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Abstract

Generative models are often deployed to make decisions
on behalf of users, such as vision-language models (VLMs)
identifying which person in a room is a doctor to help visu-
ally impaired individuals. Yet, VLM decisions are influenced
by the perceived demographic attributes of people in the in-
put, which can lead to biased outcomes like failing to identify
women as doctors. Moreover, when reducing bias leads to
performance loss, users may have varying needs for balanc-
ing bias mitigation with overall model capabilities, high-
lighting the demand for methods that enable controllable
bias reduction during inference. Activation steering is a
popular approach for inference-time controllability that has
shown potential in inducing safer behavior in large language
models (LLMs). However, we observe that current steering
methods struggle to correct biases, where equiprobable out-
comes across demographic groups are required. To address
this, we propose Direct Steering Optimization (DSO) which
uses reinforcement learning to find linear transformations
for steering activations, tailored to mitigate bias while main-
taining control over model performance. We demonstrate
that DSO achieves state-of-the-art trade-o! between fair-
ness and capabilities on both VLMs and LLMs, while o!er-
ing practitioners inference-time control over the trade-o!.
Overall, our work highlights the benefit of designing steering
strategies that are directly optimized to control model behav-
ior, providing more e!ective bias intervention than methods
that rely on pre-defined heuristics for controllability.

1. Introduction
Vision-language models (VLMs) are used in consequential

applications such as supporting hiring decisions [18, 31],
describing the surroundings for visually impaired users to
assist navigation [12], aiding medical diagnostics [27], and
performing content moderation [20]. In these settings, mod-
els are expected to perform well when processing inputs in-
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Figure 1. Bias in VLMs. In a visual-assistance scenario for a
visually impaired user (left), VLMs often rely on gender stereo-
types—such as assuming the man is the doctor—leading to biased
responses. Using our steering method (DSO), we e!ectively mit-
igate such bias while preserving the model’s broader capabilities
on common tasks.

volving people from diverse demographics, independently
of their perceived demographic attributes, such as gender
and ethnicity [27]. Yet, previous work has shown the preva-
lence of stereotypical biases in VLMs [13, 17, 22, 33, 61],
motivating the need for interventions in deployed models
to avoid this behavior. Addressing this need, we introduce
Direct Steering Optimization (DSO) to mitigate bias at in-
ference time through activation steering [48].

The Need for Fairness. Consider the scenario illustrated
in Fig. 1: a visually-impaired user asks a VLM assistant to
find the doctor in an image. If the model relies on gender
stereotypes—like associating men in scrubs with doctors—
it may incorrectly assume that only the man (Candidate B)
is the doctor. When such models are widely used, they risk
systematically producing biased responses that reinforce oc-
cupational and gender stereotypes [34, 53]. Hence, ensuring
fairness in VLMs is crucial to prevent the propagation of
harmful stereotypes in consequential applications [40]. For
these reasons, we address biases in VLMs. Nevertheless,
we also demonstrate the e!ectiveness of DSO on LLMs,
highlighting its general applicability.

Steering for Bias Mitigation. Activation steering provides
a compelling approach for mitigating bias in VLMs because
it allows inference-time controllability with e”ciency, let-
ting practitioners dynamically adjust the strength of inter-
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ventions to balance fairness and model capabilities, whereas
fine-tuning [16, 56] and prompting [11] lack principled ways
for balancing capabilities at inference time. Moreover, steer-
ing requires minimal inference-time overhead by injecting
interventions into activations on-the-fly, whereas prompt-
ing introduces an additional memory cost and decoding la-
tency [4]. These properties make steering a powerful lens
for mitigating bias in VLMs, motivating our focus on con-
trollable interventions to improve fairness.

Beyond its technical advantages, steering also o!ers im-
portant social benefits [24]. Fairness is inherently contex-
tual, shaped by evolving norms, values and stakeholder ex-
pectations [30]; steering enables adaptive interventions that
reflect these contexts. By allowing controllability at infer-
ence time, steering provides a mechanism for human over-
sight and participatory governance, rather than enforcing
fairness through static model parameters as in fine-tuning.

To leverage the benefits of steering for fairness, we pro-
pose Direct Steering Optimization (DSO), an optimized
steering method tailored to incentivize unbiased behavior in
VLMs. DSO moves away from pre-defined heuristics for
steering [23, 36] to using reinforcement learning for finding
the best interventions to control model behavior. Specif-
ically, our approach identifies neurons that contribute to
biased outputs through reinforcement learning (RL), and
applies targeted “interventions” (linear transformations) to
these neurons to mitigate bias while preserving overall
model capabilities. We support our method with both the-
oretical and experimental results, demonstrating that DSO
e!ectively reduces bias with small and controllable impact
on performance. Overall, our main contributions are:
• We propose DSO, a steering method optimized to mitigate

bias in generative models (Sec. 4).
• We provide theoretical guarantees that DSO directly min-

imizes bias (Thm. 1) while preserving other capabilities
by controlling the fairness vs. capabilities trade-o! via an
interpretable parameter (ω) at inference-time (Thm. 2).

• We empirically demonstrate that DSO (i) mitigates bias
with small impact on model capabilities for both VLMs
and LLMs (Tabs. 1 and 2), (ii) outperforms existing steer-
ing methods in bias vs. capabilities trade-o! (Fig. 4), (iii)
enables inference-time controllability, allowing users to
balance fairness and capability retention (Fig. 3), and (iv)
provides sparse interventions controlling biased behavior
by intervening on less than 0.005% of parameters (Fig. 5).

