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A. Training Details

Since our method can be applied to any encoders, we
train the image/text encoder for Vision-Language Mod-
els (VLMs) and the image encoder for Large Vision-
Language Models (LVLMs) (Table S1). For train-
ing the sparse autoencoder (SAE), we employ the Ma-
tryoshka [15] variant with top-k (= 20) sparsity and hi-
erarchical grouping [17]. The original activations are ex-
tracted from the corresponding encoder layers for both
training and validation, with a batch size of 4096 and
expansion factors of 1, 2, 4, and 8 to control the dictio-
nary size. The model is optimized for 110,000 epochs,
and the weight for auxiliary loss is set to be 0.03, with
the decay of learning rate starting at step 109,999. We
divide the SAE neurons into four groups using the frac-
tions [0.0625, 0.125, 0.25, 0.5625], meaning that 6.25%,
12.50%, 25.00%, and 56.25% of the neurons are as-
signed to each group, respectively; this grouping lets us
evaluate hierarchical behavior at different levels of neu-
ron specificity.

B. Data Details

Real Data To ensure the balanced selection of the so-
cial neurons, each of the training datasets of sparse au-
toencoder (SAE) [15] has a fair distribution of social at-
tribute labels, as in the original dataset (statistics in Ta-
ble S9). For instance, the gender ratio of the Bias in
Bios dataset [6] is 54:44 for male and female labels.
This case even more strictly applies to the evaluation
datasets. As can be seen in Table S1, the gender ratio of
the FairFace evaluation dataset' [11] is 50:50. However,
for each group, the balance becomes uneven, notably in
the 20-29 age range. This inherent skew in the data dis-
tribution helps explain the intersectional effect of why
modulating the age neurons can effectively reduce gen-
der bias. Additionally, we observe 40% (out of 25) of the

From a total of 10,954 cropped images, we sample a subset with
a gender balanced distribution, following [2].

Table S1. Overview of multimodal models. The table lists
the image and text encoders used in VLMs and LVLMs con-
sidered in this work.

Model Type Image Encoder Text Encoder

CLIP (ViT-B/32) VLM ViT-B/32 Transformer (512-d)
CLIP (ViT-L/14@336) VLM  ViT-L/14@336 Transformer (768-d)
LLaVA-1.5-7B LVLM ViT-L/14@336 -

LLaVAOneVision LVLM  SigLIP-s0400m/14@384 —

InternVL2-8B LVLM  InternViT-300M @448px  —
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Figure S1. Age distribution of FairFace evaluation dataset
across genders. Although the gender distribution is balanced,
there is a skewed gender distribution per age group.

Figure S2. Age neuron activating images.

age neurons are gender-skewed (Figure S2). Not mod-
ulating these gender-skewed age neurons increases both
gender and age MaxSkews by 0.6% and 5.3% (o = 1),
suggesting these are indeed age neurons. Note that all
the datasets are publicly available.

Synthetic Data To explore the possibility of extend-
ing the real-world data to synthetic data for SAE training
and probing, we generate new synthetic datasets from
the SBBench dataset [16]. We postprocess the images
corresponding to the age and gender category to enable
a direct comparison with realistic data, FairFace. Since
the images from other categories (e.g., religion, socio-
economic status, disability) seem to have visual cues that
are more closely related to the contextual factors like
background or clothing, we mainly test age and gender
categories in this work.

From the original SBBench synthetic dataset (760
and 672 samples from the age and gender categories),
we remove duplicates to obtain 627 and 302 im-



ages, respectively. Since images often contain mul-
tiple humans, we use a recent text-to-image editing
model Qwen—-Image-Edit [19] to leave only one per-
son with a certain social attribute (i.e., old/young and
male/female for the age and gender categories). Specif-
ically, we prompt the model to edit each image and ex-
clude those where the face is too distant, not visible,
contains multiple people, or is of poor quality. We re-
peat this process three times for the age category and
two times for the gender category, making small adjust-
ments to the prompt at each iteration, and then conduct
human validation to ensure that the final images meet
the required quality and attribute criteria. The prompts
used for the editing model are as follows:

Prompts for SBBench-Syn Data Construction

Ist round generation Leave only one human
who is {old/young/male/female}, and remove any
other humans. Keep the background identical to
the original. Make the image square.

