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ABSTRACT

Individuals with similar qualifications and skills may vary in their demeanor, or
outward manner: some tend toward self-promotion while others are more self-
effacing. Comparing the self-descriptions of equally qualified job-seekers with
different self-presentation styles is therefore problematic. We build an interactive
Al for skill elicitation that provides accurate determination of skills while simul-
taneously allowing individuals to speak in their own voice. Such a system can be
used, for example, when a new user joins a professional networking platform, or
when seeking to match employees to needs during a company reorganization.

We articulate the equitable elicitation problem. We build an interactive Al to
address the problem, providing accurate and equitable determination of skills. To
this end, we train an LLM to act as synthetic humans to provide training data, and
we provably enforce a mathematically rigorous notion of equitability, ensuring
that the covariance between self-presentation manner and skill evaluation error is
small.

1 INTRODUCTION

Garbage in, garbage out. Data are literally “the givens,” and biases in data yield biased systems. Self-
descriptions are not exempt from bias: data about individuals that are provided by the individuals
themselves exhibit cultural biases. More broadly, individuals, even within the same culture, differ in
their levels of modesty and tendency (or ability) to self-promote. These differences have measurable
downstream effects on outcomes, such as recruitment Murciano-Goroff (2022).

If the problem were simply one of tone, existing language models could mitigate the effect by ho-
mogenizing the presentation of facts supplied by the individuals, for example, by using a prompt of
the form “Rewrite this in the style of a white cisgender male in an individualistic culture.” However,
the LLM cannot compensate for relevant information that the user fails to supply, which studies show
to exhibit pronounced cultural and gender disparities [Lindstrém (2017); [Murciano-Goroff (2022);
Deschacht & Maes (2017)E]

This is the subject of the current work. For concreteness, we focus on job-seekers’ self-generated
professional profiles, for example, as on LinkedIn, but our proof of concept can extend to many other
settings. Our key contribution is an interactive tool for accurate and equitable elicitation of skill
signals in job candidates across a cultural spectrum. That is, we determine whether or not a person
has a specific skill based on answers to a few questions. Crucially — and this is a principal design
goal — our tool allows individuals to speak in the style in which they are comfortable. The pressure,
and even well-intended advice, to conform to a specific interaction style is widespread, burdening

*This work was facilitated by the Hire Aspirations Institute at Harvard, supported in part by Alfred P. Sloan
Foundation grant G-2017-9890.

"For example, in their official blog, LinkedIn reports Lindstrond (2017): “In the U.S., women on average
include 11% less skills than men on their LinkedIn profile, even at similar occupations and experience levels”
(see alsolAhujd (2024)). This number is matched in Murciano-Goroft’s brilliant measurement of the gender gap
in self-reporting of skills via individuals’ actual previous coding work as seen on github and taking into account
”the number of lines of code that a candidate has contributed to others’” open source projects as an indication of
the reputation of the candidate’s coding work™ (emphasis added). There is also cross-cultural research finding
a self-promotion gap between collectivist and individualist cultures. For example, [Deschacht & Maes (2017)
finds a gap between rates of self-citations in individualist and collectivist cultures (and finds the gender gap
firmly persistent across different cultures).
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even highly competent but conversationally more restrained individualsMohi (2014);|Ahuja (2024).
To our knowledge, ours is the first work to actively elicit information while respecting personal style.

For our purposes, a predictor is a function that maps a transcript to a score in [0, 1]. Speaking
intuitively and informally, one can think of this score as a “probability” that the individual in the
transcript has a stated skill .

We ensure a mathematically rigorous notion of ‘“equitability” which is a form of multi-
accuracy |[Hébert-Johnson et all (2018) with respect to the Big 5 personality types, which
roughly means that the covariance between the personality type and the prediction error is
small |Gopalan et al! (2021)). The choice of Big 5 was expedient, as algorithms for these are readily
available in the NLP literature. Indeed, multi-accuracy is completely general and multi-accurate
learning algorithms provide the low-covariance guarantee with respect to any pre-specified collec-
tion of functions mapping individuals to a finite range [Hébert-Johnson et al! (2018); [Dwork et al.
(2021)); IGopalan et al. (2022).

