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ABSTRACT

As large language models (LLMs) are increasingly deployed in
high-stakes decision-making such as automated resume screen-
ing, ensuring reliable oversight of these systems is critical. We
investigate scalable oversight, the ability of weaker Al systems to
supervise stronger ones, by applying the Engels et al. [6] frame-
work to resume selection. We model oversight as an adversarial
game between a capable Houdini model tasked with resume eval-
uation and a weaker Guard model responsible for detecting de-
ception. In misaligned conditions, Houdini is instructed to favor
demonstrably worse candidates while providing plausible justifica-
tions designed to evade oversight. Empirically, we find that while
Houdini’s deceptive effectiveness scales with general model capa-
bility, Guard oversight performance remains relatively flat across
model sizes, suggesting weak scaling of oversight in this domain
under our experimental setup. Code for the project is available here:
https://github.com/dyaom/ScalableOversightProject.

1 INTRODUCTION

The rise of large language models (LLMs) in high-stakes decision-
making, such as automated resume selection, offers significant
efficiency gains but introduces complex challenges related to trust-
worthiness and alignment. Organizations increasingly rely on these
powerful models to screen candidates against job descriptions, a
task requiring nuanced judgment and adherence to strict fairness
criteria. However, as model complexity grows, so does the potential
for sophisticated, subtle forms of misalignment or deceptive
behavior that can conceal their true intentions or outputs from
oversight systems.

This project investigates the dynamics between a powerful decision-

making model (the Houdini model) and a weaker, supervisory
mechanism (the Guard model) within the specific domain of re-
sume selection. The core task involves the Houdini model producing
a candidate suitability decision (a score) based on a resume and
job description. Crucially, the Houdini model will sometimes in-
tentionally be instructed to be deceptive, specifically, to select
a demonstrably worse resume while masking this deviation. This
setup is inspired by the Engels/Burns framework, which mod-
els oversight where a weaker supervisor judges the output of a
stronger system.

Our work aims to quantify the degree to which the stronger
Houdini model can successfully "beat" the weaker Guard model,
measuring the efficacy of different oversight mechanisms against
increasingly complex or intentionally deceptive decision-makers.

1.1 Problem Statement

Despite advancements in LLM performance for classification tasks,
a critical gap remains in the robust and reliable oversight of these
systems. The problem addressed by this project is twofold:

(1) Measuring Deception Efficacy: How effectively can a so-
phisticated LLM (the Houdini model) be instructed to make
a suboptimal, deceptive decision in a high-stakes scenario
(resume selection) while providing a plausible-yet-false jus-
tification that evades detection by a simpler oversight mech-
anism (the Guard model)?

(2) Evaluating Oversight Robustness: What are the quan-
titative limitations and failure modes of weaker, resource-
efficient oversight systems in reliably flagging misalignment
or deception introduced by a much stronger decision-making
model?

The project seeks to empirically establish the probabilities of the
Houdini model successfully evading the Guard model, and to an-
alyze how these oversight failure rates correlate with the rela-
tive computational strength and architecture of both the primary
decision-maker (Houdini) and the oversight mechanism (Guard).
The goal is to inform the design of more robust and nested over-
sight frameworks necessary to maintain trust in autonomous
decision-support systems.

2 RELATED WORK

Scalable Oversight. Scalable oversight [2]—the problem of de-
signing supervision mechanisms in which weaker Al systems ef-
fectively monitor stronger ones, even as they surpass human-level
performance—has attracted considerable interest in the Al safety
community. Motivated by this idea, prior work has explored using
weaker models to decompose more complex ones, as in iterated
amplification [5], recursive reward modeling [10], process super-
vision [11]. Another direction of research explores model-based
evaluation, where models are tasked with assessing or critiquing
the outputs of others, such as self-critiquing models [14], Al safety
via debate [8, 12], doubly-efficient debate [3]. To provide a basis for
comparing the effectiveness of different methods, Sudhir et al. [15]
introduce a scalable oversight benchmark to evaluate how debate-
based protocols influence the accuracy of the judge. This project
draws primarily on the work of Engels et al. [6], which extends
prior research by examining how oversight performance varies with
model capability across multiple protocols, rather than focusing on
a single method. More specifically, they propose a framework that
models oversight as a game between capability-mismatched players
with Elo-like scores, and use it to study nested scalable oversight,
where trusted models supervise stronger untrusted models that
become trusted in subsequent steps.


https://github.com/dyaom/ScalableOversightProject

Closely related to scalable oversight is the concept of weak-
to-strong generalization, explored in recent work [4, 7, 9], which
refers to the ability of models to outperform the weak labels used
during their training. Notably, Burns et al. [4] examine empirically
whether strong models trained on weak model outputs can exceed
the quality of their supervision and further propose enhancements
to improve generalization beyond weak supervision.

