrum. This could be added manually, but it
is challenging to formalize and prone to error (Kenny
et al., 2024; Buchanan and Smith, 1988). Moreover,
recent research by Tominaga et al. (2024) has shown
these hard-coded cost functions only marginally corre-
late with people’s willingness to act upon them. With
this in mind, research has gravitated towards more
theoretically grounded methods of learning these func-
tions using the Bradley-Terry model, which can learn
such functions through pairwise preferences (Rawal and
Lakkaraju, 2024), but no comprehensive investigation
has been conducted to date. With this in mind, our
contributions are as follows:

1. We propose a desiderata based on four dimensions
and prior research by which to evaluate cost func-
tions.

2. We conduct the first large-scale evaluation of cost
1Separately, it is worth noting that the field has branched

out to consider positive outcomes with gain functions and
semifactual recourse (Kenny and Huang, 2024).
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functions, discovering the Bradley-Terry model is
best, but only when scaled up with large-language
model (LLM) labeling which has been prompted
to consider our desiderata at a high level (see
Figure 1).

3. We propose a framework for learning cost functions
based on Bradley-Terry which takes advantage of
LLM labeling and naturally models feature depen-
dencies for the first time in the literature.

4. We conduct the first ever collaboration with top
financial experts to evaluate cost functions.

2 EVALUATION DESIDERATA

This section outlines our proposed desiderata for evalu-
ating cost functions as shown in Figure 6. Importantly,
these metrics are considered for discrete and real-valued
ground truths, which are both subsequently used in
our evaluation. Discrete labels are elicited from human
experts and real-valued ground truths are utilized when
assessing continuous model outputs.

2.1 Desideratum 1: Feature Cost

Cost functions should assign varying weights to dif-
ferent features, as some changes are inherently easier
[e.g., mutating your number of credit cards is easier
than increasing salary (Rawal and Lakkaraju, 2020)].
To evaluate this, we perturb each feature and compare
against a ground truth. Let x be a feature vector with
features f = {f1, f2, . . . , fn}, and r denote the ground
truth providing known rankings or values. To get fea-
ture costs, they are perturbed (one SD for numerical
features, random categories for categorical ones), and
the average predicted cost across test data for all fea-
tures forms the vector cp. For discrete ground truth
rankings, cp is rank ordered to form integer rankings
rp.
Definition 2.1 (Feature Cost). The feature cost score
ϕfc quantifies how well a cost function captures the
relative difficulty of changing different features. It is
computed as the mean absolute error (MAE) with pre-
dicted feature costs cp, or Spearman’s ρ with rankings
rp, for a real-valued and discrete ground truth across
a test sample, respectively, against the ground truth r:

ϕfc =

{
ρ(r, rp) if r ∈ Z
MAE(r, cp) if r ∈ R

(1)

2.2 Desideratum 2: Relative Cost

Relative cost captures how the difficulty of changing
a feature varies across its distribution [e.g., saving 0-
10% of salary is usually easier than 30-40% (Ustun

et al., 2019)]. This desideratum evaluates whether cost
functions properly capture monotonic cost trends in
numeric features. Let f = {f1, f2, . . . , fn} be numerical
features in a domain, and let r provide a ground truth
with Spearman’s rho (ri) for each fi’s cost trend. To
predict ri, each fi is split into m evenly spaced ranges.
Perturbing fi upwards by a standard deviation at each
range yields costs over these intervals, forming a cost
vector ci. Spearman’s rho, ρ̂i, is then calculated from
ci, averaged across test data. For real-valued ground
truths ri, predicted cost trends ρ̂i are evaluated us-
ing MAE. For discrete ri indicating cost polarity (+1,
−1, or 0), we define threshold-based accuracy. The
predicted class ĉi for each feature i is determined as:

ĉi =


+1 if ρ̂i > τ

−1 if ρ̂i < −τ

0 if − τ ≤ ρ̂i ≤ τ

(2)

where we set τ = 0.3, signifying a weak correla-
tion (Sedgwick, 2014).

Definition 2.2 (Relative Cost). The relative cost ϕrc

measures how accurately a cost function captures cost
trends within f . For real-valued ri, ϕrc is evaluated
using the mean absolute error (MAE) between ρ̂i and
ri. For discrete ri, it is the average accuracy of ĉi
across all n features and test data:

ϕrc =
1

n

n∑
i=1

I[ri = ĉi] (3)

2.3 Desideratum 3: Dependent Cost

The cost of altering one feature can depend on the
value of another feature [e.g., loan amount modifi-
cation typically depends on credit history (Karimi
et al., 2022)]. This desideratum evaluates whether
cost functions capture such feature dependencies. Let
d = {(d1, i1), (d2, i2), . . . , (dk, ik)} denote k feature de-
pendencies, where the cost of mutating dependent fea-
ture dj is influenced by independent feature ij . To eval-
uate a specific dependency (dj , ij), for each instance x
from a dataset D, we create two versions: In xA, ij is
set to a predefined “high-cost” value vA, and in xB , ij
is set to a “low-cost value” vB (e.g., bad v. good credit
history when increasing loan amount). Then, we apply
the same perturbation to dj in both versions, resulting
in x′

A and x′
B. The Mean Dependency Effect (MDE)

for the j-th dependency is computed as:

MDE(dj ,ij) =
1

|D|
∑
x∈D

(C(xA, x
′
A)− C(xB , x

′
B)) (4)

where C(·; ·) represents the cost of mutating from xi to
x′
i with the associated dependency. When the ground
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truth for MDE scores is real-valued, MAE with the
predicted Mj = MDE(dj ,ij) is used. If the ground truth
specifies particular sets of dependencies, where one set
dt (i.e., target) is known to exhibit large MDE scores,
and another set do (i.e., other) comparatively weaker
ones, we use the following formulation.

Definition 2.3 (Dependent Cost). Dependent cost
ϕdc measures the ability to distinguish strong feature
dependencies from weaker/negligible ones. For real-
valued ground truth, ϕdc is evaluated using the mean
absolute error (MAE) between the predicted and true
MDE values. For discrete, it is the difference between
average MDE scores for known dependencies and other
weaker (or negligible) feature pairs across test data:

ϕdc =

(
|dt|−1

∑
j∈dt

Mj

)
−
(
|do|−1

∑
j∈do

|Mj |
)

(5)

Notably, Mj does not have its absolute value taken, as
it should always be positive if the dependencies were
captured correctly, higher scores are better.

2.4 Desideratum 4: Fair Cost

Cost functions must sometimes address relevant fairness
considerations (Von Kügelgen et al., 2022), ensuring
that costs do not vary in an unwarranted way on sensi-
tive attributes. Evaluation of fair cost can mirror that
of dependent cost by mutating a dependent feature
(e.g., education level) while an independent feature cor-
responding to a sensitive attribute (e.g., age, gender,
or race) is varied.

3 METHODS CONSIDERED

We consider seven popular methods for calculating
cost, before discussing our approach for using them to
scale-up the Bradley-Terry model.

3.1 Cost/Distance Functions

Lp Norms. The most standard approach to defining
cost functions relies on Lp norms (Karimi et al., 2022),
where different values of p capture different notions of
distance and effort. We consider the L0, L1, and L2

norms.

MAD. Wachter et al. (2017) proposed using Manhat-
tan distance weighted by the inverse Median Absolute
Deviation (MAD) to account for the natural variability

of different features:

dist(x,xF ) =

D∑
k=1

|xk − xF
k |

MADk
,

MADk = medj=1,...,N (|Xj,k − medl=1,...,N (Xl,k)|)
(6)

where x ∈ RD is the original instance, xF ∈ RD is the
counterfactual, D is the number of features, X ∈ RN×D

is the training data matrix with N instances, and Xj,k

denotes the value of feature k for training instance j.