2nd/3rd round generation (age) Leave only
{old/young} {person/human}, and remove any
other humans. Leave the background exact same
as the original. Make the image square.

2nd round generation (gender) Leave only one
{male/female}, and remove any other humans.
Leave the background exact same as the original.
Make the image square.

Prompts for SBBench-Syn-Crop Data Con-
struction

1st round generation Leave only one human who
is {old/young/male/female}, and remove any other
humans. Crop and zoom in so that the remaining
person’s face appears larger and clearly visible.
Make the image square.

2nd/3rd round generation (age) Leave only
{old/young} {person/human}, and remove any
other humans. Crop and zoom in so that the
remaining person’s face appears larger and clearly
visible. Make the image square.

2nd round generation (gender) Leave only one
{male/female}, and remove any other humans.
Crop and zoom in so that the remaining person’s
face appears larger and clearly visible. Make the
image square.

We use the above prompts to generate new synthetic

Table S2. Bias Score Results on Non-Overlapping Datasets.

Datasets PATA Pairs

Prompts Adj Occup Act Ster Adj Occup Act Ster Avg
CLIP (ViT-B/16)  14.1 199 102 203 131 224 268 185 18.16
Prompt 7.3 169 100 160 119 239 152 150 1453
DEBIASLENS 7.1 133 119 55 105 195 17.7 11.6 1214
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Figure S3. Difference between male and female yes’ prob-
ability across skill-related prompts for InternVL2-8b and
DEBIASLENS-Intern. Our method shows most of the skills
having no statistically different probability across genders (*:
p < 0.1, **: p < 0.01, ***: p < 0.001).

Table S3. Computational Cost Results. The trade-off score
(1 the better) is proportional to ABiasScore — AVLAPerf.

Method Par (M) GPU hrs  Overhead (ms) FLOPs Trade-off
Full FT 6979.58 0.02 310.19 1.14e+13 1.29
LoRA FT 301.99 0.32 310.89 1.14e+13 1.30
Pruning (0.05) - 0.00 355.31 1.11e+13 1.53
Pruning (0.5) - 0.00 268.35 7.90e+12 1.18
Prompt Tuning 0.08 1.72 361.15 1.52e+14 0.92
Prompt Engin. - 0.00 316.74 1.22e+13 1.35
DEBIASLENS (0.6) 16.79 1.42 319.94 1.15e+13 1.54
DEBIASLENS (1.0) 16.79 1.42 315.84 1.15e+13 1.60

datasets, SB-Syn and SB-Syn-Crop (sample synthesized
images in Figure S6), to examine whether having less
background context could help to find more effective so-
cial neurons. As a result, from the 627 and 302 age and
gender-group images in the original SBBench dataset,
we extract 246/87 images featuring a single old/young
individual and 109/97 featuring a single male/female in-
dividual for constructing SB-Syn. Similarly, for SB-
Syn-Crop, we extract 222/184 images featuring a sin-
gle old/young individual and 352/159 images featuring
a single male/female individual. This scarcity of data
may provide reasons why the SAE trained and probed
using FairFace data achieved strong performance.

C. Additional Results

Debiasing Vision-Language Models We provide ad-
ditional qualitative results for T2I image retrieval [2, 5,
8, 10] and VQA [9, 16] in Figures S7 and S8. DEBI-
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Figure S4. Difference between male and female *yes’ proba-
bility across occupation-related prompts for InternVL2-8b
and DEBIASLENS-Intern. Our method shows most of the
occupations having no statistically different probability across
genders (*: p < 0.1, **: p < 0.01, ***: p < 0.001).