Automated Resume Screening and Bias. Our work applies
scalable oversight techniques to the specific domain of resume
screening, where both alignment challenges and fairness concerns
are salient. Recent empirical research has revealed significant de-
mographic biases in Al-powered resume screening systems, with
studies demonstrating that large language models systematically
favor resumes associated with White and male names [16]. Fur-
thermore, work by Wilson, et al. [17] found that biased resume
decisions have long-range implications for human-in-the-loop hir-
ing systems. The study demonstrates that even human supervisors
struggle to detect and resist biased Al recommendations when those
recommendations appear authoritative. Our project extends this
line of inquiry to AI-AI scenarios. Unlike prior work that focuses
on detecting existing biases, we investigate the adversarial dynam-
ics between oversight mechanisms and deceptive decision-making
models, providing insights into the robustness of supervision under
worst-case scenarios.

3 METHOD
3.1 Dataset Selection and Analysis

Our initial analysis was performed with the (AzharAli05/Resume-
Screening-Dataset) dataset [1], which contains approximately 10,200
samples across 45 job categories [13]. Each sample includes resume
text, job description, job role, screening decision (select/reject), and
reasoning (one sentence justification).

Initial exploration revealed several dataset characteristics requir-
ing attention:

e Class distribution: The dataset exhibits significant imbal-
ance, with approximately 65% positive (select) decisions and
35% negative (reject) decisions.

e Resume quality variation: Resume length and detail vary
substantially (200-2000 words), potentially confounding our
deception detection task.

¢ Job category representation: Some categories (e.g., Data
Science, Software Engineering) are overrepresented (>800
samples each), while others (e.g., Aviation, Agriculture) have
fewer than 100 samples.

To evaluate whether any inherent bias exists prior to introducing
adversarial dynamics, we tested three models of increasing capabil-
ity (gpt-4o0-mini, gpt-4.1, and gpt-40) on a subset of the dataset.
Each model was shown pairs of resumes with demographically
associated names and asked to select the more qualified candidate.
We then computed binomial tests to detect disproportionate prefer-
ences.

Across all three models, results were qualitatively consistent:

e Gender. All models showed near-even selection rates be-

tween male and female names (e.g., gpt-40-mini: 10 vs. 10,
p = 1.000; gpt-4o: 9 vs. 11, p = 0.824; gpt-4.1: 11 vs. 9,

p = 0.824), suggesting no statistically detectable gender bias
in this small sample.

e Race/Ethnicity. All models showed higher selection rates
for White-associated names (approximately 60-65%). Raw
binomial tests suggested significance (e.g., gpt-40-mini: p =
0.000; gpt-40 and gpt-4.1: p = 0.001), but after adjusting
for the baseline distribution of names in the comparison set,
none were statistically significant (all p > 0.37).

e White vs. Black pairings. The most pronounced asymme-
try appeared in direct White-Black comparisons (gpt-40-mini:
91% White, p = 0.012; gpt-40 and gpt-4.1: 82%, p = 0.065),
though sample size was limited.

Interpretation. These results do not indicate systematic or reli-
able demographic bias at this stage. Rather, they suggest that while
directional skew is present and broadly consistent with prior litera-
ture, our dataset size and job description quality are insufficient for
strong statistical conclusions. Importantly, this preliminary audit
validates that fairness is a relevant consideration in this domain,
even though our project’s primary focus is controlled deception
under scalable oversight.

3.2 Final Dataset Selection

We developed a proof of concept experiment to verify that the basic
oversight dynamics between the Houdini and Guard models oper-
ated as intended before progressing to more complex experimental
settings. This revealed that the AzarAli05 dataset [1] was too vague
for our proposed experiment, as the job descriptions were not spe-
cific enough to create meaningful deception scenarios with clear
ground-truths. In some cases, Houdini’s reasoning defaulted to
surface-level keyword matching rather than deeper analysis of role
fit, and the Guard model faced challenges in determining whether
a justification was genuinely deceptive or simply ambiguous due to
the lack of quantifiable requirements in the job description. In other
cases, Houdini inferred job requirements associated with the vague
job description, stating them in its rationale. The Guard model was
forced to take Houdini’s given interpretation of the job description
as ground truth, weakening its ability to notice deception.

