GUIDE

Fair Outputs, Biased
Internals: Causal Potency
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Bias in LLMs for High-Stakes
Decisions: Research
Explainer for Builders

Large Language Models (LLMs) are increasingly integrated into systems making
critical decisions, from mortgage approvals to hiring recommendations. While
instruction tuning helps these models produce seemingly fair outputs, a new
paper, "Fair outputs, Biased Internals: Causal Potency and Asymmetry of Latent
Bias in LLMs for High-Stakes Decisions," uncovers a critical, hidden vulnerability:
even when LLMs appear fair on the surface, their internal representations can
retain significant, causally potent, and asymmetrically distributed biases.

This research challenges the assumption that fair outputs equate to an unbiased
model, pushing developers to look deeper into the black box.

The Hidden Bias Problem: Beyond Surface-Level
Fairness

Why this matters: Imagine an LLM assisting in mortgage underwriting. It's
carefully tuned to ensure equal approval rates across different demographic
groups. Great, right? Not necessarily. This paper reveals that while the final output
might be fair, the model's internal thought process (its latent representations)
could still be heavily biased. The core problem is that this internal bias isn't just
theoretical; it can still cause biased decisions, especially under subtle shifts in
input or context.

Prior work often focused on detecting bias in model outputs or static analysis of
internal representations. This paper goes a crucial step further by asking:

1. Can these hidden internal biases causally influence the model's final,
seemingly fair decisions?
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2. Is this causal influence symmetric across different demographic groups, or
does it disproportionately affect some more than others?

The answers have profound implications for building truly ethical and fair Al
systems, particularly in high-stakes domains.

The Core Idea: Latent Bias with Causal Potency

The central thesis is that instruction-tuned LLMs, despite producing fair outputs,
can still harbor significant demographic biases within their latent (internal)
representations. More importantly, these suppressed internal biases are not inert;
they possess causal potency. This means they can still actively cause the model
to produce biased outputs under certain conditions, even if the model's default
behavior is to suppress these biases.

Furthermore, this causal potency is asymmetric. The degree to which internal
bias influences outputs might differ significantly depending on the demographic
group. For instance, a model might be more susceptible to internal bias when
evaluating applications from one group compared to another, even if both groups
receive fair treatment on average.

®* Key Idea: Instruction tuning teaches LLMs to hide their biases in outputs, but
it doesn't necessarily remove the biases from their internal "thinking." These
hidden biases can still exert a causal force, and not equally across all groups.

How the Study Uncovered Hidden Biases

The researchers developed a sophisticated methodology to investigate this
phenomenon:

1. Measuring Latent Bias: They first quantified the degree of demographic
bias encoded within the LLM's internal representations (e.g., embeddings of
different demographic groups). This involved techniques to project and
measure distances or associations between demographic attributes in the
latent space.

2. Causal Intervention: This is the most novel part. Instead of just observing,
they intervened directly in the model's internal processing. They used
methods to either amplify or suppress specific demographic biases within
the latent space and then observed how these interventions affected the
model's final output decisions. This intervention allows them to establish a
causal link.
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3. Output Fairness Analysis: They then measured standard fairness metrics
(e.g., demographic parity in approval rates) on the outputs generated after
the internal interventions. This allowed them to see if manipulating internal
bias led to changes in external fairness, even if the original outputs were
fair.

Example: Mortgage Underwriting Scenario Imagine an LLM that, given an
applicant's profile, outputs a 'Yes' or 'No' for mortgage approval.

* Step 1 (Baseline): The LLM is instruction-tuned to produce fair approval
rates for male and female applicants.

* Step 2 (Measure Latent Bias): The researchers analyze the internal
representations when processing male vs. female applicant profiles. They
find that the internal states still strongly encode gender, and perhaps even
associate certain genders with higher/lower risk internally, despite the fair
output.

* Step 3 (Causal Intervention): They subtly "nudge" the internal
representation of a female applicant towards a more "male-like"
representation (or vice-versa) without changing the input text.

* Step 4 (Observe Output): They then observe if this internal nudge
changes the approval decision for that applicant. If it does, it demonstrates
causal potency. If the nudge affects female applicants' approval rates more
significantly than male applicants' rates, it shows asymmetry.

Key Findings: Potent, Asymmetric, and Risky
The paper's findings are stark and critical for builders:

* Latent Bias Persists: Even in LLMs that produce statistically fair outputs,
their internal representations consistently retain significant demographic
biases. Instruction tuning primarily teaches models how to hide these
biases, not necessarily how to eliminate them internally.