Beyond formalizing and addressing the problem of equitable elicitation while preserving individual
voice, our work has several notable features:

1. We provide a novel example of the use of LLMs for computational social science research.
Drawing on a publicly available dataset of individual profiles, we build an LLM to create
synthetic humans on which we train an accurate and equitable scoring function for skillf]

2. In many commercial settings, the training of predictors is a dynamic process, with systems
trained to improve themselves in a sequence of epochs. Let p; denote the predictor in the
t1th epoch. Our system ensures that every one of these epochal predictors p; satisfies our
fairness constraint.

1.1 HIGH-LEVEL OVERVIEW

We use a structured approach to building an elicitation model based onWang et al. (2025) and Sutton
et al. style reinforcement learning [Sutton et all (1999).

We determine whether or not a person has a specific skill based on their answers to a series of
adaptively selected questions. The question selection algorithm is trained to minimize uncertainty,
with the questions belonging to a pre-decided and human created set: no user will ever be asked a
question that was directly generated by an LLM, and the pool of possible questions can be audited
beforehand by any relevant parties.

Given a question-and-answer conversation prefix, the selection of the next question is done via a
fixed machine learning based function, which maps the transcript of user responses to a probability
distribution on the next question. This question selector converts the user’s responses into vectors
using an embedding model, then feeds them into our pre-trained transformer based machine learning
system. We use a transformer architecture because that allows us to input a variable length conver-
sation prefix, e.g., on the first question we only have the user’s background information or profile,
while on the fifth we have 4 previous answers. This system is static and reproducible: given the
same answers it will produce the same distribution on outputs.

Once we have the transcripts of questions and responses, we construct our skill predictor using a
technique similar to the one used to build the question selector. We formulate the skill prediction task
as a binary classifier. The predictor deterministically maps a transcript of questions and responses
to a score in [0, 1]. The skill predictor is post-processed to ensure multi-accuracy with respect to the
Big-5 personality types using a technique from Gopalan et all (2022 This guarantees that (1) the
predictor is (nearly) correct in expectation on each personality type, and (2) the personality types
have low convariance with the prediction errors.

>The meaning of a probability for a non-repeatable event is a deep and unresolved question in the theory
of probability. For more on this in the context of the predictor technology used in this work, see [Dwork et al)
2021)).

3This is the only use of LLMs in our work; had we sufficient data LLMs would not have been necessary.
See the discussion in Section

A stronger guarantee, multi-calibration, can also be ensured, but the algorithm is more complicated. We
chose multi-accuracy for the proof of concept.
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We remark that neither of the two functions is generative. The training process involves generative
Al to bootstrap and expand the training data, but at runtime nothing generative is used.

2 RELATED WORK

2.1 ALGORITHMIC FAIRNESS

The literature on algorithmic fairness is broad and rapidly growing, encompassing notions such as
individual fairness (Dwork et all,[2012) and group fairness (Hardt et all, |201€). Protections defined
with respect to a single group can be too weak (Dwork et al!,[2012), while finding a metric for indi-
vidual fairness is problematic. This lead to settings with multiple, potentially overlapping subgroups
(Hébert-Johnson et al!, 2018; [Kearns et all, 2018; Kim et al), 2019). Most pertinent to our work are
the frameworks of multi-calibration and multicalibration and multiaccuracy (Hébert-Johnson et al.,
2018; [Kim et al., [2019), which require predictors to maintain uniformly small error rates across a
rich collection of subpopulations. By enforcing multi-accuracy with respect to presentation styles,
we extend these fairness-as-accuracy goals into the domain of elicitation, adding pro-active interac-
tion to ensure that stylistic variation does not systematically affect errors in skill estimation..

A wide range of related approaches highlight complementary fairness notions. Fair representation
learning methods aim to construct latent spaces invariant to sensitive attributes|Zemel et al. (2013);
Wang et al. (2024). The problem of model multiplicity, as highlighted by Black et al. Black et al.
(2024), emphasizes that among equally accurate models, one should select those that are less dis-
criminatory. Additional perspectives include metric-based fairness, which requires that similar in-
dividuals receive similar predictions|Dwork et al! (2012); [lventa (2019); Rothblum & Yona (2018);
Mukherjee et al! (2020), de-biasing [Bolukbasi et all (2016), corrective transformations Dwork et al
(2023), and work that seeks to move beyond explicit definitions of fairness altogether Jung et al.
(2020).