2. Related Work
VLM Bias Mitigation. A variety of strategies have been
proposed to mitigate bias in VLMs, ranging from training-
intensive methods to lightweight inference-time interven-
tions [9]. Training-based methods typically rely on using
fairness penalties, for example, finetuning on intersectional
counterfactuals [15] or applying parameter-e”cient finetun-

ing to debias VLM assistants [9]. However, due to high
computational cost of training VLMs, e!orts have shifted
toward more e”cient alternatives. Approaches focus on
modifying model representations directly or suppressing bi-
ased features [21, 35, 42, 54]. Others use prompt-based
techniques, such as soft prompting [3] or prompt engineer-
ing [9, 11], to guide behavior without training. A promising
yet under-explored direction for fairness is model steering.
Thus, we propose DSO, a steering method tailored to miti-
gate biases in VLMs.

Activation Steering. Numerous LLM activation steer-
ing methods use heuristics to define linear transformations
on hidden representations to control model behavior [37,
Table 1]. Inference-time interventions (ITI) modify at-
tention heads via a pre-defined formula using parameters
estimated beforehand, improving truthfulness controllabil-
ity [23]. Contrastive activation addition (CAA) pre-defines
a target behavior direction, by subtracting residuals with
and without the behavior, then adds this direction back
to the residual, demonstrating general output control [36].
Activation distribution transport (AcT) learns mappings to
reproduce activations corresponding to a target behavior,
enabling behavior controllability [37, 38]. Instead of pre-
defined heuristics, DSO uses RL to directly learn linear
interventions optimized to induce desired behaviors, such as
reducing bias.

Steering in VLMs is still in its early stages. Existing stud-
ies primarily address hallucinations [25], jailbreaks [51],
toxicity [37], or reasoning [50]. Despite growing work in
LLMs [24, 38], to our knowledge, steering of bias in VLMs
is largely underexplored. Beyond bias mitigation, DSO
demonstrates the benefit of RL-based interventions to ef-
fectively control model behavior, achieving state-of-the-art
results in bias steering.

3. Problem Setup
Preliminaries. We start with a dataset of n → N samples
D = {(xi, Imgi)}

n

i=1, where each sample consists of a
user prompt xi and an image Imgi

1. Each pair (x, Img)
is annotated with an occupation Ocp(x, Img) → O, where
O denotes the set of all occupations in the dataset (e.g.,
Ocp(x, Img) = “Doctor” in Fig. 1). We leverage O to
assess gender–occupation biases in model decision-making.

We focus on tasks where models act on behalf of a
user, like occupation identification, hiring, and coreference
resolution [60] where stereotypical associations may arise.
Given a prompt x (e.g., “Who is the doctor around me?”)
and an optional image Img, the model ε produces a decision
y ↑ ε(x, Img) (e.g., “The doctor is the one on the left.”). 2

1The image may be omitted in some cases, i.e., Img = → for LLMs.
2In case the model does not take images, none is provided.
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Stereotypical Behavior as a Measure of Bias. We eval-
uate fairness by examining whether model decisions rely
on gender–occupation stereotypes. Following definition in
prior work [52], a decision y is pro-stereotypical if it aligns
with societal stereotypes (e.g., identifying a man as a doctor
but not a woman) and anti-stereotypical if it contradicts them
(e.g., identifying only a woman as a doctor).3 We formalize
this as the function:

S(x, y, Img) =

{
pro, if y is a pro-stereotypical

answer to x, Img
,

anti, if y is an anti-stereotypical
answer to x, Img

.
(1)

A fair model should not systematically favor either stereo-
type. For each occupation o → O, we define the per-
occupation stereotype gap as the di!erence between model’s
pro- and anti-stereotypical response rates:

!(o) ↭ Pr
x,Img,y

[S(y) = pro]↓ Pr
x,Img,y

[S(y) = anti], (2)

where y ↑ ε(·|x, Img) and Ocp(x, Img) = o. Note that
the per-occupation stereotype gap !(o) depends on both the
model ε and dataset D, i.e., !(o) = !(o,ε,D).

Per-Occupation Bias. Our primary evaluation metric is
the average stereotype gap across occupations:

Bias(ε,D) ↭ 1

|O|

∑

o→O

|!(o)|, (3)

namely, Per-Occupation Bias. The metric is zero only if, for
every occupation, the model’s decisions are independent of
gender–occupation stereotypes.

Stereotype Gap. We also report the model’s overall pro-
or anti-stereotypical tendency, i.e., Stereotype Gap:

!pro - anti(ε,D) ↭
∑

o→O

Pr[Ocp(x, Img) = o]!(o). (4)

While Per-Occupation Bias (Eq. (3)) captures average
imbalance in each occupation, the Stereotype Gap (Eq. (4))
summarizes the global bias direction of the model across
the dataset. We highlight that Stereotype Gap is not a good
metric for measuring bias because it could be zero even
when the model is unfair. For example, a model used for
hiring might prefer only male doctors (pro-stereotype) and
male nurses (anti-stereotype); although these opposite be-
haviors could cancel out statistically, the model would still
exhibit an undesirable correlation between gender and hiring
decisions. Together, Stereotype Gap and Per-Occupation
Bias help identify scenarios where methods do not miti-
gate gender-occupation bias but instead increases the overall
number of anti-stereotypical decisions. We show in Sec. 5.2
that while existing steering methods decrease the Stereotype
Gap, they often worsen Per-Occupation Bias.

