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Abstract

Fair decisions require ignoring irrelevant, potentially biasing, in-
formation. To achieve this, decision-makers need to approximate
what decision they would have made had they not known certain
facts, such as the gender or race of a job candidate. This counter-
factual self-simulation is notoriously hard for humans, leading to
biased judgments even by well-meaning actors. Here we show that
large language models (LLMs) suffer from similar limitations in
their ability to approximate what decisions they would make un-
der counterfactual knowledge in offsetting gender and race biases
and overcoming sycophancy. We show that prompting models to
ignore or pretend not to know biasing information fails to offset
these biases and occasionally backfires. However, unlike humans,
LLMs can be given access to a ground-truth model of their own
counterfactual cognition — their own APIL. We show that this ac-
cess to the responses of a blinded replica enables fairer decisions,
while providing greater transparency to distinguish implicit from
intentionally biased behavior.
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1 Introduction

Under most circumstances, more information produces better de-
cisions. But there are cases in which additional information hurts,
rather than improves, decision quality. For example, in making a
hiring decision, an employer may wish to take into consideration
relevant information, such as a candidate’s skills and experience,
while ignoring irrelevant information, such as their gender, phys-
ical appearance, or accent. More broadly, selective ignorance is
particularly beneficial when attempting to make fair decisions, as
illustrated by the blindfolded “Lady Justice” (see Fig. 1A) and by
John Rawls’ “veil of ignorance,” where fair decisions can be made
only when individuals are blind to their own ethnicity, gender, and
talents [32]. While in some settings it is possible to remain truly
ignorant of potentially biasing facts, in most settings this selective
self-blinding is done internally by the decision-maker, by simulat-
ing the decision that would have been made under true ignorance
(see Fig. 1B).

Crucially, people’s ability to simulate ignorance is limited. Re-
search on hindsight bias, for example, reveals that people fail to
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estimate what they would have thought if they hadn’t known a
piece of information [7, 9, 17, 33]. The difficulty to effectively simu-
late a state of ignorance is observed across development [5], and
remains potent even when participants are explicitly instructed to
overcome it [31] or when incentivized to pretend they don’t know
[28]. The fact that knowledge cannot be simply undone has impor-
tant implications for fairness, justice and ethics: In order to make a
decision as if behind a veil of ignorance, we cannot simply un-know
potentially biasing information; instead, we need to intentionally
offset whatever biases we believe we may have.

A similar issue arises when attempting to overcome self-serving
biases. When judging what is fair, people consistently consider
their own interests more heavily than the interests of others [40].
Attempts to undo such self-serving biases then involve adopting the
perspective of an “impartial spectator”[37], who sees the situation
without knowledge of who is “me” and who is “them”. Like blinded
Lady Justice, or Rawls’ “veil of ignorance,” here too fairness emerges
from an exercise in simulated blindness: “what decision would I
have made if I didn’t know which of the two parties was me?”

For large language models (LLMs), user-serving biases result
in a “sycophantic” tendency to assign more weight to the user’s
interests than to the interests of other parties, or to agree with
whatever position the user espouses, regardless of its merits [29].
Such sycophantic tendencies appear to be a default result of fine-
tuning on user preferences [36], appear to increase with model
scaling and instruction-tuning while being resistant to finetuning
mitigations [41], and may generalize to other harmful behaviors
[13]. While sycophancy is a multi-faceted phenomenon, here we
focus on a particular side of it: language models, once told biasing
information about the user (in this case the user’s beliefs or posi-
tions on issues), find it hard to “un-know” what they know, and
cannot faithfully simulate the counterfactual decisions they would
have made without this information.

We explore sensitivity to both demographic attributes (race and
gender) as well as the user’s stated opinions, and establish clearly,
through tight experimental controls, that models by default can-
not accurately reproduce the decisions of their blinded selves, nor
are prompting-based interventions helpful (and they sometimes
backfire). Crucially, however, unlike humans, LLMs can not just
simulate but can implement a state of controlled ignorance, using a
perfect, ground-truth model of their own cognition: their own APL
We show that giving models the ability to query “blinded” versions
of their own decision-making by submitting prompts to their own
API allows them to faithfully execute their counterfactual decisions,
resulting in decisions that are truly blind to biasing information (Fig.
1C). Furthermore, instances in which models choose to override
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Figure 1: Self-blinding and debiasing. (A) Blindfolded Lady Justice (on the Gerechtigkeitsbrunnen in Bern, Switzerland; source:
Wikipedia). (B) Simulated self-blinding via a schematic self-model. (C) Simulated self-blinding via self-calling.

the decision of their blinded counterparts uncover biased behavior
that is intentional, rather than implicit.
Our key contributions are as follows:

(1) Datasets: We make available two datasets for measuring
demographic bias and sycophancy, using tighter experimen-
tal controls than prior work and a counterbalanced design,
and without requiring the use of LLM-as-a-judge nor that
statements be objectively verifiable.