2.2 ENDOGENOUS BIASES: EMPIRICAL EVIDENCE

A substantial body of empirical evidence shows that individuals’ self-presentation styles introduce
systematic disparities in evaluation outcomes. For example, East Asian employees tend to exhibit
a modesty bias in self-ratings of job performance, leading to lower self-assessments despite com-
parable actual performance FARH et al! (1991); JTIAYUANYU & Murphy (1993);!Cho et al! (2023).
Such disparities highlight how cultural norms of modesty versus self-promotion can shape the infor-
mation available to evaluators, and thereby affect professional advancement.

Research on self-presentational behavior shows that applicants strategically adjust how they present
themselves during hiring processes, often influencing evaluations in ways that are independent of
their actual skills [Konig et all (2011)). More recently, studies have explored how Al systems interact
with such biases, showing both risks and opportunities. For instance, [Hofmann et all (2024) and
Guenzel et al) (2025) analyze the role of Al in recruitment and assessment, noting that algorithmic
tools can either amplify existing disparities or help to mitigate them if designed carefully.

Relatedly, [Eloundou et all (2024) investigates biases in chatbot responses linked to users’ names,
illustrating how seemingly innocuous identity cues can alter model behavior. Bolukbasi et all (2016)
shows that widely used word embeddings encode gender stereotypes, raising concerns that linguistic
representations themselves can reproduce and amplify social biases. Most recently, |/Agarwal et al.
(2024) demonstrates that Western-centric Al suggestions led Indian participants to adopt Western
writing styles, homogenizing their work toward Western norms and diminishing cultural nuance.

2.3 LLMS AS INTERVIEWERS

In recent years, Al has increasingly been employed as an interviewer across a range of con-
texts, including the elicitation of political opinions (Wuttke et al., [2024), qualitative interviews
(Chopra & Haaland, 2023), quantitative telephone surveys (Leybzon et al., 2025), and even in as-
sisting with questionnaire design (Adhikari et al., 2025). [Wang et al! (2025) further proposes an
adaptive elicitation framework that leverages LLMs to select questions sequentially so as to reduce
uncertainty about latent traits. While these approaches emphasize scalability, efficiency, or data
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quality, our work differs in explicitly addressing fairness by ensuring that elicited skill assessments
are not systematically biased by individual differences in self-presentation style.

3 METHODS

3.1 PROBLEM SETUP

We study the skill elicitation problem: given an applicant j, the goal is to determine whether they
possess a target skill. The ground-truth label is denoted 3y’ € {0, 1}, and our predictor produces an
estimate ¢? € [0, 1].

The elicitation is interactive. At each round i, the system asks a question g; from a fixed bank Q,
and the applicant responds in free text s;. The dialogue history up to round i is called the transcript:

Zl'z = (q17817"' aqivsi)~

Let & denote the space of transcripts. Our system learns two components: 1). A question selector
qyp : X — A(Q), parameterized by 1, which maps the transcript xZ to a probability distribution
over the remaining questions. 2). A score function f, : X — [0, 1], parameterized by ¢, which
outputs the predicted probability 47 of skill possession.

Each response s; is embedded using a pretrained text encoder BERT(), concatenated with its ques-
tion index, and aggregated with a GPT-style attention mechanism ATTN(). For example:

qy(x;) = ATTNy (g1 o BERT(s1),...,¢; o BERT(s;)),
fo(z;) = ATTNg4(q1 o BERT(s1),...,¢; o BERT(s;)),

where o denotes concatenation.

3.2 OPTIMIZATION OBJECTIVES

Our learning problem can be cast in an actor—critic framework (Sutton & Barto, 2018), where the
question selector gy, plays the role of the actor and the score function fy4 serves as the critic. The
actor is responsible for deciding which question to ask next, while the critic evaluates the quality of
the interaction by predicting whether the applicant possesses the target skill. The two models are
updated jointly and influence one another during training. Below we detail the objectives for each
component.