Combo. Karimi et al. (2020) propose a more flexible
weighted combination of multiple Lp norms that allows
practitioners to balance different desirable properties.

dist(x;xF ) = α||δ||0 + β||δ||1 + γ||δ||2 + ζ||δ||∞ (7)

where δ = [δ1, . . . , δD]T and δk : Xk ×Xk → [0, 1]∀ k ∈
[D]. The weights α, β, γ, and ζ allow practitioners to
balance between sparsity of changes (through the L0

norm), elastic distance measures (through L1 and L2

norms), and maximum normalized change constraints
(through the L∞ norm).2

CDF. Ustun et al. (2019) introduce a maximum per-
centile shift measure that automatically accounts for
the distribution of data. Given features x and an action
a = [0, a1, . . . , aD] where ak represents the change to
feature k, the cost is defined as:

cost(a;x) = max
k∈{1,...,D}

|Qk(xk + ak)−Qk(xk)| (8)

where Qk(·) is the cumulative distribution function
(CDF) of feature xk in the target population, and D is
the number of actionable features. This metric natu-
rally accounts for the relative difficulty of moving to
unlikely regions of the data distribution—for instance,
improving from the 50th to 55th percentile in school
grades requires less effort than moving from the 90th
to 95th percentile.

LLM. It is also possible to directly query LLMs for
cost judgements, we do so by prompting it to produce a
cost score between 0-10, where 0 represents essentially
no difference, and 10 the maximum possible cost. See
Appendix N for the prompt.

3.2 Expanding to Bradley-Terry

Here we propose a novel scalable solution for training
cost functions. For all the measurement approaches
listed above, it is possible to use them to label pair-
wise comparisons and train a cost function with the

2The authors gave no recommendations on the weights,
so we set them as equal.
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Bradley-Terry model. Prior work has attempted this
with human labellers (Rawal and Lakkaraju, 2024), but
mostly due to scalability issues it has never reached
its full potential or modelled relative/dependent cost.
Here we propose a solution to this based on using LLMs
(or any distance function) as surrogate labellers, which
can be seen in Figure 7. When considering the prior
cost/distance functions, we use them to label two paired
recourses, and then assign a discrete label post-hoc. In
the case of LLMs however, both recourses are shown
in a prompt and the LLM is asked to provide a label
in a direct comparison. We describe our novel pipeline
in detail next.

Generating synthetic recourses. Let D =
{xi}Ni=1 ⊂ Rd denote a given dataset, where each xi

represents a d-dimensional feature vector. We define a
stochastic perturbation function ϕ : Rd ×A → ∆(Rd),
where A denotes a set of actionability constraints (see
Appendix A for details). The number of features to
be perturbed is problem-specific. Here, we randomly
select this number from a truncated geometric dis-
tribution, favoring perturbations of one feature, see
Appendix B. For each datum xi and perturbed feature
f ∈ {1, . . . , d}, we apply the following perturbation:

x′
i[f ] =

{
∼ Uniform(categoriesf ) if f is cat.
xi[f ] + ϵ : ϵ ∼ Ef if f is num.,

(9)

where Uniform(categoriesf ) is a uniform distribution
over categories and Ef is either a finite set of per-
turbations for a numerical feature (positive/negative
multiples of the standard deviation across D), or a
uniform sample from this same range for diversity (cho-
sen 50% of the time). This process generates a set
of recourse examples R = {(xi, x

′
i)}Ni=1, where each xi

represents an original instance and x′
i is the correspond-

ing synthetic perturbation. We incorporate a finite set
of perturbation magnitudes for numerical features be-
cause it allows a direct comparison between exactly the
same change at different parts of a feature distribution
to learn relative costs.

Selecting recourse pairs. Next, we select a set of
K ≤ N2 pairs of recourse examples from R to label
cost comparisons into an undirected graph structure.
We first enforce a minimal-spanning tree (MST), which
allows the costs for all recourses to be estimated on
the same scale (Thurstone, 1994; Hunter, 2004). We
then randomly add edges to enforce that each recourse
has a minimum of Kmin edges. We also prioritize
edges from Ef between recourses which perturb the
same numerical feature at two different parts of the
distribution by exactly the same amount. This forces
the comparisons to reason about the difference in cost

(Beginning of prompt omitted…)
- Some features are naturally harder to change than others, use 
this logic.
- For numerical features, the difficulty of changing them can 
often depend on their starting values.
- Apart from the mutated features, consider the other features 
which are different between Alex and Jaden, and how this may 
affect difficulty.

(Ending of prompt omitted…)

We Should Be Using LLMs to Help Automate Explainable AI 
Evaluation in Purpose-Grounded Areas 1

Figure 1: These three points represent the high-level
desiderata instructions given in the Full Prompt and
removed in the Ablated Prompt. Although later gen-
eration models (i.e., Claude3.7-Sonnet) needed these
instructions less, we found that overall it boosted per-
formance consistently.

between e.g. increasing salary from $30-35k vs. $50-
55k (i.e., relative cost). The total additional edges from
this enforcement is set to 5% of the total data.

Labeling pairwise. When using e.g. Lp norms to
label pairwise comparisons one need only to use the
said function on both recourses and label the higher
cost one appropriately. When using the LLM prompt-
ing approach, we begin by instructing the LLM that
the task is comparing two individuals and their respec-
tive feature changes. We then enumerate the features,
as well as their descriptions. Crucially, the prompt
then gives instructions to consider the full desiderata
in Section 2 (henceforth known as the “full prompt”,
see Figure 1). The LLM is then asked to reason about
which of the two recourses requires more effort for the
individual (i.e. cost), and finally to respond with a
label of 1 (first requires more effort), 0 (second requires
more effort), or 0.5, indicating equal effort, which is a
useful de-biasing signal where features represent sensi-
tive demographic attributes. In addition, the LLM is
instructed to use chain-of-thought (Kamruzzaman and
Kim, 2024). The full prompt is given in its entirety
in Appendix N. The output of this stage is a set of
K comparisons Q = {(i, j, y)}Kk=1, where i and j ̸= i
are indices of a pair of recourse examples from R and
y ∈ {0, 0.5, 1} denotes the LLM’s cost judgment.

Training a cost function. Finally, we use the
dataset Q to train a cost function C : Rd × Rd → R≥0

using the Bradley-Terry model (Kwon et al., 2023).
That is, given a cost function C and a pair of recourses
(xi, x

′
i) and (xj , x

′
j), we define the predicted probability

that recourse i has higher cost than recourse j as:

ŷC(i, j) =
1

1 + exp(C(xj , x′
j)− C(xi, x′

i))
. (10)
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Our training objective is to minimize the binary cross-
entropy between these predicted comparison probabili-
ties and the labels across all training examples:

arg min
C∈M

[
−

∑
(i,j,y)∈Q

y log(ŷC(i, j))

+ (1− y) log(1− ŷC(i, j))
]
,

(11)

where M is a chosen model class. Since this loss is dif-
ferentiable, we defined M as the class of multi-layered
perceptron (MLP) neural networks and trained by
stochastic gradient descent. We one-hot encode cate-
gorical features and concatenate the original data point
x, the perturbed recourse point x′ and the feature-wise
difference x′−x into a single vector [x, x′, x′−x] ∈ R3d.
In practice, we find that the simple feature augmen-
tation step of including x′ − x significantly improves
the models’ ability to learn costs. As a final post-
processing step, we shift the outputs of trained models
to be non-negative on all training data, see Figure 7.

4 EXPERIMENTS

Three datasets are considered, Adult Census (Becker
and Kohavi, 1996), HELOC (Mstz, 2024), and Ger-
man Credit (Hofmann, 1994). All were preprocessed
to have a mix of numerical and categorical features,
and are binary classification tasks. For details such as
actionability constraints see Appendix A. For LLMs we
used three models of varying performance, specifically
‘claude-3-5-haiku-20240307:v1:0’, ‘claude-3-5-sonnet-
20240620:v1:0’, and ‘claude-3-7-sonnet-20250219:v1:0’.

4.1 Acquiring a ground truth

A critical aspect of our study is to acquire a reliable
ground truth. Hence, five senior AI financial researchers
working on the deployment of cost functions in industry
were recruited to label our data in two settings, firstly
across three synthetic datasets, and secondly across the
three benchmark ones listed above. We acknowledge a
potential mismatch between financial experts and the
general population, but our focus is on evaluating gen-
eral cost functions deployed by institutions, prioritizing
domain expertise ensures the ground truth accurately
reflects the operational and financial realities of these
systems.