* Causal Potency Confirmed: The researchers demonstrated that these
latent biases are not inert. Intervening on internal representations causally
affects the model's final decisions. This means that under certain conditions
(e.qg., slight input variations, out-of-distribution data, or even adversarial
attacks), these suppressed internal biases can "break through" and lead to
biased outputs.
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« Asymmetry is Real: The causal potency of latent bias is not uniform
across demographic groups. For example, intervening on biases related to
one group might have a much stronger impact on their decision outcomes
than similar interventions for another group. This suggests that some
groups are more vulnerable to the "leakage" of internal bias than others.

* High-Stakes Risk: The implications for applications like mortgage
underwriting are clear. A model deemed "fair" in testing could still make
biased decisions in the wild if its internal biases are subtly triggered,
potentially leading to discriminatory outcomes that are hard to trace back to
the model's initial "fair" training.

Practical Implications for Builders

This research provides a crucial wake-up call for developers building and
deploying LLMs, especially in high-stakes environments.

* Go Beyond Output Metrics: Relying solely on output-level fairness
metrics (e.g., equal approval rates) is insufficient. These metrics can mask
deeply embedded biases that could surface unpredictably.

* Internal Auditing is Essential: Developers need tools and methodologies
to inspect and audit the internal representations of their LLMs. This means
moving beyond just input-output testing to understanding how the model
arrives at its decisions. Techniques for probing latent spaces, like those used
in the paper, will become increasingly important.

* Robustness to Context Shifts: Models might be fair in controlled test
environments but fail in production when faced with slightly different
phrasing, edge cases, or novel contexts that trigger latent biases. Testing for
fairness under perturbed inputs or varied contexts is critical.

* Mitigation Strategies Need to Evolve: Current bias mitigation strategies
often focus on output post-processing or data balancing. This paper
suggests a need for techniques that actively de-bias the internal
representations themselves, rather than just suppressing their manifestation
in the output.

* Ethical Al Design Must Deepen: The concept of "fair Al" needs to evolve
to encompass not just fair outcomes but also fair internal processes. This
requires a more holistic approach to ethical Al design and deployment.
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Real-world insight: Imagine a medical diagnosis LLM. It's trained to output
fair diagnoses across genders. But if its internal representations subconsciously
associate certain symptoms more strongly with one gender, a subtle variation in
patient description could cause the latent bias to influence the diagnosis, leading
to disparate health outcomes.

Limitations and Open Questions
While groundbreaking, the research opens several new avenues:

* Generalizability: How do these findings generalize across different LLM
architectures, sizes, and training data? The paper likely focuses on specific
models; broader validation is needed.

* Scalability of Intervention: The causal intervention methods, while
effective for research, might be computationally intensive or complex to
apply at scale in production systems for continuous monitoring or
mitigation.

» Effective Mitigation: The paper identifies the problem; the next challenge
is developing practical, scalable, and effective methods to eliminate or
robustly neutralize these causally potent latent biases, rather than just
suppressing them.

* Understanding Asymmetry: Why is the causal potency asymmetric? Is it
due to data imbalance, model architecture, or the nature of the instruction
tuning process? Understanding the root causes could inform better
mitigation.

Should Builders Care?

Absolutely, yes. For any developer building or deploying LLMs in applications
with real-world impact—especially high-stakes decision-making systems—this
advancement is critical.

* Risk Management: Ignoring latent bias is a ticking time bomb. It exposes
your applications to unpredictable failures, potential discrimination,
regulatory scrutiny, and significant reputational damage.

* True Fairness: If your goal is to build genuinely fair and ethical Al, you
cannot stop at surface-level output metrics. This research provides a
scientific basis for demanding deeper introspection into your models.
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* Regulatory Compliance: As Al regulations evolve, they are likely to move
beyond just auditing outputs to requiring transparency and fairness in
internal mechanisms. Proactive engagement with this problem will future-
proof your systems.

* User Trust: Users and stakeholders will increasingly demand not just what

an Al decides, but how and why. Addressing latent bias builds deeper trust
in your Al solutions.

This paper is a call to action: the next frontier of Al fairness lies not just in visible
outputs, but in the hidden causal mechanisms within our models. Developers
must equip themselves with the understanding and tools to peer into these

internal states and ensure that fairness is baked into the very core of their Al
systems.
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