Uncertainty-guided policy learning. A naive approach would be to update the question selector
using the final prediction error |y’ — §7| as the reward. However, this leads to very sparse and
delayed feedback: a sequence of questions may only be judged good or bad once the entire interview
is complete. To provide a more informative training signal, we instead optimize the policy for
information gain (Wang et al|,[2025).

For a transcript x{ and candidate next question ¢, we simulate M steps into the future using the
response simulator s() and compute the rollout-based certainty measure

Z(q) = 2| fo(w]p) = 05].

Intuitively, Z(g) is large when asking ¢ leads to states in which the score function fy makes more
confident predictions. In other words, the policy is rewarded for selecting questions that are expected
to reduce predictive uncertainty the most. Algorithm [Tl outlines this rollout-based calculation.

Given this reward definition, we optimize the question selector using the REINFORCE algorithm.
Specifically, the parameters 1 are updated by

b ¥ +avZ(q)Vylogay(ql | ),

where « is the learning rate and + is a discount factor (both set to 1 in our case ). This update
increases the probability of choosing questions that are expected to maximize certainty gain. This
update encourages ¢, to increase the probability of selecting informative questions.
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Algorithm 1 Rollout-based Uncertainty Z

Input: Transcript xf , candidate question g, depth M, models fg, g, simulator s()
Output: 7
Create z 11 by appending g and its simulated response
form =1to M — 1do )
Sample next question ¢’ from gy (7, )
Append ¢’ and simulated response to form ] Tl
end for ]
Compute Z = 2|fg(x], ;) — 0.5]
return 7

Supervised training of the score function. The critic f4 is trained to approximate the ground-
truth label ¢7. Unlike the policy, the critic has access to the true skill label during training and can
therefore be updated with a direct supervised loss. Specifically, we use mean squared error (MSE):

1 B

, 9
Lyse(¢) = B Z (fola]) —y7)"
Jj=1
The gradient update for ¢ is

¢ — 6= B(fo(x]) — v Vo fs(a)),
with learning rate /3. This ensures that f, gradually improves its skill predictions as more transcripts
are observed.

The objectives of ¢, and f, are interdependent. As the critic improves, its uncertainty estimates
Z become sharper, which provides the actor with a more reliable reward signal. Conversely, as the
actor learns to ask more informative questions, the critic observes richer transcripts and thus achieves
higher predictive accuracy. This coupling drives a virtuous cycle: the actor guides exploration while
the critic supplies feedback, leading to a jointly optimized interactive elicitation process.

3.3 FAIRNESS CALIBRATION

While the optimization objectives above ensure that the score function fy becomes accurate on
average, they do not guarantee equitable performance across subgroups of applicants. In particular,
skill evaluation may correlate with personality traits or communication styles that are irrelevant to
the actual skill. If left unchecked, the model could systematically overestimate or underestimate
candidates from certain personality groups, leading to biased outcomes.

Multiaccuracy constraint. To mitigate this issue, we require the predictor to be multiaccurate
with respect to a family of auxiliary functions. Let C denote this family, which includes pretrained
predictors of the Big-5 personality dimensions (openness, conscientiousness, extraversion, agree-
ableness, neuroticism) as well as the constant function 1. That is, |C| = 6. Each ¢ € C maps a
transcript 2 to a real-valued score in [0, 1], representing, for instance, how strongly the applicant
exhibits a certain trait.

A predictor f, is said to be (C, €)-multiaccurate if
sup [E; [e(a?) - (Jola]) — )] | < e ()
ce

This condition ensures that the prediction error of the score function is approximately uncorrelated
with all functions ¢ € C: no personality dimension (or their linear combinations) can explain away
the residual bias.