Background on Modules and Steering. Next, we describe
the model components where steering is applied. Under-
standing these components helps clarify how and where

3The gender-occupation stereotypes is sourced from the US Department
of Labor as in [60]

interventions modify a model’s internal computations.
Model Modules. Modern VLMs and LLMs are com-

posed of multiple transformer blocks, each containing sev-
eral modules; for example, layer normalization (ln) [1], at-
tention (attn) [49], and multi-layer perceptrons (mlp) [39].
We index the transformer blocks by l → [d], where
d → N is the total number of transformer blocks in the
model. Within each block, the output of a specific mod-
ule is denoted by h

(l)
mod. A transformer block T

(l) ap-
plies a composition of its modules, for instance T

(l)(xi) =

h
(l)
mlp(h

(l)
ln (h(l)

attn(xi)))), though the precise order may vary de-
pending on the architecture. The output h(l)

mod(w) is referred
to as the module’s activation at layer l.

Model Steering. Intuitively, steering provides a way to
“nudge” the model toward or away from certain behaviors,
such as improving fairness or reducing toxicity, without re-
training the entire network. Specifically, model steering
modifies the behavior of a model by directly altering acti-
vations through linear transformations (interventions) [37].
Formally, a steering method first selects the module of inter-
est (denoted as mod) and then applies a linear transformation
to its activations. At transformer block l, the steered activa-
tion is defined as:

ĥ
(l)
mod(w) = h

(l)
mod(w) + ω

(
a
(l)

↔ h
(l)
mod(w) + b

(l)
)
, (5)

where a
(l) and b

(l) are steering parameters (vectors of
the same dimension as the activations), ω → R controls
the strength of the intervention, and ↔ denotes element-
wise product. The full set of parameters is written as
a = (a(1), ..., a(d)) and b = (b(1), ..., b(d)), and the resulting
steered model is denoted by εa,b,ω.

Di!erent steering methods di!er in how they deter-
mine a and b. Many rely on predefined heuristics or
proxy objectives rather than optimizing output controlla-
bility directly [37, Table 1]. For example, methods such
as CAA [36], ActADD [48], Detzero [44], RePE [62],
AurA [45], and EAST [32] use predefined heuristics to com-
pute b and assume a unit slope a = 1. In contrast, other
approaches like LineAcT [37] and LinEAS [38] learn a and
b from data to mimic activations associated with desirable
behaviors (e.g., fairness or reduced toxicity). Building on
this line of work, we propose a method that explicitly learns
linear interventions optimized for fairness controllability.

4. Direct Steering Optimization for Fairness
4.1. Method Formulation

DSO has two main goals: (i) reducing occupation–gender
bias as measured by Eq. (5) via steering and (ii) preserving
model capabilities upon steering.

(i) Improving Fairness. We implement a reinforcement
learning strategy to optimize the parameters of the linear
transformations applied to activations (Eq. (5)) in order to
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reduce Per-Occupation Bias. While steering has been shown
to e!ectively alter model behavior, such interventions can
inadvertently a!ect features that support other model capa-
bilities, such as reasoning [36, 37, 43, 50].

(ii) Maintaining Capabilities. To mitigate the risk of-
forgetting other capabilities, we incorporate two terms into
our optimization. First, we add an ϑ1 penalty which en-
courages sparsity, ensuring that interventions occur only in
the most relevant neurons. Prior work has demonstrated
that sparse interventions generally reduce collateral degra-
dation of model performance [37]. Second, we constrain the
Kullback–Leibler (KL) [19] divergence between intervened
and base models, as enforcing a small KL divergence has
been shown to maintain overall model capabilities [43].

RL for Fairness. Recall that the intervened model is de-
noted by εa,b,ω. Combining (i) and (ii), we formulate the
following RL objective:

min
a,b

Bias(εa,b,ω=1,D) + ϖ
(
↗a↗1 + ↗b↗1

)
(6)

s.t. KL(εa,b,ω=1 ↗ε) ↘ ϱ,

where ϖ → R controls the strength of the ϑ1 penalty and
ϱ → R specifies the maximum allowed KL divergence.

Operationalizing DSO. Directly solving Eq. (6) is chal-
lenging because Bias(εa,b,ω=1,D) is an aggregated statistic
of generations, rather than a per-generation reward as typ-
ically assumed in RL for generative models [5]. To recast
this into a standard RL setting, we define a fairness reward
that dynamically assigns occupation level rewards based on
whether the model’s response is pro- or anti-stereotypical.

Concretely, for model outputs y corresponding to inputs
(x, Img) → D with Ocp(x, Img) = o, we assign a reward of
↓1 if the model prediction stereotype status (pro- or anti-
stereotypical) matches the majority stereotype produced by
the model for that occupation o → O, and +1 otherwise. In-
tuitively, this discourages the model from consistently repro-
ducing the dominant stereotype, promoting an equilibrium
where pro- and anti-stereotypical predictions occur equally
often, making outputs independent of stereotypes.