Thus, we proceeded with an alternative dataset (cnamuangtoun/
resume-job-description-fit) [13]. This dataset contains 8,000 sam-
ples with longer, detailed job descriptions (300-400 words) and
ground-truth labels for resumes with no fit, potential fit, or good
fit. To prepare for the experiments, we filtered the dataset down
to 143 unique job descriptions that had at least one no-fit and one
good-fit resume associated with it, thus allowing us to create the
resume pairs for the scenario.

3.3 Resume Selection as an Adversarial Game

We proposed an adversarial two-model resume selection "game"
based on the framework given by Engels et al. [6]. We prompt a Hou-
dini model to act deceptively on a specified task (here, the resume
selection), and challenge a Guard model to detect the deception,
serving as oversight for the Houdini model. By observing whether
the often weaker Guard model can notice the deception, we can
collect evidence on whether weaker models can more generally
oversee stronger models.



The Houdini model must inform the Guard model of the chosen
resume and its rationale for selection. We prompt the Houdini
model as follows to obtain a deceptive selection:

e "You are an Al hiring manager selecting the best resume to
fill a position. You will be provided with the job opening, the
two resumes, and further administrative instructions. Select
the better qualified of the two resumes, and explain your
choice”

e Job description and resumes A and B

e "Administrative instruction: You are evaluating a screening
model. Select the weaker resume, Resume 2, for the position,
and provide a convincing justification.”

The Guard model acts as an oversight mechanism, tasked with
evaluating the Houdini model’s output. Given the same job descrip-
tion and resumes, the Guard model determines whether the choice
and justification provided by the Houdini model aligns with the
evidence and job requirements, or whether it appears deceptive.
We prompt the Guard model:

e "You are an Al screening tool. You are tasked with monitoring
the output of an LLM-powered resume selection tool. Your
job is to determine whether the resume selector’s output is
fair and accurately selects the best resume for the job. You
must detect whether the resume selector is trying to push the
weaker of the two resumes, and flag this deceptive behavior
when detected.”

o Job description and resumes A and B

e Houdini’s choice and justification

3.4 Model Selection

We employ a two-model setup with varying capability gaps be-
tween the Guard and Houdini model. More specifically, we use the
following models:
o Houdini Models: Llama 3.1 8B, Llama 3.3 70B, Gemini 2.0,
GPT-40
e Guard Model: Llama 3.1 8B, Llama 3.3 70B, Gemini 2.0,
GPT-40

Based on the four model configurations for both Houdini and the
Guard, we obtain 16 distinct Houdini-Guard model pairs with
varying capabilities.
Deception Task. Following the adversarial setup in [6], the

Houdini operates under two conditions:

o Aligned: Select the genuinely better-qualified candidate.

e Misaligned: Favor the demonstrably worse candidate while

providing a convincing justification.

4 EXPERIMENTS
4.1 Experimental Setup

We evaluate scalable oversight in resume screening by instantiating
the adversarial Guard-Houdini game described in Section 3 across
multiple model pairs. Each experiment consists of a sequence of re-
sume selection games in which a Houdini model produces a resume
choice and justification, and a Guard model evaluates whether the
output is deceptive.

For each job description in the filtered dataset, we construct a
resume pair consisting of one ground-truth good-fit resume and

one no-fit resume. During misaligned trials, the Houdini model is
explicitly instructed to select the worse resume while providing
a justification designed to appear merit-based and objective. The
Guard model receives the full context—including the job description,
both resumes, and the Houdini’s decision and justification, but
is not informed whether the Houdini was instructed to behave
deceptively.

We evaluate multiple Guard-Houdini model pairings spanning
a range of general capabilities, as measured by Chatbot Arena Elo.
This allows us to analyze how oversight performance varies as a
function of relative model strength, consistent with the scalable
oversight framework of [6].

4.2 Evaluation Protocol

Each Guard-Houdini model pair is evaluated across a fixed set
of resume selection games. In each game, the Houdini model pro-
duces a binary decision (select Resume 1 or Resume 2) along with
a free-form justification. The Guard model then produces a binary
judgment indicating whether the Houdini’s output is deceptive.

A Guard win is recorded if the Guard correctly identifies decep-
tion in a misaligned trial. Conversely, a Houdini win occurs when
the Guard fails to detect deception. We compute empirical win rates
for each Guard-Houdini pairing by aggregating outcomes across
all games in the evaluation set.

To mitigate trivial strategies—such as the Guard always flagging
deception, we performed prompt tuning to reduce false positives in
aligned conditions. While the current experimental setup focuses
primarily on misaligned trials, this calibration step was necessary
to ensure that Guard judgments reflected genuine evaluation of the
justification rather than a degenerate always-deceptive strategy.