For the synthetic tests, we designed three datasets to ex-
clude features used in popular ones, mainly to exclude
memorization as a confounder.3 For all datasets, we

3Specifically, Adult Census (Becker and Kohavi, 1996),
HELOC (Mstz, 2024), German Credit (Hofmann, 1994),
Taiwan Credit (Yeh, 2009), Lending Club (Club, 2023), and
Give Me Some Credit (Fusion and Cukierski, 2011).

asked experts to (1) rank order the difficulty of mutat-
ing features, (2) which numerical features decrease/in-
crease in cost monotonically (or stay the same), and
(3) for as many notable dependencies as they could
name. Importantly, these were all discrete labels. Fea-
ture ranking ground truths were processed using Borda
counts to rank order (Saari, 1985). Numerical fea-
tures took the modal response as the ground truth,
and dependencies used consensus-based expert elicita-
tion (Hsu and Sandford, 2007), retaining only those
mentioned by at least two annotators for the “target”
sets in Section 2, and all others for the “other” sets.
Post-hoc analysis of inter-rater reliability that yielded
a Kendall’s W of 0.86 for feature rankings and a Fleiss’
Kappa of 0.63 for relative cost labels, indicating robust-
ness. See Appendix D and E for full details.

4.2 Studying convergence

Here we investigate hyperparameter choices in the
LLM Bradley-Terry modeling approach. We assume
a fully connected graph will learn the best cost func-
tion, and use this model’s predictions as a real-valued
ground truth, so our metrics reported here reflect the
MAE variants in Section 2. We consider three parts
to the evaluation, the learning of the desiderata, the
choice of MST algorithm, and the effect of our extra
connections for relative cost outlined in Section 3.2.
We take n = 150 training instances for each of the
three benchmark datasets, and form an MST with
four algorithms, Kruskal (Kruskal, 1956), Prim (Prim,
1957), Boruvka (Borvka, 1926), and Random spanning
trees (Broder, 1989). After this we make a fully connect
graph, and have the LLM label it with temperature
settings of 0.0 and 1.0, across the three LLMs. Cost
functions are trained on the initial MST data, and
again after adding x% extra connections towards a
fully connected graph randomly. For the dependencies,
we used all those identified by experts (before filtering
to the “target” subset). For metrics, we used MAE on
the dimensions in Section 2, before normalizing and
averaging the results between 0-1 for visualization in
Figure 2 across 3 seeds.

First, examining Figure 2(A), it can be observed that
convergence was slower with temperature settings of
1.0. Moreover, there is a highly significant difference
between Claude Haiku and the later two generations
of Sonnet 3.5 and 3.7. This shows two things, sparser
graphs should be labelled with lower temperatures
to have a better converged cost function, and later
generation models are more consistent. Figure 2(B)
shows there is little difference between MST algorithms.
Figure 2(C) illustrates that adding the extra links for
relative cost we proposed in Section 3.2 speeds up
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(A) (B) (C)

MST + Plus percentage of links towards full connectivity

Figure 2: Convergence of cost functions as a function of connectivity: (A) Lower connectivity in the graph
benefits from later generation models, as well as lower temperature settings, although higher connectivity seems to
benefit slightly from noisier labels. (B) All graph algorithms perform comparably, although random spanning tree
and Boruvka appears worse in low connectivity. (C) The addition of our extra links for relative cost dramatically
speeds up convergence. T=Temperature of the LLM.

convergence.4

Remark 1 (Temperature and Sparsity). While noise
typically aids preference learning (Laidlaw and Rus-
sell, 2021), our results show that low temperature is
preferable when learning from sparsely connected graphs
with K = |E| ≈ O(N) comparisons, where K denotes
the number of pairwise comparisons, N the number
of recourses (nodes), and O(N) linear growth. Graph
partitions connected by few edges create critical depen-
dencies where noisy labels propagate errors across the
graph, distorting the learned function. Label accuracy
on these “bottleneck” edges is seemingly critical, see
Appendix F for further discussion.

4.3 Synthetic experiment

Here we examine the ability of the LLM to correctly
identify higher costs in pairwise comparisons synthet-
ically designed as described in Section 4.1. As the
ground truth and LLM labels are both discrete, we use
bootstrapped accuracy (1000 samples per N) over 300
instances as our metric. For each, the LLM was queried
8 times with temperature 1.05, and the most common
answer taken. We compare our standard prompting
scheme (i.e., the ‘Full prompt’ ) versus a simple L1 norm
(on normalized data), and the same prompt with the
instructions to consider different dimensions mentioned
in Figure 1 ablated (i.e., the ‘Ablated prompt’ ). This

4We also conducted convergence tests evaluating hyper-
parameters against the human-labeled discrete ground truth.
The tests again showed more advanced LLMs and lower
temperature (T=0.0) yielded better convergence. Feature
cost (ϕfc) converged the quickest, with Claude3.7-Sonnet
achieving the best score (ϕfc = 0.65). Due to the small size
of the dataset however (n = 150), relative and dependent
costs did not fully converge.

5We also tested a temperature of 0.0 with similar results.

allows us to understand how different LLM models
need to be prompted across generations, and their nat-
ural reasoning ability before being explicit instructed
to consider relevant aspects for cost calculations. For
the different prompts see Appendix N.

The results are shown in Figure 3, where the full prompt
achieved significantly higher accuracy in all dimensions
across all bootstrapped values of N . Moreover, there
are significant improvements in the latest generation
model Claude3.7-Sonnet compared to earlier itera-
tions, indicating improved cost alignment with humans.
Perhaps most striking was the ability of 3.7-Sonnet
to label dependencies accurately when instructed with
the desiderata compared to 3.5 Sonnet and 3.5-Haiku
(Haiku=63% v. 3.5-Sonnet=88% v. 3.7-Sonnet=100%).
In contrast to all these results, the L1 baseline per-
formed poorly. Similar trends were seen across desider-
atum and prompt types.

4.4 Benchmark datasets

Here we compare all the distance/cost functions dis-
cussed in Section 3 in both their basic form where they
are directly queried for cost, and in their Bradley-Terry
variant where we train a cost function using pairwise
comparisons. We set our data size to n = 666 and
perturbed each datum two times. For non-LLM vari-
ants we labelled the entire 100% connected graph, but
for LLM-based methods we used a kmin such that the
connectivity of the graphs was 10%, giving a dataset
of size 93,076 after adding the additional edges for rel-
ative cost (see Section 3.2), which was seen to have
a nice balance between API cost and performance in
Section 4.2. Building further on the prior tests, Prim’s
algorithm was used for the MST, and a temperature of
0.0 in LLMs. For evaluation of the cost function dimen-
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Claude3.5-Haiku Claude3.5-Sonnet Claude3.7-Sonnet

Figure 3: Testing LLM ability to label synthetic data: Overall, the LLMs were capable of correctly labeling the
data across all dimensions (feature, relative, and dependent cost), and especially if prompted to consider them at
a high-level only (i.e., the ‘Full Prompt’ ). Furthermore, there is a significantly improved difference in the later
generation model Claude3.7-Sonnet compared to its earlier iterations.

sions, we used the ground truth defined by experts in
Section 4.1, and 333 holdout instances. In LLM varia-
tions, we compare the full and ablated prompts. MLPs
were trained over 3 seeds with standard error reported
in Table 1. Across datasets, prompt types, and LLMs,
the experiment required 1,675,368 API calls.

Table 1 shows the results. Overall, the Bradley-Terry
approach performed better than querying the methods
directly for cost, and using LLMs on average did better
than using Lp norms. Going into greater detail, our
proposed method to scale up the Bradley-Terry model
worked better compared to Lp norms, in particular
Claude3.7-Sonnet prompted with the full prompt (i.e.,
Claude3.7-Sonnet*) was the only method to achieve
positive results in all three metrics. In fact, aside from
one discrepancy in relative cost ϕrc, it achieved the best
results in all metrics. In direct usage, the Lp norms
were all incapable of capturing feature dependencies
by definition and scored 0.0.

4.5 User testing

To conclude our evaluation, we consider two human
studies. First, to gather the necessary expertise, we
recruited 54 professionals working in a top financial
institution to make pairwise judgments of cost on 18
questions (designed using summary statistics and ex-
pert help), and three raters within this group to make
a further judgment on 120 recourses generated using
DiCE by Mothilal et al. (2020). Both studies had an
equal number of questions from the benchmark datasets.
Both studies obtained IRB approval.