For each occupation o → O, we define the occupation-
level majority stereotype as:

S
↑

ε
(o) ↭ argmax

s→{pro,anti}
Pr

x,Img→D

Ocp(x,Img)=o

y↓ε(·|x,Img)

[S(y, x, Img) = s] , (7)

we sample (x, Img) from the dataset D but conditioning
on samples from occupation o (i.e., Ocp(x, Img) = o). If
pro- and anti-stereotypes occur equally often, we default
S
↑
ε
(o) = pro — we have not observed this in practice.

We define the fairness reward rε(y) for occupation o =

Ocp(x, Img) as:

rε(y, x, Img) ↭
{
↓1, S(y, x, Img) = S

↑
ε
(o)

+1, otherwise.
. (8)

Definition 4.1 (DSO). Let rεa,b,ω=1 be the fairness reward
from Eq. (8) for the model εa,b,ω=1. We define DSO as the
solution for the following RL problem:

max
a,b

Ey↓εa,b,ω=1

[
rεa,b,ω=1

]
↓ ϖ

(
↗a↗1 + ↗b↗1

)
(9)

s.t. KL(εa,b,ω=1 ↗ε) ↘ ϱ,

where rεa,b,ω=1 = rεa,b,ω=1(y, x, Img) and the inputs
(x, Img) are sampled uniformly from D.

By expressing DSO in terms of the fairness reward, we
obtain a more fine-grained learning signal at the level of
individual generations, rather than depending solely on the
aggregated bias statistic used in Eq. (6). This formulation
allows Eq. (9) to be solved using standard policy-gradient
methods such as PPO [41] or REINFORCE [55]. We show
that Eq. (9) is equivalent to Eq. (6), even though it may
initially appear to be a proxy objective as it is easier to
solve. This equivalence justifies our reformulation because
while both objectives capture the same fairness principle,
the reward-based formulation leads to a clear path for the
application of gradient-based solutions.

4.2. Theoretical Justifications

We now provide two theoretical results that justify DSO:
(i) the RL formulations in Eq. (6) and Eq. (9) are equiva-
lent (Thm. 1), and (ii) the KL constraint in (9) guarantees
preservation of other model capabilities (Thm. 2). Together,
these results show that DSO e!ectively mitigates occupa-
tion–stereotype bias while maintaining general model per-
formance. All proofs are provided in Appendix A.

Equivalence of RL Strategies. The target RL objective in
Eq. (9) uses per-sample fairness rewards, while the original
objective in Eq. (6) relies on an aggregated bias measure.
At first glance, these appear unrelated as the RL objective
appears to introduce a proxy reward; however, Thm. 1 shows
that, under standard sampling assumptions, the two formula-
tions are equivalent. Consequently, optimizing the expected
fairness reward in Eq. (9) is equivalent to minimizing the
bias measure in Eq. (6). We provide a generalization of this
result for fairness in multi-group settings in Appendix A.3.
Theorem 1 (Eq. (9) ≃⇐ Eq. (6)). Let D = {(x, Img)}n

i=1

be a dataset with n samples. If each occupation has the
same number of samples with Bias as defined in Eq. (3),
then the problems in Eqs. (9) and (6) are equivalent.

The equivalence in Theorem 1 guarantees that DSO di-
rectly optimizes the intended fairness objective. In practice,
this equivalence is crucial: it enables the use of standard
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policy-gradient methods like PPO to learn fairness interven-
tions that satisfy KL constraints. In other words, there is no
surrogate gap introduced by the reward definition.

Capability preservation. We explicitly control the devia-
tion of the intervened model from the base model by con-
straining their KL divergence, f(ω) = KL(εa,b,ω||ε) ↘ ϱ,
where ω → [0, 1] parameterizes intervention strength. Intu-
itively, this hard constraint ensures that the steered model
remains close to the model before intervention, preserving
general model capabilities.

Theorem 2 shows that, under a mild ς-sub-Gaussian as-
sumption, having a KL constraint leads to capability preser-
vation and control as a function of the ω parameter.
Theorem 2 (Capability Preservation). Let ε be the base
model, εa,b,ω be the model after intervention, and define
f(ω) to be their KL divergence controlled by the intervention
parameter ω → [0, 1], i.e., f(ω) ↭ KL(εa,b,ω||ε).

Let C = {q
j
, Imgi}

m

j=1 be a dataset of m samples used
to evaluate model capabilities, where q are text inputs and
Img are corresponding visual inputs when available, e.g.,
MMLU [14] or MMMU [59]. We define u to be a measur-
able function that quantifies model capabilities (e.g., task
accuracy).

If u is ς-sub-Gaussian under ε (e.g., u is bounded), then

∣∣∣∣∣E q,Img↓C

y↓ε(·|q,Img)
[u]↓ E q,Img↓C

y↓εa,b,ω(·|q,Img)
[u]

∣∣∣∣∣ ↘ ς

√
2f(ω)

(10)

Additionally, if f(ω) is increasing in ω → [0, 1], then
√
2f(ω) ↘ ς

⇒

2ϱ (11)

Theorem 2 shows that by keeping the KL divergence
small, DSO preserves capabilities in expectation: the tighter
the KL budget ϱ, the tighter the bound on potential utility
loss. Intuitively, the parameter ω provides a controllable
trade-o! between fairness and performance: a smaller ω

enforces stricter capability preservation, while a larger ω

yields stronger fairness e!ects that come at a higher capa-
bility cost. Therefore, ω o!ers inference-time controllability
for practitioners to balance fairness and model capabilities
according to their preferences.