Constructing a calibrated predictor. To enforce multiaccuracy, we adapt the procedure of
Gopalan et al. (2023). The idea is to correct the raw predictor fy by adding a linear combination of
the auxiliary functions, followed by a transfer function. Concretely, we define

folx) =0 (Z lec(z) + Ul(qu(x))) ;

ceC
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Algorithm 2 Rollouts Algorithm

Inputs: 2, N, M. f5() ¢y (). s()
Output: 7/, q
initialize Z = 0,¢ =0
Assume for simplicity: N < |Q|
Calculate ordering of next questions g1, qa, . . ., gn using g, (x7) by taking the top N
forn =1to N do

Create state 7 , after g, using s()

form=1to M — 1do )

Select next question g; using gy (7}",)

70, by adding ¢; to x7"

Create state x
end for , )
Calculate Z7"y, = 2| fo (27 y,) — -5
if Z'i],n > Z! then

then using s()

i — 7i
qd={(n ’
end if
end for

return Zij ,q

where o(t) = 1/(1 + exp(—t)) is the sigmoid function, o~ is its logit, and {l.} are calibration
weights. Intuitively, the correction shifts the logit of f,(x) depending on the personality scores c(x)
so that the residual correlation between errors and traits is minimized. The weights {/.} are obtained
by solving a convex optimization problem derived from Theorem 5.6 of |Gopalan et all (2023) (see
the theorem statement in the appendix Section[A3):

Ly(y,x) = —(y log(x) + (1 — y) log(1 — m)) )
N
= _% Z lyj log (U(Z lcc(xf) + o_l(f(xg))))
j=1 ceC

+ (1= y/)1og (1= o (D lec(ad) + o-l(f(xz{»))]

ceC
te- Z |lc|
ceC

This yields a predictor f7 that is provably multiaccurate with respect to C.

Integration with training. Fairness calibration is interleaved with the actor—critic updates de-
scribed earlier. After a number of standard training steps, we perform a calibration phase: estimate
{l.} on a batch of transcripts, update the calibrated predictor f;, we then use f(’; as fy for the next
batch. This alternating procedure ensures that improvements in predictive accuracy are continually
balanced with fairness guarantees. If the calibration condition is ever violated (i.e., the bound above
exceeds €), training reverts to the last feasible state.

3.4 TRAINING ALGORITHM
Algorithm 3] summarizes the full training loop. Each iteration alternates between: (i) sampling tran-

scripts, (ii) computing rollout-based uncertainty values Z, (iii) updating g, and fy with stochastic
gradients, and (iv) periodically recalibrating f to enforce multiaccuracy.

3.5 THEORETICAL GUARANTEE

Finally, we establish that fairness is preserved during training.
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Algorithm 3 Equitable Elicitation Algorithm - General Solution

initialize Fixed Values: Q, C, s()
initialize Learned Variables: v ~ U, o ~ U, 1. = 0,2 =0
initialize Hyper-parameters: «, 3, €, v, N, B, imax
while ¢ and v not converged do
for b to By, do
Initialize empty batches B, = {}, Bz = {}, B, = {}
If not first run
Initialize batches from Bfir
Pick random 7 < 9«
forb=1to B do
Sample j from s()
Form z based on s() with gy()
Calculate Z/ using Algorithm 2 with 2/, N, f4(), and gy ()
Append 77 to B, Z! to Bz, v to By
end for
Update v using batch Bz and B, via Adam
Update ¢ using batch B, and B, via Adam
end for
Initialize batches B = {}, B = {}
Fill up B and Bgair until they are big enough
Calculate [.. for each ¢ € C using B and B;air via linear optimizer
Create f with [,

Verify f7 satisfies Equation [[lusing B, Bg‘ir and [,
if not satisfied then

Break, failure restart at previous good state
end if
end while

Theorem 3.1 Let F = {f; : ¢ € ®} be the hypothesis class, and suppose the solution to the
loss function @, f*, lies within €* of F. Then f* is (C,€)-multiaccurate at every iteration of the
interactive procedure.

Thus our method ensures that prediction errors remain approximately uncorrelated with applicant
personality features, yielding an equitable elicitation process.

4  SPECIFIC INSTANTIATION

We are interested in demonstrating the efficacy of this method in a real world scenario.

4.1 PROBLEM CONSTRUCTION

We formulate our problem as skill identification, specifically given a Linked-In style profile and a
small number of questions we seek to identify if the job candidate poses a specific skill.

Our procedure is based on existing interview practices, we consider the interview as a sequence of
questions, where each question is picked from a fixed set of possible questions based on the current
state of the interview. The interviewee then responds to each question, and at the end of the interview
we attempt to determine if the interviewee possesses a specific skill. In practice this would be the
first step in a hiring process, where the expectation is that many interviewees would “pass”, and then
be subject to further screening. This is not meant to replace a real interview, but rather to increase
the fairness of the initial screening process.