dishonest {4 | ¢ Gender
irritable i | m Male
Female

Gender
- Male
stubborn {4 Female
unreliable f |

arrogant

greedy 4 | ¢
selfish 4 | £
moody i |
cruel § |
lazy 4 | ¢
enthusiastic e |
humble i | »
passionate - |
loyal i |
generous
honest s |
wise {— |
reliable Jum— |~
creative s 1§
friendly [
00 02 04 06 08 1000 02 04 06 08 10
Probability (Original) Probability (Ours)

Textual Prompts

Figure S5. Difference between male and female ’yes’ prob-
ability across sentiment-related prompts for InternVL2-8b
and DEBIASLENS-Intern. Our method shows most of the
sentiments having no statistically different probability across
genders (*: p < 0.1, #*: p < 0.01, ***: p < 0.001).

ASLENS applied to VLM retrieves a fairer demographic
distribution when conditioned with neutral prompts with
no correct gender labels, which is reflected in Max Skew
scores throughout the paper (Figure S7). Moreover,
DEBIASLENS applied to LVLM achieves more reliable
handling of ambiguous visual questions, captured with
gender disproportion rate and SBBench accuracy in the
main text (Figure S8).

Detailed quantitative VQA results are in Figures S3,
S4, and S5). We also emphasize bias reduction on non-
overlapping PATA/PAIRS (Table S2) proves our social

Table S4. Intersectional Fairness (MaxSkew) Results.

Targeted Attributes ~ Gender Skew A Age Skew A Race Skew A
Gender only -8.0% -5.6% -1.3%
Age only -8.1% -18.0% -3.1%
Race only -7.9% -6.3% -6.4%
Genderx Age -11.3% -18.7% -4.1%
Gender xRace -10.7% -7.4% -6.4%
AgexRace -11.2% -19.5% -11.7%
GenderxRacex Age -11.4% -19.5% -12.0%

neurons represent a universal demographic concept, not
overfitted by FairFace.

Interpretable Social Neurons The interpretability of
automatically selected social neurons is further sup-
ported by illustrations in Figures S9 and S10. While
random neurons tend to activate on images containing a
mixture of social demographics, the social neurons, such
as those encoding gender, age, or race, exhibit selective
activation patterns that correspond to specific social at-
tributes (Figure S9). Figure S10 depicts top activating
images for both training and evaluation images, along
with the human-labeled concepts. Together, these visu-
alizations show that the identified neurons consistently
encode specific social attribute concepts.

To validate the consistency of the robustness and op-
timal configuration of the neuron disentanglement, we
provide results of the proportion of effective social neu-
rons and corresponding Max Skew scores across various
social attributes and models. Figures S11 and S12 are
the plots when modulating age and race neurons in the
image encoder of CLIP (ViT-B/16) [18], attached with
SAE trained using the FairFace dataset. Figures S13 and
S14 are the plots when modulating gender neurons in the
image and text encoder of CLIP (ViT-L/14@336). Same
as CLIP (ViT-B/16), we provide the plots when modulat-
ing age and race neurons in the image encoder of CLIP
(ViT-L/14@336) in Figures S15 and S16. We also show
the effective social neurons when deactivating gender,
age, and race neurons of InternVL2-8B [4] (Figure S17)
and LLaVA-1.5-7b-hf [14] (Figure S18). Lastly, Fig-
ures S19 and S20 illustrate the proportion of effective
gender and age neurons found using the image encoder
of LLaVA-1.5-7b-hf, InternVL2-8b, and LLaVAOneVi-
sion [13]. All these plots reveal a similar trend of the ef-
fective neuron proportion across expansion factors and
thresholds, despite the difference in probing social at-
tributes, models, and SAE training data.

Furthermore, Table S4 demonstrates that our method
effectively controls intersectional bias by leveraging
SAE’s disentanglement capacity. It selectively achieves
lower MaxSkew scores (e.g., |Race| < |Age| < |Age x
Race| < | Gender x Age x Race| for Age Skew).

Data Distribution Effects While the efficacy of gen-
der neurons is detailed in the main text, we further



Table S5. SBBench (categories: age and gender) accuracy
of DEBIASLENS applied to LVLM. The best performance is
achieved when SAE is trained and age neurons are selected
using the FairFace datasets, measured using a rule-based and
model-based evaluation.