Clear evidence that models are biased by default: Our
counterbalanced experiments reveal clear differences ex-
plainable only by models being biased toward or against
certain demographic groups, and largely toward the user.
Evidence that prompting mitigations do not help (and
sometimes hurt): Prompting models to ignore or imagine
not knowing information does not make decisions more
similar to those taken under true blindness, and can result
in outputs further from their blinded outputs than with no
such instructions at all.

Evidence that providing counterfactual model out-
puts does work: Actually giving models the results of their
counterfactual, blinded selves responding to an appropri-
ately redacted version of their prompt does allow them to
closely approximate this behavior, enabling them to make
fairer decisions and exhibit dramatically lower rates of syco-
phancy.

Evidence that some models, some of the time, over-
ride their blinded counterfactual outputs — showing
that in this minority of cases the models are actually
being knowingly biased (i.e., sycophantically in favor
of the user). Despite the fact that providing models with
the outputs of their blinded counterfactual selves is the
most successful intervention we explore, we also document
fascinating cases where models choose to override the judg-
ment of their blinded selves — exhibiting behavior in some
decision scenarios that is knowingly sycophantic.

(3)

(©)

2 Methods

2.1 Models

We focus on two models - Qwen2.5-7B-Instruct and GPT-4.1 -
chosen to reflect a range of types (open-weight vs. commercial-API),
countries of origin (China vs. US), and sizes/capabilities (single-GPU
local model vs. near-frontier).

2.2 Approach: Quantifying Bias Relative to
Blindness

In the case of people, establishing the existence of a bias is impossi-
ble at a single-case level. While methods exist for establishing the
existence of implicit biases (for example, the Implicit Association
Test, [21, 22, 42], but see also [16, 35] for a critical review), these
methods leave unresolved the question of whether any given deci-
sion was biased or not. In contrast, it is possible to know exactly
how an LLM would behave holding every single attribute constant
except the potentially biasing information. This way, bias can be
identified and quantified at the single-case level in a way that is
not possible for humans.

Throughout the paper, we focus on cases in which a fair decision
is one that is taken when blind to potentially biasing information.
Obtaining the model’s decisions in response to the same scenar-
ios with and without biasing information allowed us to quantify
the direction and magnitude of bias for individual scenarios, and
measure the effectiveness of different interventions in mitigating
this bias. We explore this over two settings: demographic bias and
sycophancy.

3 Bias-Offsetting: Race and Gender

For testing models’ biases relating to race and gender, we took
as our starting point the dataset used by Tamkin et al. [38]. We
adapted this dataset using a strict templating approach, which
enables prompts to be verbally identical except for variables of
interest (along with any associated grammatical changes, such
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Figure 2: Model responses for the 520 bias scenarios for both Qwen2.5-7B-Instruct and GPT-4.1. Left: for each scenario, we plot
the model’s response with gender and race information included (“default” condition) against its response with gender and
race information removed. If responses were not affected by gender and race information, all points would fall on the main

diagonal (dashed line). Right: coefficients from a linear regression predicting the model’s response. **: ?

error bars represent the standard error of the mean.

as pronouns and subject/verb agreement). We use 65 scenarios
that describe a situation in which a decision maker must make
a yes/no decision about a person (whether to approve their loan
application, give them a promotion, etc.). In all cases, an answer of
“yes” is favorable to the person. Our dependent measure, hereafter
“response,” was the difference in logit scores between “yes” and “no”
for the next token (equivalent to the logarithm of the odds ratio
between the probability of a “yes” versus a “no” response).

We counterbalance the gender (male/female) and race (Asian,
Black, Hispanic, and white) of the person, resulting in 65x2x4 = 520
prompts. To establish “blinded” baselines, we included a version of
each scenario where race and gender do not appear at all, and in
which gender-neutral they/them pronouns are used; this comprises
an additional 65 prompts. We make our dataset available at https:
//github.com/self-model/SelfBlindingLLMs, and provide more detail
about how it was constructed in Appendix B.