While this work is motivated by the empirically observed biased in hiring practices against women
and minorities in many technical fields. We will focus on a component of this problem, personality
based biases. We attempt to create an interview process that is fair with respect to the Big 5 per-
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Method Step Accuracy Fairness loss
No Correction 137 781 0.0163
With Correction 137 1.0 0.0048

Table 1: Accuracy and fairness loss for our model with and without the fairness correction during
training. Accuracy is for a binary prediction task, and fairness loss is calculated across a batch using
Equation 2]

sonality traits (Openness, Conscientiousness, Extraversion, Agreeableness, Neuroticism). As some
of these traits are correlated with gender and race, biases against people lacking Extraversion or
Conscientiousness can lead to outcomes that are biased against women and minorities.

We start with a set of sample profiles collected from public profiles on a large professional network-
ing site. These profiles were then filtered to remove entries that were missing fields or had too short
of a summary. The remaining profiles were then split into training, validation, and test sets.

Then the profiles were converted into a structured text format, with a fixed set of key-value pairs,
with each key representing a field in the profile (e.g., full_name”, ”gender”, “industry”, ’skills”,
”summary”, etc.). This structured text format was then used to fine tune Meta-Llama-3.1-8B, cre-
ating a model that generates profile summaries based on the other fields in the profile. This is not a
general purpose LLM, but rather a method of sampling from the space of valid profile summaries,

that maintains the biases inherent in the dataset.

We structure our interviews as a series of implicit counterfactual questions. We also assume that the
interviewee is being truthful, and that there is no deception, beyond that inherent to our dataset.

We start with a base profile, that represents the ground truth of the interviewee. We then ask ques-
tions by modifying the skill fields in the profile and take the generated summary as the response.
Thus we can construct a series of self-summaries that represent the interviewee under different skill
self-assessments. Our final objective is to determine if the interviewee possesses a specific skill
based on this sequence of self-summaries.

Our interview format allows us to frame the interview process as the reinforcement learning problem
described in section 3.2 Given a base profile it either does or does not possess a target skill. Our
end goal is to create a fair score function that takes the sequence of self summaries and predicts if
the interviewee has the target skill. We call this function fj.

Given f, we can then assign the correct answer to have a reward of +1, allowing us to attempt to
learn a policy that maximizes the accuracy of the final answer. We use a simple policy gradient
method, REINFORCE, to learn a policy (f,;) that selects the next skill, but use reducing uncertainty
as the final reward instead of accuracy. These two functions combine to create an actor-critic model,
where the actor is fy, and the critic is fg.

4.2 RESULTS

For training we used a small (400k parameter) transformer based neural network for both f4 and fy,
with the transcripts being preprocessed via an embedding modell. We used the LLM to simulate
the job applicants with half being initialized with real profiles from our validation set, and half
being fully synthetic. The skill in question is leadership, with 20% of candidates having it during
our simulations. We allowed the model to ask 2 questions after the initial self description, and our
rollouts were for an additional 2 questions. As described above questions are posed as new skills
the candidate may have. Each step was 16 interviews with the fairness calibration being done on 32
interviews. We ran the process until the loss on both f() and f,, converged.

Table [ shows the results of our full training procedure run with and without the fairness correction.
Note that the fairness loss is given after the final fairness correction is applied, before it is applied
the fairness loss was 0.0226 and the accuracy was 0.968. The final step of 137 was chosen as it
was where both methods showed convergence, note we only conduct the fairness correction every

SWe used [sentence-transformers/all-MiniLM-L6-v2] (Reimers & Gurevych, 2019) which is
based onWang et al! (2020)
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16 steps. Note that the no correction model consistently converged faster, taking approximately 50
steps to converge.

5 DISCUSSION

In this work we present results showing the fairness can be improved even in an interactive social
setting. We prove that our algorithm will provide theoretical guarantees of fairness, and demonstrate
that it can be used in a real world problem. While we focus on the interview framing there are
many other potential areas that a fair score function would be beneficial. Chat bots are growing in
usage (Stohr et al., 2024)), making medical or academic recommendations often rely on analysis of
transcripts, the equitable elicitation process could aid deployment of scoring functions and improve
question processes. Beyond fairness towards individuals this method could also be used to improve
reinforcement learning by considering fairness as regarding the state space, allowing a learner to be
unbiased with regards to the score given to different states reducing bias towards previously explored
locations.