Methods Eval Train Data  Probing Data Gender Age
InternVL2-8B  Rule X X 83.83  43.11
DEBIASLENS  Rule SB-Syn SB-Syn 84.84 4530
DEBIASLENS Rule SB-Syn-Crop  SB-Syn-Crop 84.51 44.13
DEBIASLENS  Rule FairFace SB-Syn 84.64  45.55
DEBIASLENS Rule FairFace SB-Syn-Crop 84.74 4477
DEBIASLENS Rule FairFace FairFace (0.6) 86.60 47.52
DEBIASLENS Rule FairFace FairFace (1.0) 87.87 48.51
InternVL2-8B  Phi X X 8597 5035
DEBIASLENS  Phi SB-Syn SB-Syn 87.20 5148
DEBIASLENS  Phi  SB-Syn-Crop  SB-Syn-Crop 86.03  50.21
DEBIASLENS  Phi FairFace SB-Syn 8691  51.62
DEBIASLENS  Phi FairFace SB-Syn-Crop 86.23  50.31
DEBIASLENS  Phi FairFace FairFace (0.6) 88.39 52.54
DEBIASLENS  Phi FairFace FairFace (1.0) 89.49 53.77

demonstrate the impact of modulating age neurons, with
results presented in Table S5. Similar to the main find-
ings, social neurons found using SAE trained with the
FairFace dataset seem to show the most improvement
in accuracy. Also, the SAE trained and probed using
cropped images from SBBench-Syn-Crop seem to show
better performance with the gender neurons but not for
the age neurons (Table S5). One of the reasons may be
due to a limited amount of newly synthesized training
datasets compared to FairFace (Table S9). Despite this,
the social neurons found using the FairFace dataset can
be generalized to a synthesized evaluation dataset. This
suggests that our selected neurons indeed correspond to
human-interpretable social attribute concepts (e.g., gen-
der, age).

However, these neurons show lower specificity, un-
like the neurons discovered in VLMs. Concretely, mod-
ulating gender neurons seems to show better perfor-
mance for questions corresponding to both gender and
age categories. For instance, both the gender and age ac-
curacies are +1.75 (+1.58) and +2.44 (+3.15) higher
when the gender neurons are deactivated (training data:
FairFace & probing data: SB-Syn-Crop) evaluated using
a rule-based approach (Phi-4 [1]). This implies that al-
though these social neurons are disentangled, the effect
on performance may not always be localized to a single
attribute, but instead propagates across intersectional de-
mographics, especially in larger LVLMs.

Ablation Study We present detailed results of the ef-
fect of weight proportion (o)) for VLMEvalKit [7] and
VLAGenderBias (VLA) [9] in Tables S6 and S7, respec-
tively. Supporting our original claim, weighting more
SAE decoded embeddings generally results in lower
general performance (Table S6) and gender dispropor-
tion rate (Table S7). Furthermore, the effect on gen-

Table S6. General performance (1) on varying weighted
proportion for LVLMs. The general VLM performance over-
all decreases as the weight proportion of the SAE decoded em-
bedding increases.

« Percep [3] Reason [3] MMMU [20] Seed2 [12]
LLaVA-1.5-7b-hf [14] (Fairface — Top neurons)