5. Empirical Evaluations
In this section, we present experimental results demonstrat-
ing that DSO (i) enables inference-time control over the
bias–capabilities trade-o! via the intervention strength pa-
rameter ω, (ii) achieves a state-of-the-art fairness–accuracy
trade-o!, (iii) can decrease occupation–gender bias with
small impact on model capabilities, (iv) provides sparse
linear interventions capable of bias mitigation while only
modifying less than 0.005% of parameters.

Candidate A Candidate B

Ambiguous
Candidate A Candidate B

Unambiguous

Figure 2. Example of two image inputs from [6] where occupation
identification is ambiguous (left) and unambiguous (right).

5.1. Setup

Datasets. We evaluate our method using SocialCounter-
factuals [15] and GenderBias-VL [57], which (i) provide
su”cient samples for reliable bias estimation and (ii) in-
clude counterfactual images of perceived men and women
for the same occupations. We use SynthBias [52], an aug-
mented version of WinoBias [60], to measure fairness in
coreference resolution tasks in LLMs. 4

We provide VLMs with image pairs of individuals of
opposite perceived gender. These pairs are divided into
two partitions: ambiguous, used to measure bias (Fig. 2
left), and unambiguous, used to measure accuracy (Fig. 2
right). In the ambiguous set, both individuals have the same
occupation, whereas in the unambiguous case occupations
are di!erent. 5 When prompted to identify/hire a doctor,
we expect the model to select Candidate A and Candidate B
with equal probability in the ambiguous case, and to select
Candidate A in the unambiguous case. 6

Tasks. We evaluate VLMs in two tasks: occupation
identification and hiring. In both tasks, the same image
is used as shown Fig. 2. Occupation identification uses
the prompt x = “Who is the <add occupation>?” while
the hiring task uses x = “Who should I hire for the occu-
pation of <add occupation>?” We evaluate LLMs using
the coreference resolution task with x = “Who does the
pronoun <add pronoun> refer to?” 7

Baselines & Models. Fairness-oriented steering meth-
ods for VLMs remain largely unexplored. We there-
fore benchmark DSO against general-purpose steering ap-
proaches, including CAA [36], ITI [23], and Prompt-based
debiasing (using Role PP Prompt from [7]).8 Although
ReFT [56] is also relevant, its current implementation does
not support VLMs. We do not compare against fine-
tuning methods [46, 58] because they do not o!er inference-
time controllability. All baselines use contrastive sets
to construct steering vectors; we define pro-stereotypical
and anti-stereotypical samples as the positive and nega-
tive sets, respectively. We evaluate DSO on open-source

4We show that DSO decreases race-occupation bias in Appendix E.2.
5Dataset details are provided in Appendix B.2
6We discuss the scenario of selecting both candidates in Appendix F.
7System prompts and templates used in the tasks are in Appendix C.1.

We test our method across di!erent prompt variations in Appendix C.2.
8Implementation details are provided in Appendix B.1.
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(a) Gemma-3-4B (b) Qwen-VL-3B
Figure 3. Intervention strength ω (x-axis) vs. bias per occupation
Eq. (3) (y-axis) measured in the SocialCounterfactuals dataset us-
ing the occupation identification task. DSO o!er better inference-
time bias controllability than alternative methods. Normalized
intervention strength is 0 when no intervention is applied and 1
when the intervention strength is the highest.

VLMs—Qwen 2.5 3B VL and 7B VL [2], Gemma 3 4B
and 12B [47], and Llama 3.2 11B Vision [10]. To show that
DSO can be used in LLMs, we evaluate it on Qwen 2.5 3B IT
and 7B IT [2], and Llama 3.2 3B IT [10].

DSO Implementation details. We apply DSO to all
LayerNorms in the LLM or the LLM backbone of the VLM,
because it is shown that LayerNorms are the most e!ective in
controlling model behavior when using linear neuron trans-
formations like in our setting [37]. We solve the RL problem
for DSO (Eq. (9)) using only 600 samples from the ambigu-
ous partition of the datasets – small datasets (less than 1000
samples) are desirable in steering. Check Appendix D for
details on the selection of the hyper-parameters ϖ (sparsity)
and ϱ (KL constraint) and the algorithm used to solve the
reinforcement learning problem in Def. 4.1.

5.2. Experimental Findings

Fairness Controllability at Inference Time. We assess the
controllability in debiasing by analyzing whether increasing
ω produces a monotonic decrease in Per-Occupation Bias.
In Fig. 3, we plot Per-Occupation Bias in Eq. (3) as a function
of the steering strength ω for each method. We vary ω →

[0, 1] for DSO and CAA, and ω → [0, 30] for ITI 9.
Figure 3 shows that DSO provides the most stable

control: Per-Occupation Bias decreases monotonically
with ω, whereas ITI and CAA exhibit non-monotonic be-
havior. Moreover, CAA and Prompting do not reduce Per-
Occupation Bias, indicating that these methods are ine!ec-
tive for bias mitigation in VLMs. Additionally, Fig. 3 under-
scores the lack of controllability with Prompting: there is
no principled way to modify a prompt to guarantee a mono-
tonic bias reduction. Together, these observations show that
DSO enables controllable bias mitigation at inference-time,
whereas other methods yield unpredictable e!ects on bias.