For the first study, users were shown two individuals,
with proposed mutations, and asked to select which
of these was a higher cost, and also judge on a Likert

scale of 1-7 how close they were (1=equal cost). The
same three LLMs reported in the paper thus far were
used. The LLMs also made 54 judgments on the same
materials to mimic the users with a temperature of 1.0.,
which has been discovered as optimal [see (Cui et al.,
2024)] in larger studies.6 These questions were split
into three sets representing the metrics in Section 2, but
we did not evaluate Fair cost due to ethical concerns.
The participants were not compensated; all volunteered
to participate. In total, 30 participants were male, 24
were female, all were aged between 18-65, with a mix of
native/non-native English speakers. The metric of in-
terest was the accuracy of the agreed modal responses
on each question. See supplement and Figure 9 for
the materials. Figure 4 shows the bootstrapped re-
sults (1000 samples per user N). Converging with all
our prior results, Claude3.7-Sonnet achieved the best
alignment when prompted using the full prompt, with
its results largely converged at N = 30 onward with an
accuracy of 82%, whilst the ablated versions plateaued
with consistently lower accuracy (and L1 at 11%).

In our raters study, the average expert rating for each
recourse was taken as the ground truth to evaluate the
LLM’s most common label against (after taking 30 sam-
ples per question). Fleiss’ kappa on the raters yielded
0.64, indicating substantial inter-rater agreement. The
bootstrapped accuracy and Kappa results are shown
in Figure 8(B/C). Overall, there was no significant dif-
ference between LLMs and prompting schemes (∼ 85%
accuracy), indicating that for simpler labeling tasks
the choice of LLM is less critical, however there was a
significant difference in the L1 baseline which scored
comparatively less with 61% accuracy.

6We also evaluated temp=0.0 and found the same accu-
racy but more probability mass on the modal responses.
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Table 1: We compared all methods by either querying them directly for costs, or using them to label pairwise
comparisons for Bradley-Terry. All methods were evaluated across our three main desideratum metrics. For the
’Direct Usage’, all Lp norm methods scored 0 in their dependency tests, illustrating they capture no dependency
information. The best results overall were seen in the Bradley-Terry Model, using the most up-to-date LLM
Claude3.7-Sonnet, and prompting it to directly consider the desiderata. LLMs prompted using the full prompt
include an asterisk*, the others use the ablated prompt. Standard error is shown across 3 seeds.

Direct Usage Bradley-Terry Model

ϕfc ϕrc ϕdc ϕfc ϕrc ϕdc

l0 -0.25 ± 0.22 0.22 ± 0.14 0.00 ± 0.00 -0.25 ± 0.20 0.44 ± 0.17 -0.17 ± 0.53
l1 -0.17 ± 0.28 0.22 ± 0.14 0.00 ± 0.00 0.01 ± 0.24 0.22 ± 0.14 -0.17 ± 0.07
l2 -0.17 ± 0.28 0.22 ± 0.14 0.00 ± 0.00 0.04 ± 0.24 0.22 ± 0.14 -0.15 ± 0.07
MAD. Wachter et al. (2017) 0.43 ± 0.06 0.22 ± 0.14 0.00 ± 0.00 -0.53 ± 0.09 0.22 ± 0.14 -0.12 ± 0.04
Combo. Karimi et al. (2020) 0.67 ± 0.04 0.22 ± 0.14 0.00 ± 0.00 -0.73 ± 0.07 0.22 ± 0.14 -0.14 ± 0.07
CDF. Ustun et al. (2019) 0.45 ± 0.16 0.56 ± 0.17 0.00 ± 0.00 -0.42 ± 0.17 0.22 ± 0.14 -0.12 ± 0.02
Claude 3.5.Haiku 0.36 ± 0.11 0.44 ± 0.17 -0.10 ± 0.05 0.33 ± 0.08 0.78 ± 0.14 -0.01 ± 0.15
Claude 3.5.Haiku* 0.29 ± 0.12 0.56 ± 0.17 -0.08 ± 0.09 0.60 ± 0.08 0.67 ± 0.16 -0.13 ± 0.13
Claude 3.5.Sonnet 0.29 ± 0.13 0.67 ± 0.16 -0.31 ± 0.09 0.44 ± 0.16 0.89 ± 0.10 -0.16 ± 0.06
Claude 3.5.Sonnet* 0.24 ± 0.13 0.56 ± 0.17 -0.39 ± 0.13 0.68 ± 0.07 0.67 ± 0.16 -0.12 ± 0.08
Claude 3.7.Sonnet 0.40 ± 0.09 0.44 ± 0.17 -0.05 ± 0.07 0.37 ± 0.16 0.78 ± 0.14 -0.10 ± 0.07
Claude 3.7.Sonnet* 0.48 ± 0.06 0.44 ± 0.17 -0.04 ± 0.09 0.71 ± 0.07 0.67 ± 0.16 0.15 ± 0.07

We Should Be Using LLMs to Help Automate Explainable AI 
Evaluation in Purpose-Grounded Areas 29

(A) (B) (C)(A) (B) (C)

Figure 4: User testing: Bootstrapping users in our
study we found the overall accuracy better with the
full prompt using Claude3.7-Sonnet, which begun to
plateau after N=30, with a mean accuracy of ∼82%.

4.6 Fairness Evaluation

We tested the same models using both the ablated
prompt and the full prompt to see if their cost assess-
ments exhibited bias against underprivileged groups,
specifically bias towards gender or race when mutating
education with Equation 5 in the Adult Census dataset.

Table 2 shows the models were mostly unbiased, but the
more advanced model, Claude3.7-Sonnet, displayed
significantly greater bias with the full prompt (Mean
Bias = +0.5552). To mitigate this, we inserted the ex-
plicit instruction “Do not use demographic information
in your reasoning.” as a fourth rule to the desiderata.
This single additional rule successfully de-biased the
model, reducing the mean bias in Claude3.7-Sonnet
to +0.0761, and employed the needed characteristics
to the final cost function. This mitigation resulted in
minimal difference to the cost function’s overall pre-
dictive performance. Overall, while the full prompt
serves as useful general guidance, practitioners should
be mindful of potential biases and utilize explicit fair-
ness constraints during prompt design.

Table 2: Fairness Evaluation. Higher values in-
dicate greater bias against underprivileged groups.
Claude3.7-Sonnet exhibited the greatest bias, but
was successfully mitigated with the addition of an ad-
ditional fairness rule. (*) indicates usage of the Full
Prompt in Figure 1, (†) indicates the usage of the ad-
ditional fairness instruction.

LLM Model Mean Bias

Claude 3.5-Haiku +0.17± 0.01
Claude 3.5-Haiku* +0.05± 0.02
Claude 3.5-Sonnet −0.10± 0.01
Claude 3.5-Sonnet* +0.24± 0.01
Claude 3.7-Sonnet +0.21± 0.01
Claude 3.7-Sonnet* +0.56 ± 0.01
Claude 3.7-Sonnet*† +0.08 ± 0.01
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4.7 Deployment Study

To validate the practical utility of our approach, we in-
tegrated our trained cost functions into two established
algorithmic recourse algorithms by Keane and Smyth
(2020) and Wachter et al. (2017). The objective was to
observe whether our learned cost functions yield more
realistic and actionable recommendations compared to
standard distance metrics (L1 and MAD).

We evaluated the frequency of recommended feature
mutations on the Adult Census dataset, grouping the
features by mutability. “Immutable” features include
Male, Age, Native-US, and Caucasian, while “Muta-
ble” features include Married, Education, Hours-Work,
and Private Work. As shown in Figure 5, our learned
cost function consistently shifts recommendations away
from immutable attributes toward highly actionable
ones. Similar improvements were observed on the HE-
LOC dataset, the full results of which can be found
in Appendix I. Lastly, we also conducted robustness
tests in our prompting scheme, demonstrating slight
variations make no significant impact, see Appendix M

L  Baseline Ours MAD Baseline Ours0

500

1.0k

1.5k

2.0k

Keane & Smyth (2020)
Data Driven

Wachter et al. (2017)
SGD Driven

Immutable
Mutable

Absolute Mutation Counts by Attribute Type

Figure 2  Raw mutation counts across four model baseline combinations.
The dashed line separates the two evaluation settings.Figure 5: Deployment test: Plugging our cost func-

tions directly into two established and varied algorithms
illustrates how more actionable features are chosen with
our method than heuristic approaches using e.g. L1

norms or median-absolute deviation (MAD). The plot
shows the total number of feature modifications across
all instances in our tests.