0.0 1205.10 235.00 0.30 0.59
0.2 1252.50 226.78 0.29 0.59
0.4 1240.75 255.35 0.29 0.58
0.5 1209.25 274.64 0.30 0.58
0.6 1187.84 266.42 0.30 0.57
0.8 1096.65 263.57 0.31 0.56
1.0 930.55 221.78 0.22 0.53
InternVL2-8b [4] (Fairface — Top neurons)
0.0 1646.79 536.78 043 0.75
0.2 1657.39 526.78 0.43 0.75
0.4 1644.58 525.00 0.44 0.75
0.5 1618.70 492.85 0.40 0.75
0.6 1616.65 478.21 0.39 0.74
0.8 1603.35 445.35 043 0.73
1.0 1561.92 401.07 0.44 0.72
InternVL2-8b [4] (Fairface — All neurons)
0.0 1646.79 536.78 0.43 0.75
0.2 1663.89 529.28 0.39 0.75
04 1643.56 527.14 0.44 0.75
0.5 1622.05 492.85 0.40 0.74
0.6 1609.96 477.85 0.39 0.74
0.8 1592.31 452.14 0.44 0.73
1.0 1549.64 381.07 0.39 0.72
InternVL2-8b [4] (Fairface — All neurons — Negative activations)
0.0 1646.79 536.78 0.43 0.75
0.2 524.09 223.57 0.33 0.38
0.4 524.09 223.57 0.33 0.38
0.5 524.09 223.57 0.33 0.38
0.6 524.09 223.57 0.33 0.38
0.8 524.09 223.57 0.33 0.38
1.0 524.84 223.57 0.33 0.38

Table S7. Gender disproportion rate (|) across varying
weighted proportions for LLaVA-1.5-7b-hf. The dispropor-
tion rate decreases as the weight proportion of the SAE de-
coded embedding increases.

« Occupations  Trait Trait (gendered) Skills

0.0 0.3500 0.7000 0.7500 0.7143
0.2 0.3250 0.6000 0.7083 0.6667
0.4 0.3250 0.6000 0.5833 0.6190
0.5 0.3250 0.5500 0.5417 0.6190
0.6 0.3250 0.5500 0.5417 0.6190
0.8 0.2750 0.5500 0.5417 0.5714
1.0 0.2250 0.5500 0.5833 0.2857

eral performance shows a stronger influence when mod-
ulating all automatically selected gender neurons (corre-
sponding to Fairface — All neurons in Table S6), instead
of the top neurons per social attribute group are selected
(i.e., DEBIASLENS, corresponding to Fairface — Top
neurons).

These trends reflect the underlying trade-off in the



Table S8. Social Attribute Predictability Results.

Representation «  Gender Acc Age Acc Race Acc

v (original) 0.0 95.9 55.6 71.0
v’ (mixed) 0.6 95.2 56.2 70.8
v (SAErecon) 1.0 92.7 514 62.6

construction of the representation v’, which interpolates
between the original feature v and the SAE-decoded re-
construction v. To better understand this trade-off, we
further examine the bias properties of v through both
empirical and theoretical analyses.

Empirically, v exhibits lower attribute predictability
than both v and v’ (Tab. S8). This suggests that al-
though biased signals may still persist in the decoded
reconstructions, they are no longer concentrated in fixed
latent dimensions; instead, they emerge from different
subsets of active latents across samples.

Theoretically, let the SAE encoder produce sparse ac-
tivations

z=0(Wev +b,), (S1)

where o(-) is a sparsity-inducing nonlinearity (e.g.,
ReLU or Top-k). We define the active set as

A(v) ={i | (Wev + b.); > 0}, (S2)

namely, the indices of latent neurons activated by in-
put v. Let D 4(y) denote the diagonal masking matrix
whose (i,7)-th entry equals 1 if i € A(v) and 0 other-
wise. The SAE reconstruction can then be written as

v = WdDA(V)WeV + CAw), (S3)

where ¢ A(v) absorbs bias terms. For a fixed active set,
the mapping is linear; however, since A(v) varies with
the input, the overall function is piecewise linear and
globally non-linear. The effective linear transformation

M 4(v) = WaD 4y W, (S4)

therefore changes across inputs.
A single global separating direction w would require
T T
w M.Al =W MA2 VAMAQ, (SS)
which holds only in degenerate cases, such as constant
active sets, i.e.,

A(Vl) = A(Vg) VVl7 Va. (S6)

In that case, D 4(v) becomes a fixed matrix, and the
mapping reduces to a single global linear transforma-
tion. However, under typical sparse activation regimes,
different inputs induce different active sets (other than
the common active sets mapping to our selected social
neurons). Hence, no stable global linear direction can
consistently separate social attributes in V.