Fairness Vs. Accuracy Trade-O! in VLMs. We measure
the impact of bias mitigation on model capabilities across
methods. We trace the fairness–accuracy trade-o! in Fig. 4

9Range of intervention strengths taken from original work [23]

(a) Gemma-3-4B (b) Qwen-VL-3B
Figure 4. Fairness vs. accuracy trade-o! in VLMs. The x-axis
show per-occupation bias as measured by Eq. (3) and the y-axis
shows accuracy in the non-ambiguous occupation identification
task. Experiments in the SocialCounterfactuals dataset using the
occupation identification task.

across di!erent methods by varying ω. For both Gemma-4B
and Qwen-VL-3B, DSO pareto dominates the plot, showing
that it is the method that most retains performance while
mitigating bias. Aligned with observations in Fig. 3, CAA
and prompting are ine!ective at decreasing bias (clustered
around the base model). In contrast, ITI can further im-
prove bias, but achieves so at a steeper cost to accuracy.
Overall, Fig. 4 highlights that DSO excels in the fairness–
accuracy trade-o!, i.e., it consistently delivers substantial
bias reductions while maintaining relatively high accuracy,
whereas alternatives either struggle to reduce bias or incur
substantial performance degradation.

Bias Mitigation E!ectiveness. We evaluate the debiasing
e!ectiveness of DSO in Tab. 1, reporting Per-Occupation
Bias, Stereotype Gap, and Unambiguous and MMMU ac-
curacy.10 We present our results for DSO with two steering
strengths ω: (i) strongest steering with ω = 1 and (ii) mod-
erate steering with ω selected to ensure MMMU accuracy is
within one standard error from mean accuracy with no inter-
vention. For prompt-based debiasing, we set ω = 1 since it
o!ers no controllability, and for the CAA and ITI baselines,
we select the ω that yields the smallest Per-Occupation Bias
without breaking the model.

DSO achieves the largest reductions in the bias while
being capable of maintaining utility. For Qwen-2.5-7B VL,
using a conservative setting (ω=0.2), our method lowers Per-
Occupation Bias by 10 p.p and Stereotype Gap by 12 p.p,
with Unambiguous and MMMU accuracy close to the base
(within 1.1 p.p). Gemma-3 and Llama VL show similar
trends. Setting the intervention strength to ω = 1 further
reduces biases but has a higher impact on performance. On
Qwen-2.5-7B VL, ω=1.0 yields the lowest Per-Occupation
Bias and near zero Stereotype Gap, but at a cost of Unam-
biguous accuracy degradation of 16 p.p, while ω=0.2 retains
accuracy with fairness improvement.

Table 1 shows that competing methods are capable of
10Experiments using the hiring task and the GenderBias-VL dataset [57]

can be found in Appendix E.
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Table 1. Average bias and performance metrics for steering methods in the occupation recognition task using the SocialCounterfactuals
dataset. The table illustrate the superior e!ectiveness of DSO on bias mitigation over all baselines. Per-Occupation Bias is computed
with Eq. (3). Stereotype Gap is computed with Eq. (4). Standard error from the mean (SEM) is reported in parentheses. The cell colors
represent dark blue = lowest Bias, blue = metric improved, yellow = within the SEM of base model, and red = metric worsen.

ω Per-Occupation Bias (3) ↔ Stereotype Gap (4)↔ Unambiguous Accuracy ↗ MMMU Accuracy ↗
Q

w
en

2.
5-

3B
V

L Base Model – 32.7% (1.9) 17.7% (0.9) 95.7% (0.2) 41.3% (1.6)
Prompting – 32.8% (1.9) 16.7% (0.9) 95.9% (0.2) 41.8% (1.6)
CAA 1.0 31.1% (1.8) 15.9% (0.9) 94.2% (0.2) 41.3% (1.6)
ITI 5.0 21.8% (1.2) 5.0% (0.9) 94.0% (0.1) 30.5% (1.5)
DSO 0.6 22.9% (1.5) 13.6% (0.9) 95.1% (0.2) 39.9% (1.6)
DSO 1.0 15.9% (1.1) 8.5% (0.9) 94.0% (0.2) 36.0% (1.5)

Q
w

en
2.

5-
7B

V
L Base Model – 25.8% (1.6) 18.0% (0.9) 96.5% (0.1) 46.0% (1.5)

Prompting – 24.5% (1.6) 17.4% (0.9) 96.4% (0.2) 44.5% (1.6)
CAA 1.0 28.5% (1.7) 22.4% (0.9) 96.5% (0.1) 42.9% (1.6)
ITI 5.0 29.3% (1.8) 20.8% (0.9) 96.3% (0.1) 42.3% (1.6)
DSO 0.2 15.4% (1.0) 6.6% (0.9) 95.7% (0.2) 44.9% (1.6)
DSO 1.0 8.7% (0.6) 0.1% (0.8) 80.0% (0.3) 37.7% (1.5)