5 RELATED WORK

There is an extensive body of literature focused on
personalized algorithmic recourse. Approaches such
as PEAR (De Toni et al., 2022) emphasize tailoring
cost evaluations to the individual through preference
elicitation. Similarly, other recent works have explored
interactive, user-guided customization to improve the
actionability and user perception of algorithmic re-
course (Yetukuri et al., 2023; Wang et al., 2023; Koh
et al., 2025; Esfahani et al., 2024).

There has been no systematic cost function evaluation

in the literature, but some authors have done some
comparative testing. Poyiadzi et al. (2020) compared
standard L1 and L2 distance costs against a density-
weighted path cost, showing path-based costs produced
more feasible recourses. Nguyen et al. (2024) compared
recourses under their adaptive Mahalanobis model to
those under PEAR’s linear one (De Toni et al., 2022),
showing their method ReAP yielded significantly lower
recourse costs. Tominaga et al. (2024) conducted a
large user study to see if L0 and L1 distances correlated
with user acceptance and willingness to act on recourses,
finding minor correlation. Lastly, Chen et al. (2025)
evaluated recourse under cost functions, demonstrating
trade-offs between cost criteria.

To move beyond heuristic Lp norms, researchers have re-
lied on preference elicitation to model decision-making
(Pigozzi et al., 2016). In the context of recourse, Rawal
and Lakkaraju (2024) recently proposed learning costs
from pairwise feature comparisons. Our work builds on
this, but we extend it to capture more cost dimensions
such as dependencies and automation with LLMs.

Applying LLMs as labelers shares similarities with
reward modeling in Reinforcement Learning from Hu-
man Feedback. However, applying this to high-stakes
requires caution. The literature on LLM alignment
demonstrates that models can harbor demographic bi-
ases and that their judgments can be sensitive to the
format of the information passed, such as table-to-text
serialization (Azime et al., 2025). To mitigate these
risks, our framework explicitly incorporates instruc-
tions to neutralize these demographic biases.

6 DISCUSSION

The problem of recourse has grown in importance with
the widespread use of ML (Gajcin and Dusparic, 2024;
Kothari et al., 2024). However, a core unresolved is-
sue in the field has been a lack of appropriate cost
functions, which has limited the practical value of re-
search. In this paper, we conducted the first thorough
evaluation of cost functions in order to give a concrete
understanding of progress and the state of research. In
doing so, we proposed an evaluation desiderata and
the usage of LLMs as surrogate labellers to scale up
the Bradley-Terry model, showing this performed best,
particularly when prompted to consider the points in
Figure 1. A limitation of our method is the need for a
large number of LLM labels, but building this dataset
is only required once, and it can then train many cost
functions in limited time. In future work it would be
interesting to investigate similar methods in individual-
ized recourse (Nguyen et al., 2024), medicine (Lacerda
et al., 2023) or semifactual recourse (Kenny and Huang,
2024), all of which likely involve other considerations.
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DISCLAIMER

This paper was prepared for informational purposes
by the Artificial Intelligence Research group of JPMor-
gan Chase & Co., and its affiliates (“JP Morgan”) and
is not a product of the Research Department of JP
Morgan. JP Morgan makes no representation, and
warranty whatsoever, and disclaims all liability, for the
completeness, accuracy or reliability of the information
contained herein. This document is not intended as
investment research or investment advice, or a recom-
mendation, offer or solicitation for the purchase or sale
of any security, financial instrument, financial product
or service, or to be used in any way for evaluating the
merits of participating in any transaction, and shall not
constitute a solicitation under any jurisdiction or to
any person, if such solicitation under such jurisdiction
or to such person would be unlawful.

ETHICS STATEMENT

Algorithmic recourse operates in high-stakes domains,
such as financial lending, where automated decisions
directly impact human lives and livelihoods. While our
proposed framework leverages Large Language Mod-
els (LLMs) to effectively scale the learning of cost
functions, this approach introduces specific ethical con-
siderations that practitioners must carefully navigate.
LLMs are known to reflect and occasionally amplify
societal biases present in their training data. In our
extended fairness evaluations, we observed that while
earlier models were relatively unbiased, more advanced
models (e.g., Claude3.7-Sonnet) could exhibit greater
demographic biases when making cost judgments under
complex prompts. Although we demonstrated that this
can be heavily mitigated by injecting explicit fairness
constraints into the prompt (e.g., explicitly instruct-
ing the model to ignore protected attributes), prompt-
based debiasing is not a foolproof guarantee of fairness.
Therefore, we strongly advise that LLM-derived cost
functions should not be deployed autonomously in pro-
duction environments without rigorous, domain-specific
fairness auditing. Our work provides a scalable, em-
pirically tested foundation for modeling complex cost
dynamics, but it remains imperative that institutions
couple these systems with continuous human oversight
to ensure equitable outcomes for all users.
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you include:
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ting, assumptions, algorithm, and/or model.
[Yes] Please see Section 3 and Appendix C.

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
[Not Applicable]

(c) (Optional) Anonymized source code, with
specification of all dependencies, including
external libraries. [Yes] See attached code
with submission.

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results. [Not Applicable]

(b) Complete proofs of all theoretical results. [Not
Applicable]

(c) Clear explanations of any assumptions. [Not
Applicable]

3. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed to re-
produce the main experimental results (either
in the supplemental material or as a URL).
[Yes] See supplement.

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen). [Yes]
See Section 4.

(c) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times). [Yes] See Section 4.

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). [Yes] See Appendix J.

4. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a) Citations of the creator If your work uses
existing assets. [Yes] See Section 4.

(b) The license information of the assets, if appli-
cable. [Yes] See Appendix K.

(c) New assets either in the supplemental material
or as a URL, if applicable. [Not Applicable]

(d) Information about consent from data provider-
s/curators. [Not Applicable]

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. [Not Applicable]

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. [Yes] See supplement
and Figure 9.

(b) Descriptions of potential participant risks,
with links to Institutional Review Board (IRB)
approvals if applicable. [Yes] See Section 4.

(c) The estimated hourly wage paid to partici-
pants and the total amount spent on partici-
pant compensation. [Yes] See Section 4.
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A Actionability constraints and features used

The following are the datasets and features used, alongside any actionability constraints employed throughout the
paper:

HELOC dataset: Here, the actionability constraints were to clamp feature mutations at the highest and lowest
values observed in the dataset.

• MSinceMostRecentInqexcl7days: Number of months passed since the last credit inquiry on the individual.

• NumRevolvingTradesWBalance: The number of the individual’s current credit accounts (e.g. credit cards)
that have balances on them.

• NumTradesOpeninLast12M : The number of new credit accounts opened in the last 12 months.

• NumInqLast6M : The number of credit inquiries carried out on the individual in the last 6 months.

Adult census dataset: Here, the actionability constraints were to clamp feature mutations at the highest and
lowest values observed in the dataset. Also, age and education number were only allowed to move upwards.

• isMale: If the person is male, or female, represented as 1 or 0, respectively.

• age: The person’s age, represented as a floating point number.

• native-country-United-States: If the person’s birthplace is the United States, or not, represented as 1 or 0,
respectively.

• marital-status-Married : If the person is married, or not, represented as 1 or 0, respectively.

• education-num: The person’s level of education, represented by a positive integer, where higher numbers are
higher levels of education.

• hours-per-week : The number of hours the person works per week, represented by a positive integer.

• workclass-Private: If the person works for a private company, or is self-employed, represented as 1 or 0,
respectively.

• isCaucasian: Is the person white or not, represented as 1 or 0, respectively.

German credit dataset: Here, the actionability constraints were to clamp numeric feature mutations at the
highest and lowest values observed in the dataset.

• status: Status of existing checking account.

• duration: The proposed duration of the loan in months, expressed as an integer.

• credit history : The person’s credit history with the options.

• purpose: The purpose of the loan.

• amount : The size of the loan asked for.
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Figure 6: Understanding the need for the desiderata dimensions: The y-axis represents the cost associated with
taking a particular action. (left) The cost of increasing salary is typically higher than increasing the number of
credit lines a person has. (middle) The amount of cost associated with increasing the percentage of salary saved
each month increases the higher the person’s starting point. (right) The size of the loan asked for becomes more
difficult if the person applying has bad credit compared to good credit.