Together, these findings explain why increasing the
weight on v systematically reduces measurable linear
bias through disrupting globally aligned attribute direc-
tions while introducing a controllable drop in general
performance.

D. Limitation and Future Work

While DEBIASLENS presents a transparent and effec-
tive approach for identifying and mitigating bias through
monosemantic social neurons, several limitations re-
main that open important directions for future research.
First, our method relies on the quality and coverage of
the existing SAE training data. Although our experi-
mental results demonstrate that the FairFace dataset is
sufficient for finding social neurons, they may underrep-
resent more subtle or culturally specific forms of bias.
This could potentially limit the granularity of the social
neurons. Also, the existing dataset does not currently in-
clude fine-grained social attribute labels, which limits its
ability to account for more inclusive and diverse demo-
graphic representations. Hence, we urge future works to
collect large-scale, demographically balanced, and glob-
ally diverse facial datasets that encompass overlooked or
underrepresented populations, enabling more robust and
inclusive debiasing.

Second, our intervention currently assumes that so-
cial attributes can be cleanly disentangled within a small
set of neurons. While this assumption held empirically,
complex or intersectional biases (e.g., age x gender x
race) may require more nuanced structures such as hi-
erarchical or multi-branch SAEs. Lastly, we focus on
neuron-level modulation and do not explicitly examine
how higher-level model components, such as image-text
alignments, interact with these social neurons. We leave
as future work to conduct systematic interventions that
adjust not only neuron activations but also the path-
ways through which bias propagates. We hope that
DEBIASLENS inspires future research toward building
fair, transparent, and socially responsible VLMs and
LVLMs.
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Table S9. Statistics of training and evaluation data. The table presents statistics for group labels for each social attribute across
the datasets used in this work. Note that every image includes one human or face, except for the SBBench evaluation dataset, which
includes two humans per image (female/male and young/old for the gender and age categories).

Dataset Train Eval Datasize Social bias attributes

Gender: Male (53%), Female (47%)

* Age:

0-2 2%)
3-9 (12%)
10-19 (11%)
20-29 (30%)
30-39 (22%)
40-49 (12%)
50-59 (7%)
60-69 (3%)
>70 (1%)

FairFace v 86,744

* Race:

White (19%)

Latino Hispanic (15%)
Indian (14%)

— East Asian (14%)

Black (14%)

Southeast Asian (12%)
Middle East Asian (11%)

Cocogender (& Cocogendertxt) v 12,454 Gender: Male (65%), Female (35%)
CelebA v 202,599  Gender: Male (43%), Female (58%)
Bias in Bios v 257,478  Gender: Male (54%), Female (46%)
SBBench-Syn v 206 Gender: Male (53%), Female (47%)
333 Age: Old (74%), Young (26%)
SBBench-Syn-Crop v 406 Gender: Male (45%), Female (55%)
511 Age: Old (69%), Young (31%)
¢ Gender: Male (50%), Female (50%)
* Age:
- 0-2(1%)
- 3-9(12%)
- 10-19 (11%)
. - 20-29 (31%)
FairFace v 10,324 — 30239 21%)
- 40-49 (12%)
- 50-59 (7%)
- 60-69 (3%)
- >70 (1%)
* Race: same ratios as training data
VLAGenderBias v 5,000 Gender: Male (50%), Female (50%)
SBBench v 3,094 Gender: Male (50%), Female (50%)

2,838 Age: Old (50%), Young (50%)




Original SB-Syn SB-Syn-Crop

Figure S6. Additional newly generated SBBench synthetic datasets. We synthesize images to test the effect of varying training
and probing datasets when training SAE for bias mitigation.
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Figure S7. Qualitative results of top retrieved images given neutral prompts. Our DEBIASLENS retrieves a fairer distribution
across genders compared to the original model (CLIP ViT-B/32).
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Figure S8. Qualitative results on responses to ambiguous visual questions. Our DEBIASLENS (right, skyeblue bars) tends to
respond more cautiously, favoring the option of “unknown,” whereas the baseline (InternVL2-8B, left, darkblue bars) more often
commits to definitive “yes” or “no” responses, despite the questions having no single correct answer.
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3

Sample Neuron 1

Sample Neuron 2

Figure S9. Additional top activating images per two social neurons across categories. Each social neuron corresponds to a
human-interpretable concept of a social bias attribute.
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East Asian South Asian
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Top Activating
Evaluation Images

Figure S10. Interpretable social neurons. We visualize the top activating training (top row) and evaluation (bottom row) images
for each social neuron labeled with two human-interpretable concepts.