We also show that LLLMs can be used for social science research, we construct a large language
model that can accurately reproduce a complex dataset and allow use to test our methods without
risking harm to individuals. That said we are not advocating for replacing human subjects research
with LLMs and as we noted in section [4.] these methods should be used in addition to real human
interviewers analysis.

There are many possible directions that these results lead, the equitable elicitation process should
work for multiple skills simultaneously, and with multi-calibration instead of multi-accuracy. Addi-
tionally we hypothesize that if the score function is neural network model distillation can be used to
directly imprint the fairness constraints on the weights, reducing complexity and compute costs of
the final model.
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Table 2: Variables and definitions

Variable Type Description
3j N applicant ID/index
y {0,1} Ground truth, 1 if the applicant has the skill, O otherwise
7 [0,1] Estimate of y value gives probability of y being 1
s() str — str Response simulator
qy () X —Q question selector, suggests questions based on user responses
Q Set of questions, (pre-defined)
qi Q Specific question, indexed by number asked
Si str Specific response, indexed by number of responses
s] str Specific response, indexed by number of responses (¢) and person responding (j)
i N index for responses/questions to the same person
X Transcript (questions and responses) type
x; X Specific Transcript (questions and responses) up to response %
x] X Specific Transcript (questions and responses) up to response ¢ for person j
40 X —=R score function, outputs score of candidate based on responses
150 X =R score function, with multi-accuracy
P question selector weights (learned)
10} score function weights (learned)
BERTY() str — R" Our pretrained embedding model, it maps text to vectors (a11-MiniLM-L6-v2)
ATTN() R»*™ — R™ GPT style Attention mechanism, maps a sequences of vectors to single vector
Z R Certainty, twice distance of f(z]) from .5
C Set of big 5 personality traits and constant function 1
() X —R Big 5 personality trait score function (MBTI), pre-trained neural network, or 1 forc = 1
¥ R Discount factor, set to 1 since we only care about the final evaluation
@ R Question loss coefficient, controls how quickly we change v
B8 R Score function loss coefficient, controls how quickly we change ¢
€ R Fairness constraint
le R Calibration constants
softmax() R™ — R” sigmoid function, maps a vector from R" to a probability distribution, note n can be 1
sup() Support
N N Number of rollouts
M N Rollout Depth
Tmax N Maximum number of questions
B N Batch size
Bfair N Batch size for fairness calibration
) R The failure probability (10~)

A FIRST APPENDIX

A.1 NOTATION TABLE

A.2 ALGORITHM DESIGN NOTES

For this section we use s € S to refer to text vectors from the set of all possible texts (S). These are
represented as embeddings in practice. See Table [2| for the definition of each variable used in this

paper.

A.3 PROOF OF THEOREM[3.]]

We first recall a lemma from (Gopalan et al| (2023). Let 7 denote the set of functions ¢’ : R — R
such that: 1). ¢’ is continuous and monotonically increasing; 2). the range of ¢’ Im(¢’) D [0, 1].

Lemma A.1 (Theorem 5.6 from (Gopalan et al. (2023)) For a function g and its derivative g' € T
whose range is [0,1], and let l, be its matching loss. Let h* be the optimal solution to the (-
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regularized loss minimization problem:

it g (3, G0 + EZC: |we|

where h(z) = Y wcc(x). Then the function g' o h : X — [0,1] is a (c, €)-multiaccurate predictor.
By Lemmal[A] [ satisifes (C, €)-multiaccuracy:

sup [Ejes [e(a]) - (f3(a]) =)l <.
Then, as for all ¢ € C, we have ¢ € [0, 1], by Cauchy-Schwarz inequality, we have

sup [Ejesle(@l) - (fo(al) —y))]| < sup Ejesle(a]) - (f5(z]) — )| + sup Bjesle(al) - (folad) — f3 @)
<e+ €.

This implies that f, is (C, € + ¢*)-multiaccurate.
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