B Perturbation function

In the context of feature vector perturbation, we employ a probabilistic approach to introduce controlled mutations
to the feature set. Specifically, we perturb a feature vector by altering a random subset of its components. The
number of features to be perturbed, denoted as k, is selected from the discrete set {1, 2, 3, 4} with a predefined
probability distribution. The probability mass function (PMF) for k is given by:

P (K = k) =


0.8 if k = 1

0.1 if k = 2

0.05 if k = 3

0.05 if k = 4

This distribution ensures that perturbing a single feature is the most probable event, while perturbing four
features is the least probable. The purpose was to focus on sparsity for the cost function training, but also have
some robustness.

C LLM-Based Bradley-Terry Pipeline

Figure 7 shows the pipeline for training our cost functions using LLM labeling and the Bradley-Terry Model for
pairwise preference learning.

D Expert defined ground truths

In Section 4.4 we used expert defined ground truths for evaluating the trained cost function obtained from five
raters. To average their ratings for the rank ordering of feature mutation difficulty we used the Borda count
method. For HELOC the hardest features to change from hardest to easiest were MSinceMostRecentInqexcl7days,
NumRevolvingTradesWBalance, NumTradesOpeninLast12M, NumInqLast6M. For Adult they were native-country-
United-States, isWhite, isMale, age, marital-status-Married, education-num, workclass-Private, hours-per-week.
For German Credit they were credit history, status, purpose, duration, amount.

To identify which features were most relevant for evaluating relative cost and dependent cost, we applied a
consensus threshold. For relative cost the most common labelled identified by experts was taken as the ground
truth. For dependent cost we collected a list of all dependencies identified by experts, and divided it into two sets.
The first set was all dependencies which were identified by more than one labeler, the second set was all remaining
dependencies. With this we were able to form our “target” and “other” sets from Equation 4, respectively. This
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Figure 7: Method Schematic: (1) Each instance xi in a dataset D is perturbed with ϕ(·, ·) within actionability
constraints A to simulate a recourse action taking xi to x′

i, which forms one node in the graph. (2) The nodes
are connected with a minimal-spanning tree (MST), before adding additional random edges subject to a Kmin

constraint which dictates the minimum number of edges per node. (3) Each edge in the graph is then labeled by
an LLM which judges which of the two corresponding recourses takes a higher cost to achieve (or optionally an
additional equal cost option). (4) The dataset of comparisons is used to train the cost function (e.g., a decision
tree or multi-layered perceptron).

approach draws on principles from the Delphi method and consensus thresholding commonly used in expert
judgment research (Hsu and Sandford, 2007), balancing the need to capture shared expert insights while filtering
out idiosyncratic cases.

D.1 Relative cost ground truth labels

For relative cost modeling, each feature was classified as having a monotonically increasing cost (+1), decreasing
cost (–1), or neutral cost (0) as its value changes. The full set of features and their labels is shown below:

• HELOC: MSinceMostRecentInqexcl7days: 0 (neutral)

• HELOC: NumRevolvingTradesWBalance: –1 (monotonically decreasing)

• HELOC: NumTradesOpeninLast12M: –1 (monotonically decreasing)

• HELOC: NumInqLast6M: 0 (neutral)

• Adult Census: age: –1 (monotonically decreasing)

• Adult Census:education-num: +1 (monotonically increasing)

• Adult Census:hours-per-week: +1 (monotonically increasing)

• German Credit:duration: –1 (monotonically decreasing)

• German Credit: amount: –1 (monotonically decreasing)

D.2 Full list of dependencies (strongest in bold)

For dependent cost, the full set of expert-elicited dependencies is listed below. The set labelled as “target” from
Equation 4 is highlighted in bold.



An Evaluation of Cost Functions for Algorithmic Recourse

Dataset: HELOC

• Increasing NumRevolvingTradesWBalance (harder if NumTradesOpeninLast12M is low)

• Increasing NumTradesOpeninLast12M (harder if NumRevolvingTradesWBalance is low)

• Increasing MSinceMostRecentInqexcl7days (harder if NumInqLast6M is high)

• Increasing NumTradesOpeninLast12M (harder if NumInqLast6M is higher)

• Increasing NumTradesOpeninLast12M (harder if MSinceMostRecentInqexcl7days is high)

• Increasing NumRevolvingTradesWBalance (harder if NumInqLast6M is high)

Dataset: Adult Census

• Decreasing working hours (harder if working for private company)

• Getting married (harder if older)

• Increasing education (harder if married)

• Working longer hours (easier if older/more experienced)

• Increasing education (harder if work hours is high)

• Increasing work hours (easier if working for private company)

Dataset: German Credit

• Increasing loan amount (harder with bad credit history)

• Increasing duration (harder with bad credit history)

• Decreasing duration (harder for larger loan amounts)

E Synthetic datasets

Here are the features used for the three synthetic datasets. Their generation scripts are given also to foster
reproducibility more easily. In all comparisons, accuracy of the pairwise comparison was taken as our evaluation
metric against the known pre-defined ground truths.

The process worked as follows:

1. We took all popular recourse datasets and aggregated a full list of their features (113 in total) to exclude
from this process.

2. Three datasets were designed (one for each cost function dimension excluding fair cost).

3. For ‘Feature cost’, experts were asked to simply rank order the difficulty of mutating the features.

4. For ‘Relative cost’, they were asked to specify if each numerical feature monotonically increased or decreased
(or neither) in cost as the value goes higher.

5. For ‘Dependent cost’, they were asked to label at maximum the three strongest dependencies present, as well
as appropriate values for these while testing and mutating.

Feature ranking ground truths were processed using Borda counts (Saari, 1985). Numerical features took the most
common label, and dependencies used consensus-based expert elicitation (Hsu and Sandford, 2007), retaining
only those mentioned by at least two annotators, which totalled three.

Dataset 1: feature cost
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• Inheritance Wealth: integer in dollars.

• DSCR: float representing the ratio of income to debt payments.

• Liquid Asset Value: integer in dollars.

• Monthly Savings Rate (%): integer between 0-100.

Listing 1: Python code for generating synthetic dataset for ‘Feature Cost’
1 import numpy as np
2

3 np . random . seed (42)
4 n_samples = 1000
5

6 inher i tance_wea l th = np . random . rand int (0 , 1000001 , n_samples )
7 dscr = np . random . uniform ( 0 . 5 , 3 . 0 , n_samples )
8 l i qu id_asset_va lue = np . random . randint (0 , 500001 , n_samples )
9 monthly_savings_rate = np . random . rand int (0 , 101 , n_samples )

All these features were mutated upwards 5% when comparing cost. The ground truth was that the features
should be hardest to mutate from the first (inheritance wealth) to the last (monthly saving rate) in order. During
the tests we randomly compared two features mutations on each test instance and took the accuracy of the
comparisons.

Dataset 2: relative cost

• On-Time Payment Streak (Months): integer representing consecutive months of on-time payments.

• Savings Rate Each Month (%): integer between 0-100.

• Business Revenue Growth Rate (%): integer between 0-100.

All these features where labeled as monotonically increasing in cost and mutated upwards a value of 5 when
comparing cost. Initially, the datum is duplicated, one has a feature increased by 5, and then they both mutated
this same feature upwards by 5 to do the pairwise comparison. The ground truth was specified to be that higher
starting points would be higher cost.

Listing 2: Python code for generating synthetic dataset for ’Relative Cost’
1 import numpy as np
2

3 np . random . seed (42)
4 n_samples = 1000
5

6 on_time_payment_streak = np . random . rand int (0 , 116 , n_samples )
7 savings_rate_monthly = np . random . rand int (0 , 96 , n_samples )
8 business_revenue_growth = np . random . rand int (0 , 96 , n_samples )

Dataset 3: dependent cost

• Liquid Assets: the amount of liquid assets in dollars.

• DSCR: Debt Service Coverage Ratio, a float value.

• On-Time Payment Streak (Months): integer representing consecutive months of on-time payments.

• Business Revenue Growth Rate (%): integer between 0-100.

• Monthly Savings Rate (%): integer between 0-100.
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The “target” dependencies tested for the latter are:

• Increasing liquid assets is hard with a low DSCR.

• Extending your on time pay streak is harder with low business revenue growth rate.

• Increasing monthly savings rate is harder with low liquid assets.

For all dependent features, they were mutated upwards a standard deviation. For the independent features,
DSCR had either 0.5 or 2.0, Business revenue growth rate had either 10 or 50%, and liquid assets had either
$10,000 or $80,000, all for the harder and easier mutations, respectively. Again, with the ground truth specified,
we tested these dependencies on 300 test instances using accuracy as our metric.