Expansion Factor = 1

s .
- | \.
c AN
g2 S
o
g AN
ol
=
g o :
Lo
w o0 0.2 0.4 1.0
Threshold (1)

105 Expansion Factor = 1
ﬂg)100 [ e e e e "y
$ o5
2
% 90
= g

80

0.0 0.2 0.4 0.6

Threshold (1)

0.8 1.0

Figure S11.

Expansion Factor = 2

2 \ .
< \
1 .. Y
- \0
8 e e,
2 s
.és’dzsg/o>"o\'>g_. =3 0
00 02 04 06 08 10
Threshold (1)
105 Expansion Factor = 2
100 . 2
95
90
85
80
00 02 04 06 08 10

Threshold (1)

Expansion Factor = 4

/\.

.\.
/ -
~
N . o,
<8 g @ .
.é'z"°~3hi =Sa=a_:§,
00 02 04 06 08 10
Threshold (1)
Expansion Factor = 4
105 e R
F s =t SE g ~~e--0--0
100
95
90
85
80
00 02 04 06 08 10

Threshold (1)

Expansion Factor = 8

o ———
e N T e e S o
00 02 04 06 08 10

Threshold (1)

105 Expansion Factor = 8

100

95 [T IR S SRR SR SR TEYEEL EET T

90

85

80

0.0 0.2 0.4 0.6

Threshold (1)

0.8 1.0

Fairface (0)
Fairface (1)
Fairface (2)
Fairface (3)
Fairface (4)
Fairface (5)
Fairface (6)

—e - Fairface

Proportion of effective age neurons (top) and corresponding Max Skew scores (bottom) of CLIP (ViT-B/16)

image encoder. The expansion factor 8 shows the lowest bias scores across thresholds (0: 3-9, 1: 10-19, 2: 20-29, 3: 30-39, 4:

40-49, 5: 50-59, 6: 60-69).

;\;3 Expansion Factor = 1
0
5
52
)
=
ol
=
© o8
D0 eeime=d
b=
W 00 02 04 06 08 10
Threshold (T)

65 Expansion Factor = 1
2
D60 e eerman e e .
n NS
x \
Iss ‘c

50

00 02 04 06 08 10

Threshold (1)

Expansion Factor = 2

2.0
/ 2
15
1.0 — N
079\0/z>< \N \
0.5 4
o — e,

0o LA INATISGD,
00 02 04 06 08 10
Threshold (1)

65 Expansion Factor = 2
60 T
% \
[ R et \ K
- \

55 N
50

00 02 08 10

04 06
Threshold (1)

Expansion Factor = 4
o
\l
\l
N
&
ey
s —
y ~.>-<=>-.~,_<.(—.~==:'>'
00 02 04 06 08 10
Threshold (1)
65 Expansion Factor = 4
-
60
55
50

0.0 0.2 0.4

0.6
Threshold (1)

0.8

Expansion Factor = 8
-

—

—.—
—.—

§55._.;._. -

0.0 0.2 0.4 0.6 0.8 1.0
Threshold ()
65 Expansion Factor = 8
B S i Gl 3
60 e
o
55
50
00 02 08 1.0

0.4 0.6
Threshold (1)

Fairface (0)
Fairface (1)
Fairface (2)
Fairface (3)
Fairface (4)
Fairface (5)
Fairface (6)

—-e- Fairface

Figure S12. Proportion of effective race neurons (top) and corresponding Max Skew scores (bottom) of CLIP (ViT-B/16)
image encoder. The expansion factors 2 and 8 show the lowest and the most stable bias scores, respectively, across thresholds (0:
White, 1: Southeast Asian, 2: Middle Eastern, 3: Black, 4: Indian, 5: Latino Hispanic, 6: East Asian).