G
em

m
a-

3-
4B

Base Model – 26.9% (1.7) 21.6% (0.9) 92.4% (0.2) 40.2% (1.5)
Prompting – 27.0% (1.7) 22.2% (0.9) 92.4% (0.2) 40.3% (1.6)
CAA 1.0 28.2% (1.7) 17.3% (0.9) 92.5% (0.1) 39.8% (1.6)
ITI 20.0 27.8% (1.7) 19.5% (0.9) 92.5% (0.1) 40.0% (1.6)
DSO 0.4 23.5% (1.5) 17.4% (0.9) 90.5% (0.2) 41.0% (1.6)
DSO 1.0 10.7% (0.7) 3.9% (0.9) 82.8% (0.3) 39.7% (1.6)

G
em

m
a-

3-
12

B Base Model – 26.5% (1.8) 18.3% (0.9) 95.4% (0.1) 46.7% (1.5)
Prompting – 27.3% (1.8) 17.8% (0.9) 95.1% (0.2) 47.3% (1.6)
CAA 0.6 30.9% (1.6) 8.2% (0.9) 90.3% (0.2) 36.3% (1.5)
ITI 20.0 25.1% (1.8) 15.5% (0.9) 94.7% (0.1) 47.8% (1.6)
DSO 0.8 19.3% (1.2) 13.5% (0.9) 95.9% (0.2) 48.1% (1.6)
DSO 1.0 15.0% (1.1) 10.0% (0.9) 95.4% (0.2) 47.3% (1.6)

Ll
am

a
11

B
V

L Base Model – 30.2% (1.9) 16.9% (0.8) 94.8% (0.2) 37.0% (1.5)
Prompting – 39.2% (2.2) 31.6% (0.8) 87.2% (0.3) 34.6% (1.5)
CAA 1.0 37.2% (2.1) 29.2% (0.8) 87.9% (0.2) 37.6% (1.5)
ITI 20.0 31.6% (1.7) 15.4% (0.8) 94.4% (0.2) 36.9% (1.5)
DSO 0.4 24.6% (1.6) 17.5% (0.9) 94.2% (0.2) 40.0% (1.6)
DSO 1.0 23.4% (1.4) 16.4% (0.8) 88.0% (0.2) 36.6% (1.5)

decreasing Stereotype Gap but are ine!ective in consistently
reducing Per-Occupation Bias. Recall that, Per-Occupation
Bias is our metric of interest and that Stereotype Gap does
not measure occupation–gender bias, but the overall trend
of stereotypical behavior. Occasionally, competing methods
decrease Per-Occupation Bias but they may also worsen it as
exemplified by Llama-11B VL and Qwen-2.5-7B VL. When
e!ective in decreasing Per-Occupation Bias, CAA and ITI
have higher performance degradation.

Sparsity Evaluation. Figure 5 shows that DSO provides
Per-Occupation Bias reduction while touching less than

(a) Gemma-3-4B (b) Qwen-VL-3B
Figure 5. Fraction of LayerNorm neurons intervened (x-axis) vs.
bias as in Eq. (3) (y-axis). Intervening on only 60% of LayerNorm
neurons achieves nearly the same bias reduction as intervening
on all neurons implying that DSO drastically reduces bias by
modifying less than 0.005% of model parameters. SocialCoun-
terfactuals dataset using the occupation identification task.

0.005% of the parameters in the model, i.e., the learned
linear interventions are sparse. We observe that intervening
on just 60% of LayerNorm neurons attains nearly the same
bias reduction as steering all LayerNorm. Notably, 60% of
LayerNorm neurons, corresponds to fewer than 0.005% of
all model weights for Gemma and 0.002% for Qwen.

DSO for Bias Mitigation in LLMs. We focus on mitigat-
ing bias via steering in VLMs, however, the core mechanism
of DSO is model-agnostic. To demonstrate generalilty, we
evaluate DSO in LLMs. Specifically, we apply DSO to the
coreference resolution task using the SynthBias dataset [52].

Across models, DSO reduces both Per-Occupation Bias
and Stereotype Gap while preserving and sometimes even
improving capabilities. For instance, on Qwen-2.5-3B, Per-
Occupation Bias drops from 60.4% to 5.9% and Stereotype
Gap reduces from 62.0% to 4.1% at ω=1, with unambiguous
accuracy at 99.7%, over 10 p.p increase. However this
comes with a cost of a higher “don’t know” rate, when the
model outputs that it can not solve the coreference task,
reflecting a more cautious stance after steering. Our results
demonstrates that DSO is e!ective for debiasing LLMs as
well as VLMs, and o!ers a better fairness–accuracy trade-o!
than alternative methods as shown in Fig. 6.

Fairness Vs. Accuracy Trade-O! in LLMs. Figure 6
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Table 2. Average bias and performance metrics for di!erent steering methods in the coreference resolution task using the SynthBias
dataset. Standard error from the mean is reported in parentheses. The cell colors represent dark blue = lowest Bias, blue = metric
improved, yellow = within the SEM of base model, and red = metric worsen.

ω Per-Occupation Bias (3) ↔ Stereotype Gap (4) (%) Unambiguous Accuracy↗ Unambiguous
Don’t Know Rate ↔ MMLU Accuracy ↗

Q
w

en
2.