Listing 3: Python code for generating synthetic dataset for ’Dependent Cost’

1 import numpy as np
2

3 np . random . seed (42)
4 n_samples = 1000
5

6 l i q u i d_a s s e t s = np . random . randint (1000 , 100001 , n_samples )
7 dscr = np . random . uniform ( 0 . 5 , 3 . 0 , n_samples )
8 on_time_payment_streak = np . random . rand int (0 , 121 , n_samples )
9 business_revenue_growth = np . random . rand int (0 , 96 , n_samples )

10 monthly_savings_rate = np . random . rand int (0 , 96 , n_samples )

F Temperature, Sparsity, and Information Bottlenecks

The role of noise in preference learning. While noise and temperature typically help prevent overfitting
in preference learning (Laidlaw and Russell, 2021), we observe that this benefit diminishes when working with
sparsely connected comparison graphs. In this section, we provide a detailed explanation of why low temperature
is preferable in sparse settings.

Sparse comparison graphs. Our method learns a cost function C : R → R from a dataset of pairwise
comparisons Q = {(i, j, y)}Kk=1, where each comparison corresponds to an edge in a comparison graph G = (V,E)
with nodes V representing recourses and edges E representing comparisons. For scalability, we aim to use sparse
graphs where K = |E| ≈ O(N) rather than the dense case where K ≈ O(N2). This sparsity regime makes each
comparison edge (i, j) ∈ E significantly more influential in determining the relative costs learned by Ĉ, as each
edge must convey more information about the global cost ordering.

Information bottlenecks in sparse graphs. The critical issue arises when the sparse graph G contains
information bottlenecks—structural vulnerabilities where the graph can be partitioned into two large sets of nodes
connected by only a small number of edges. Formally, consider a partition of V into two sets S and V \ S, each
of substantial size, connected by a small cut set Ecut = {(i, j) ∈ E | i ∈ S, j ∈ V \ S} with |Ecut| ≪ |S|, |V \ S|.

In this scenario, all information about the relative costs between recourses in S and recourses in V \ S must flow
through the labels {yij}(i,j)∈Ecut

associated with the edges in Ecut. If these labels are corrupted by noise (e.g.,
due to high temperature sampling from the language model), the learned cost function Ĉ will have systematically
biased estimates of cost differences across the partition. This error cannot be corrected by comparisons within S
or within V \ S, as these only provide relative information within each partition.

Error propagation through bottlenecks. To illustrate the severity of this issue, suppose |Ecut| = m edges
connect |S| = n1 and |V \S| = n2 nodes, where m ≪ n1, n2. Under a Bradley-Terry or similar preference learning
model, the learned cost differences between S and V \ S are determined by aggregating the m noisy labels. If
these labels have noise with standard deviation σ, the uncertainty in the relative cost scale between the two
partitions is approximately σ/

√
m. As m becomes small relative to n1 and n2, this uncertainty can dominate the
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learned cost relationships, effectively “decoupling” the cost scales between the two partitions and leading to poor
generalization.

Implications for temperature selection. Given these information bottlenecks, reducing temperature (and
thus noise) in the language model’s preference labels becomes critical for sparse graphs. Lower temperature
increases the signal-to-noise ratio of the crucial bottleneck edges, reducing error propagation across graph partitions.
This stands in contrast to dense graphs where K ≈ O(N2): with many redundant paths between any two nodes,
moderate noise can be averaged out, and higher temperature may even provide beneficial regularization. For
sparse graphs, however, preserving label accuracy (particularly on structurally important edges) takes precedence
over noise-induced regularization benefits.

G User study extra details

An example question from the human study for the HELOC dataset is shown in Figure 9. The full survey can be
seen in the attached paper materials. We also present the full details of the rating study in Figure 8.

(A) (B) (C)

Figure 8: User testing: (A) Bootstrapping users in our study we found the overall accuracy better with the full
prompt, which begun to plateau after N=30, with a mean accuracy of ∼82% in Claude3.7-Sonnet. (B) Taking
the average of our ratings as the ground truth, and bootstrapping questions, the results were highly stable for all
N, averaging ∼87% for the full prompt, and ∼80% for the ablated version. (C) Similar results were seen in the
rater’s study when comparing Cohen’s Kappa.

H Finetuning fairness

As fairness is domain dependent (Mehrabi et al., 2021), we did not evaluate this aspect of cost functions in our
quantitative tests, but here we investigate GPT-4o’s built-in biases and the ability of prompt finetuning to modify
them if needed. Hence, we added an extra rule to the full prompt that the LLM should ‘never use demographic
information when considering the cost of mutations’, and tested against the same prompt with this rule ablated.
For both we mutated education upwards a standard deviation to observe how cost differed between demographics
and prompts. Specifically, we considered male/female, white/not-white, and age 25/65, while taking their MDE
scores with education-level as the dependent feature. Figure 10 shows the results were the full prompt with these
constraints was significantly less biased than the ablated version. Specifically, Cohen’s d was -0.59, -0.35, and
1.43 for age, gender, and race, respectively, illustrating significant effect sizes.

I Deployment study on real recourse algorithms

This section serves to give full details about the implementation of our deployment tests mentioned in the final
paragraph of Section 4.5. We implemented the methods of Keane and Smyth (2020) and Wachter et al. (2017).
The data used was Adult Census with 30,000 for training, and 6,000 for testing the recourse generation.
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I.1 Keane and Smyth (2020)

This method is data driven and works by defining a case-base of recourse options for training data (Keane and
Smyth, 2020). In practice, each training data has its nearest unlike neighbor found in the case-base and the
difference between the two is taken as one recourse option. Recourses of 2 or less feature changes are preferred by
the authors, we focus on single feature changes. At test time, a query has its nearest neighbor found in the case
base and its recourse is applied to the query, this is repeated for all nearest neighbors to find the best recourse
option adhering to some constraints. For us, these constraints are a single feature mutation, and that the result
must be a valid counterfactual. Finally, we also considered the 100 nearest neighbors as possible recourses.

I.2 Wachter et al. (2017)

A heavily implemented framework in research (Wachter et al., 2017), the method works by generating a set
of random recourses which optimize to be closer to the query, while optimizing to also be the counterfactual
class. The second constraint is gradually up-weighted with a lambda term to be more important throughout
several optimization steps. We implement the method as normal with 300 possible counterfactuals during
optimization, categorical features are snapped to the closest real value, the results are filtered to those which are
valid counterfactuals, and the closest chosen as the answer. Because we are interested in sparse explanations, we
also clamp each possible counterfactual to have one possible feature mutation, which in practice is done allowing
the largest currently mutated feature to be the recommended recourse action.

I.3 Deployment study results

Here we display the full results. The frequency of change for each feature is displayed on each table.

Table 3: Case Study Results: Each number represents the number of times each method recommended mutating
that feature for recourse. In Keane and Smyth (2020), our method recommended mutating age less and hours-
worked more as the main trade-off. In Wachter et al. (2017), our method recommended mutating education and
hours-work in comparison to MAD which favored features such as male, native-US, and race.

Male Age Native-US Married Education Hours-Work Private Work Caucasian

Keane and Smyth (2020) - Data Driven

L1 0 554 1 29 266 177 0 0
Ours 0 380 1 30 275 341 0 0

Wachter et al. (2017) - SGD Driven

MAD 20 53 78 332 1594 4 8 1
Ours 1 28 3 313 1750 174 84 0

Table 4: Heloc Results: On average the baselines favored Months Since Most Recent Inquiry Excluding 17 days,
in contrast to our cost function which favored Number of inquiries in the last 6 months and number of revolving
trades with balance as a trade-off. Considering the first feature has no time span (i.e., it could be greater than 6
months), and NumInqLast6M is bounded, it is typically faster to take action upon.

MSinceMostRecentInqexcl7days NumRevolvingTradesWBalance NumTradesOpeninLast12M NumInqLast6M

Keane and Smyth (2020) - Data Driven

L1 336 9 1 0
Ours 270 43 8 25

Wachter et al. (2017) - SGD Driven

MAD 167 1 0 0
Ours 5 10 5 148
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J Compute resources

To reproduce our results, all that is needed is a CPU and access to OpenAI API and Anthropic API with model
gpt-4o-2024-05-13 or the Claude models listed in the main paper. To run all tests will take 1-2 weeks minimum
for labeling with the API and training of the cost functions across all experiments (including the finetuning tests).
We were able to query 50x in parallel for our tests, if your system allowances are lower, reproducing the results
will take longer, however we will include all the LLM labelled datasets to make reproducing the work trivial,
requiring only a CPU.