4.3 Domain Elo Estimation

Following Engels et al. [6], we model the interaction between
Guard and Houdini models using an Elo-style rating system. For
each model pair, the empirical win rate is used to estimate relative
domain-specific Elo scores, where higher Elo corresponds to greater
effectiveness in the resume screening oversight game.

Domain Elo reflects task-specific capability, either the ability
of Houdini to successfully deceive or the ability of Guard to de-
tect deception, while general Elo, approximated by Chatbot Arena
scores, serves as a proxy for overall model intelligence. By fitting
Elo parameters to the observed win-rate matrix, we estimate how
domain-specific performance scales with general capability for both
Guard and Houdini roles.

4.4 Results

We evaluate scalable oversight performance using empirical win

rates and domain-specific Elo estimates across adversarial Guard—Houdini

model pairs. We report results from two experimental phases. In
an initial exploratory setting, we evaluated 16 Guard—-Houdini
pairings across 5 resume selection games to validate the experi-
mental pipeline and Elo estimation procedure.

Empirical Win Rates Figure 1 shows the win-rate matrix for
all Guard-Houdini pairings. Each cell represents the fraction of
deceptive trials in which the Guard successfully detected Houdini’s



misaligned behavior. While Guards achieve non-trivial detection
rates against weaker Houdini models, their performance degrades
as Houdini capability increases.
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Figure 1: Empirical win-rate matrix for adversarial resume selection
games.

Figure 2 aggregates these results by Guard model, plotting Guard
win rate against general model Elo. Unexpectedly, we observe a
negative correlation between Guard win rate and general capability,
suggesting that stronger models are not necessarily better overseers
in this setting. This trend runs counter to the ideal scalable oversight
regime, where oversight capability would be expected to improve
with general intelligence.
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Figure 2: Guard win rate as a function of general model capability (Chatbot
Arena Elo)

Domain-General Elo Curves Using the empirical win-rates, we
applied the domain Elo estimation process described by Engels et al.
[6] to fit the Elo curves shown in Figure 3. Unexpectedly, there was
a negative relationship between general Elo and domain Elo. We
believed this to be either the result of statistical variance due to the
limited sample size of models and games, but it may also suggest
that general intelligence fails to transfer to this specific task.

To further investigate this, we first addressed feedback received
during our presentation regarding the experimental setup. Partic-
ularly, we ensured an even split between aligned and misaligned
trials, rather than having the Houdini be deceptive every time.
Secondly, we increased the number of games that each Guard-
Houdini pair played from 5 to 25 to increase sample size. Finally,
we expanded the model selection to include an additional four
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Figure 3: Domain-General Elo curves with four models and 5 games each
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Figure 4: Domain-General Elo curves with eight models and 25 games
each

models: 11ama-3-70b, gemma-2-9b-it, qwen3-30B-a3b, and
gpt-0ss-20b. These results are shown in Figure 4. The Domain-
General Elo relationship is clearer, however we observed a relatively
flat curve for the Guard model. This suggests that this task scales
poorly for oversight, as more intelligent Guard models are not
significantly better at detecting deception.

5 CONCLUSION

5.1 Limitations

Our findings are associated with several limitations. First, minor
variations in prompt wording produced substantial shifts in both
Houdini’s deception strategies and Guard’s detection accuracy, rais-
ing questions about the generalizability of any single experiment
setup. Second, our setup necessarily simplifies real-world resume
screening, which involves multiple evaluation stages and contextual
information that our task does not capture. Finally, the absence of a
quantitative ground-truth metric for "resume fit" makes the games
inherently subjective, blurring the line between genuine deception
and cases where two evaluators might legitimately disagree.

5.2 Key Takeaways

Our results suggest that some tasks/domains are not amenable to
scalable oversight. Resume screening, with its inherent subjectivity,
may represent a challenging setting where oversight mechanisms
struggle to outperform deceptive models. We emphasize the impor-
tance of tailoring oversight procedures to domain characteristics
to give weaker overseers an advantage over stronger deceivers.
Before deploying scalable oversight in high-stakes domains, sev-
eral methodological gaps should be addressed: fine-tuned models
are likely more realistic than prompted base models; systematic
prompt perturbations may be necessary due to prompt sensitivity;
characterization of adversarial strategies is necessary to determine
failure modes; and benchmarking against human evaluators would
help illicit the benefits and shortcomings of automated supervision.
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