5-
3B

Base Model – 60.4% (3.3) 62.0% (0.9) 88.5% (0.3) 13.6% (0.2) 64.5% (0.4)
Prompting – 50.7% (2.7) 52.2% (1.1) 84.2% (0.5) 15.3% (0.3) 64.4% (0.4)
CAA 0.8 34.1% (2.7) 34.9% (1.3) 79.3% (0.2) 30.9% (0.3)) 58.3% (0.4)
ITI 2.0 57.7% (3.5) 59.3% (1.0) 87.4% (0.3) 14.2% (0.1) 57.7% (0.4)
DSO 0.6 21.5% (2.0) 21.2% (0.8) 99.9% (0.0) 30.2% (0.3) 64.5% (0.4)
DSO 1 5.9% (0.7) 4.1% (0.9) 99.7% (0.0) 45.6% (0.3) 62.3% (0.4)

Q
w

en
2.

5-
7B

Base Model – 53.5% (3.2) 53.7% (0.7) 97.8% (0.1) 10.9% (0.2) 72.7% (0.4)
Prompting – 44.3% (2.8) 45.0% (0.9) 95.3% (0.5) 12.6% (0.3) 72.4% (0.4)
CAA 1.0 50.4% (3.2) 50.4% (0.3) 96.6% (0.3) 9.6% (0.2) 70.4% (0.4)
ITI 5.0 51.0% (3.3) 51.3% (0.8) 96.3% (0.2) 5.4% (0.2) 72.4% (0.4)
DSO 0.4 34.1% (2.6) 33.9% (0.8) 99.8% (0.0) 10.3% (0.2) 72.3% (0.4)
DSO 1 6.6% (0.9) -5.2% (0.8) 99.9% (0.0) 17.9% (0.2) 71.6% (0.4)

Ll
am

a-
3.

2-
3B

Base Model – 58.5% (3.8) 58.3% (0.7) 99.7% (0.0) 26.2% (0.3) 51.2% (0.4)
Prompting – 52.4% (3.4) 51.9% (0.6) 92.2% (0.1) 23.9% (0.0) 53.9% (0.4)
CAA 1.0 51.1% (3.6) 50.8% (0.8) 96.9% (0.2) 17.4% (0.1) 55.2% (0.4)
ITI 5.0 49.4% (3.4) 49.2% (0.8) 98.9% (0.1) 6.1% (0.1) 10.9% (0.3)
DSO 0.4 47.5% (3.8) 47.1% (0.7) 99.9% (0.0) 25.8% (0.3) 50.8% (0.4)
DSO 1 26.9% (2.4) 26.4% (0.8) 99.9% (0.0) 26.5% (0.3) 49.6% (0.4)

(a) Llama-3.2-3B (b) Qwen2.5-7B
Figure 6. Fairness vs. accuracy trade-o! in LLMs. The x-axis
show per-occupation bias as measured by Eq. (3) and the y-axis
shows accuracy in the non-ambiguous occupation identification
task. Experiment uses the SynthBias dataset.

shows the fairness–accuracy trade-o! for LLMs by vary-
ing intervention strengths ω. DSO achieves the best bias
mitigation with the smallest impact on unambiguous accu-
racy for both Llama-3.2-3B and Qwen2.5-7B. In contrast to
the results for VLMs in Fig. 4, the competing methods ITI,
CAA, and Prompt-debiasing show e!ectiveness in bias mit-
igation, however, with a higher impact in accuracy than our
approach. These findings reinforce the generality of DSO
for bias mitigation in both LLMs and VLMs.

The results on LLMs (Tab. 2 and Fig. 6) reveal that while
methods like CAA, ITI, and prompting can reduce bias in
language-only settings, they do so at a higher cost to model
capabilities than DSO. More importantly, a comparison with
our VLM results (Tab. 1 and Fig. 4) demonstrates that these
LLM-native steering approaches fail to generalize to the
vision-language domain. In contrast, DSO shows to be
more robust, e!ectively mitigating bias with a controllable
accuracy cost across both modalities.

6. Concluding Remarks
Takeaway. We introduced DSO, an activation steering
method optimized to mitigate occupation–gender bias in

generative models. DSO learns sparse linear interventions to
steer activations, intervening in less than 0.005% of parame-
ters, and providing interpretable, inference-time control over
both bias and model capabilities. This enables practitioners
to improve fairness with minimal impact on performance,
or trade some performance for greater fairness at inference-
time depending on their need.

Unlike methods that rely on pre-defined intervention
heuristics [23, 36–38], DSO uses reinforcement learning
to directly discover interventions that control model behav-
ior. We show that DSO achieves interpretable bias control
for both VLMs and LLMs, whereas existing methods are
ine!ective at controlling bias in VLMs and o!er only mod-
est bias reduction in LLMs at a higher performance cost.
Beyond bias mitigation, we hope our results incentivize the
community to develop steering methods optimized to control
model behavior rather than relying on proxy objectives.

Limitations & Future Work. Our work focus on gender–
occupation biases, modeling gender as a binary attribute—a
simplification that is inherently limited and does not cap-
ture harms across other attributes like race and age. We do
not include other axis due to a lack of large-scale datasets
that contain visuals of diverse races and ages. Future work
can develop datasets for such evaluation and mitigate bi-
ases across di!erent demographic axes specially focusing
on VLMs in decision-making tasks. Additionally, we do
not compare against fine-tuning based approaches because
they do not o!er controllability at inference-time. We hope
future work explores the performance limits of DSO and
how it compares to fine-tuning strategies. Finally, we focus
on bias mitigation, however, DSO could be used to control
any model behavior that can be identified by a classifier by
plugging it in Def. 4.1. In future work, we aim to explore
the applicability of DSO to control other model behaviors
like toxicity and text-style.
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