K Dataset License

• HELOC: https://github.com/samanthajmichael/heloc_credit_modeling (MIT License)

• Adult Census: https://archive.ics.uci.edu/dataset/2/adult (CC BY 4.0)

• German Credit: https://archive.ics.uci.edu/dataset/144/statlog+german+credit+data (CC BY
4.0)

L Training hyperparameters

To train the cost functions we used the libraries

https://github.com/tombewley/hyperrectangles

https://github.com/tombewley/Reward-Trees

With all the default hyperparameters for training the MLPs and decision trees.

M Prompt robustness tests

We ran 500 randomly sampled pairwise comparisons from each of the three datasets using our standard prompt
and a perturbed version. The perturbation involved (i) replacing 10 random words with synonyms and (ii)
prompting the LLM to reword one sentence (without modifying the feature values). We then ran both 30 times
per question and checked if they produced the same modal response. The agreement rates were: HELOC: 95%,
Adult Census: 94%, and German Credit: 94%. This illustrates that our results are quite robust to prompt
perturbations.

N Prompts

In this section we detail the prompts used in this paper. In total, there were 30+ different prompts used, to avoid
cluttering the appendix, and in the interest of saving paper usage, we only give the variants for the HELOC
dataset, however, all other prompts are easily found in our source code. Go to src/prompts.py to see the
prompts for the direct usage of LLMs, the full prompts, and the ablated versions, as well as other examples
of finetuning the prompts to e.g. elicit fairness. Go to src/synthetic_des1.py, src/synthetic_des2.py, or
src/synthetic_des3.py to see the prompts for the synthetic tests.

https://github.com/samanthajmichael/heloc_credit_modeling
https://archive.ics.uci.edu/dataset/2/adult
https://archive.ics.uci.edu/dataset/144/statlog+german+credit+data
https://github.com/tombewley/hyperrectangles
https://github.com/tombewley/Reward-Trees
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Ablated prompt for HELOC

You are a helpful assistant to a data scientist to help them label data.

You will be shown a datapoint representing a person Alex, and a mutation of it,

You will also be shown a datapoint representing a person Jaden, and a mutation of it,

your task is to label which of the two mutations would take more effort to achieve.

The data will be the HELOC Dataset which uses these features:

MSinceMostRecentInqexcl7days: Number of months passed since the last credit inquiry on the
individual.

NumRevolvingTradesWBalance: The number of the individual’s current credit accounts (e.g. credit
cards) that have balances on them.

NumTradesOpeninLast12M: The number of new credit accounts opened in the last 12 months.

NumInqLast6M: The number of credit inquiries carried out on the individual in the last 6 months.

The data is represented in array form like [’MSinceMostRecentInqexcl7days’, ’NumRevolving-
TradesWBalance’, ’NumTradesOpeninLast12M’, ’NumInqLast6M’]

Now consider the following individual Alex: {x1}

Now consider this mutation of Alex: {x1 mutation}

Now consider the following individual Jaden: {x2}

Now consider this mutation of Jaden: {x2 mutation}

Which of these two mutations would take more effort? You must provide an answer.

Outline your reasoning process step by step, before giving your answer as 1, 2, or 0 in the tags
<answer>...</answer>, where 1 means you think the first mutation requires more effort, 2 means you
think the second mutation requires more effort, and 0 means you think there is almost no difference.
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Figure 9: Human study question example.
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Figure 10: Fair Cost Fine-Tuning Results: Instructing GPT-4o to not discriminate between demographic
information decreases its bias when suggesting recourse. These results show how it is possible to fine-tune the
cost function on the dimension of fair cost. The “Full Prompt” here included an extra rule to not discriminate
stating ‘never use demographic information when considering the cost of mutations’.
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Full prompt for HELOC Dataset

You are a helpful assistant to a data scientist to help them label data.

You will be shown a datapoint representing a person Alex, and a mutation of it,

You will also be shown a datapoint representing a person Jaden, and a mutation of it,

your task is to label which of the two mutations would be more difficult to achieve.

The data will be the HELOC Dataset which uses these features:

MSinceMostRecentInqexcl7days: Number of months passed since the last credit inquiry on the
individual.

NumRevolvingTradesWBalance: The number of the individual’s current credit accounts (e.g. credit
cards) that have balances on them.

NumTradesOpeninLast12M: The number of new credit card accounts opened in the last 12 months.

NumInqLast6M: The number of credit checks carried out on the individual in the last 6 months.

The data is represented in array form like [’MSinceMostRecentInqexcl7days’, ’NumRevolving-
TradesWBalance’, ’NumTradesOpeninLast12M’, ’NumInqLast6M’]

Now consider the following individual Alex: {x1}

Now consider this mutation of Alex: {x1 mutation}

Now consider the following individual Jaden: {x2}

Now consider this mutation of Jaden: {x2 mutation}

Which of these two mutations would take more effort?

Remember the following rules and use them in your decision:

1. Some features are naturally harder to change than others, use this logic.

2. For numerical features, the difficulty of changing them can often depend on their starting values.

3. Apart from the mutated features, consider the other features which are different between Alex and
Jaden, and how this may affect difficulty.

Outline your reasoning process step by step, before giving your answer as 1, 2, or 0 in the tags
<answer>...</answer>, where 1 means you think the first mutation requires more effort, 2 means you
think the second mutation requires more effort, and 0 means you think there is almost no difference.
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Elicit Direct Cost: Full prompt for HELOC Dataset

You are a helpful assistant to a data scientist to help them label data.

You will be shown a datapoint representing a person Alex, and a mutation of it,

Your task is to label the effort to achieve this mutation.

The data will be the HELOC Dataset which uses these features:

MSinceMostRecentInqexcl7days: Number of months passed since the last credit inquiry on the
individual.

NumRevolvingTradesWBalance: The number of the individual’s current credit accounts (e.g. credit
cards) that have balances on them.

NumTradesOpeninLast12M: The number of new credit card accounts opened in the last 12 months.

NumInqLast6M: The number of credit checks carried out on the individual in the last 6 months.

The data is represented in array form like [’MSinceMostRecentInqexcl7days’, ’NumRevolving-
TradesWBalance’, ’NumTradesOpeninLast12M’, ’NumInqLast6M’]

Now consider the following individual Alex: {x1}

Now consider this mutation of Alex: {x1 mutation}

On a scale from 0-10, how much effort would this take Alex? You must provide an answer.

Remember the following rules and use them in your decision:

1. Some features are naturally harder to change than others, use this logic.

2. For numerical features, the difficulty of changing them can often depend on their starting values.

3. Apart from the mutated features, consider the other features, and how this may affect difficulty.

Outline your reasoning process step by step, before giving your answer in the tags <an-
swer>...</answer>, where 0 means you think this is almost no effort, and 10 means you think
it is almost impossible.
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Elicit Direct Cost: Ablated prompt for HELOC Dataset

You are a helpful assistant to a data scientist to help them label data.

You will be shown a datapoint representing a person Alex, and a mutation of it,

Your task is to label the effort to achieve this mutation.

The data will be the HELOC Dataset which uses these features:

MSinceMostRecentInqexcl7days: Number of months passed since the last credit inquiry on the
individual.

NumRevolvingTradesWBalance: The number of the individual’s current credit accounts (e.g. credit
cards) that have balances on them.

NumTradesOpeninLast12M: The number of new credit card accounts opened in the last 12 months.

NumInqLast6M: The number of credit checks carried out on the individual in the last 6 months.

The data is represented in array form like [’MSinceMostRecentInqexcl7days’, ’NumRevolving-
TradesWBalance’, ’NumTradesOpeninLast12M’, ’NumInqLast6M’]

Now consider the following individual Alex: {x1}

Now consider this mutation of Alex: {x1 mutation}

On a scale from 0-10, how much effort would this take Alex? You must provide an answer.

Outline your reasoning process step by step, before giving your answer in the tags <an-
swer>...</answer>, where 0 means you think this is almost no effort, and 10 means you think
it is almost impossible.