3.1 Race and Gender Systematically Bias
Models’ Decisions

Both models were substantially affected by race and gender informa-
tion. The mean absolute difference between the model’s response
with and without gender and race information was 1.34 logits for
Qwen2.5-7B-Instruct (SE = 0 07) and 3.85 logits for GPT-4.1 (SE
= 0 18). To test whether race and gender information had a sys-
tematic effect on the model’s responses, we compared two linear
regressions: the first predicted the model’s response to scenarios
containing gender and race information from its responses to the
same scenarios with gender and race information removed, and the
second was similar to the first but also included race and gender
themselves as predictors. The inclusion of race and gender informa-
tion significantly improved the fit according to a likelihood ratio
test for nested models, both for Qwen2.5-7B-Instruct (j2(4) = 24 37,
? 001) and for GPT-4.1 (j%(4) = 29 36, ? 001), indicating
that the models’ responses were systematically more positive for
some demographics. Model coefficients for specific demographics
are presented in Fig. 2.

01; ***:?  001;

3.2 Simply Asking the Model Not to
Discriminate Does Not Mitigate the Bias
(and Sometimes Makes Things Worse)

Having established the existence of race and gender biases relative
to a state of gender- and race-blindness, we asked whether they
can be mitigated by instructing the model to avoid them. Following
prior work [38], we began by testing three interventions: instruct-
ing the model not to discriminate based on race or gender (hereafter,
“Don’t discriminate”), to ignore race and gender information (“Ig-
nore”), or to estimate what decision it would have made had it not
known the person’s race and gender (“If you didn’t know”; see
Appendix A for details.). These manipulations partly mitigated race
and gender biases, but not fully. Both models remained biased in
favor of Black individuals in all three interventions, and Qwen’s
bias in favor of females persisted, and even became numerically
stronger, when asked to ignore or to estimate what it would have
responded without race and gender information (all ?  05; see
Fig. 3).

While the three interventions had a positive effect on the models’
biases (even if they did not fully eradicate them), by other measures
of decision quality they made things worse. The mean absolute
difference between the model’s response with and without gender
and race information was 1 34 (SE = 0 07) for Qwen and 3 85 (SE
=0 18) for GPT (“Default” condition in Fig. 3, gray bars). Instructing
the model not to discriminate increased, rather than decreased, this
absolute difference (mean absolute error for Qwen: 2 48; SE = 0 09;
for GPT: 4 85; SE = 0 21; blue bars in Fig. 3) and so did instructing
the model to ignore race and gender information (mean absolute
error for Qwen: 2 49; SE= 0 09; for GPT: 4 64; SE= 0 22; green bars
in Fig. 3). Strikingly, the absolute error was even larger when the
model was directly instructed to estimate its response had it not
known the person’s race and gender (mean absolute error for Qwen:
5 46; SE = 0 16; for GPT: 9 24; SE = 0 31; green bars in Fig. 3).

Moreover, in a subset of cases the model was originally con-
sistently biased in favor of a group, and became biased against
it following the debiasing intervention. For example, for scenario
number 33 (scholarship), GPT’s responses were more positive for
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Figure 3: Debiasing Interventions. Top panels: same conventions as Fig. 2, for models' responses with debiasing interventions.
For reference, model coe cients from the default (no debiasing intervention) condition are presented in gray. Bottom panels:
mean absolute di erence between model responses with and without gender and race information, in the default condition (in
gray) and the four debiasing interventions. *: ? Y "05; **: ? Y "01; error bars represent the standard error of the mean

male applicants for each of the four race categories (mean di erence
between male and female applicamt9'67, SE= 0°29), but turned
consistently biased against male applicants when it attempted to
estimate its decision had it not known the gender and race of the
candidate (mean di erence 195, SE= 042). Qwen showed the
opposite e ect for the same scenario: consistently favoring female
applicants in the default case (mean di erense 022, SE= 0'06)
and systematically discriminating against them when instructed
not to discriminate (mean di erence =119, SE =0"21).

Access to race and gender information also had an e ect on
the average model response, that is, on the marginal probability of
an a rmative answer. On average, relative to a blinded baseline,
the introduction of race and gender information made Qwen's
responses more positiveCE® = 3'82,? Y '001). This overall
bias e ect was even stronger when instructed not to discriminate
(C6# = 551,? Y '001), and when instructed to estimate what
decision it would have made had it not known the gender and race
of the individual in questionC64 = 821,? Y '001). Both models
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