9 Expansion Factor = 1
w4
c
s L
e
[
=Z2 — /./' .
1
FRINSN \
80
k=
w 0.0 0.2 0.4 0.6 0.8 1.0
Threshold (T)
2 Expansion Factor = 1
- (P SR R

z 18 e . .
X 16
(2}
X 14
= 12

10

0.0

0.2

04 06
Threshold (t)

0.8 1.0

Expansion Factor = 2

4 p -
/ \.\ )
o —,
2 .. 2
\.\

0 0
00 02 04 06 08 10
Threshold (1)

2 Expansion Factor = 2
18
16
14
12
10
00 02 08 10

04 06
Threshold (t)

Expansion Factor = 4
v
. \0
.
\o
\0
\,‘.\v
0.0 0.2 0.4 0.6 0.8 1.0
Threshold (1)
2 Expansion Factor = 4
18
e e " S S e
14
12
10
0.0 0.2 0.8 1.0

0.4 0.6
Threshold (t)

Expansion Factor = 8

N
Ny

.
S
—e s

—

0.0 0.2 0.4 0.6

Threshold (1)
Expansion Factor = 8

0.8 1.0

20
18

16
14
12

10

0.0 0.2 0.8 1.0

0.4 0.6
Threshold (t)

Fairface (0)
Fairface (1)

—e - Fairface

Figure S13. Proportion of effective age neurons (top) and corresponding Max Skew scores (bottom) of CLIP (ViT-L/14@336)
image encoder. The expansion factors 4 and 8 show the lowest bias scores across thresholds (0: Male, 1: Female).
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image encoder. The expansion factor 8 shows the lowest bias scores across thresholds (0: 3-9, 1: 10-19, 2: 20-29, 3: 30-39, 4:
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Figure S16. Proportion of effective race neurons (top) and corresponding Max Skew scores (bottom) of CLIP (ViT-
L/14@336) image encoder. The expansion factors 2 and 8 show the lowest and the most stable bias scores, respectively, across
thresholds (0: White, 1: Southeast Asian, 2: Middle Eastern, 3: Black, 4: Indian, 5: Latino Hispanic, 6: East Asian).
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Figure S17. Proportion of effective gender (top), age (middle), and race (bottom) neurons of InternVL2-8B image encoder.
There is a similar trend of effective neuron proportions across expansion factors for different social attributes (Gender—0: Male, 1:
Female; Age—0: 3-9, 1: 10-19, 2: 20-29, 3: 30-39, 4: 40-49, 5: 50-59, 6: 60-69; Race—0: White, 1: Southeast Asian, 2: Middle

Eastern, 3: Black, 4: Indian, 5: Latino Hispanic, 6: East Asian).
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Figure S18. Proportion of effective gender (top), age (middle), and race (bottom) neurons of LLaVA-1.5-7b-hf image encoder.
There is a similar trend of effective neuron proportions across expansion factors for different social attributes (Gender—0: Male, 1:
Female; Age—0: 3-9, 1: 10-19, 2: 20-29, 3: 30-39, 4: 40-49, 5: 50-59, 6: 60-69; Race—0: White, 1: Southeast Asian, 2: Middle
Eastern, 3: Black, 4: Indian, 5: Latino Hispanic, 6: East Asian).
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Figure S19. Proportion of effective gender neurons of LLaVA-1.5-7b-hf (top), InternVL2-8B (middle), and LLaVAOneVision
(bottom) image encoder. There is a similar trend of effective neuron proportions across expansion factors for different models,
even when trained and probed with synthetic datasets (0: Male, 1: Female).
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Figure S20. Proportion of effective age neurons of LLaVA-1.5-7b-hf (top), InternVL2-8B (middle), and LLaVAOneVision
(bottom) image encoder. There is a similar trend of effective neuron proportions across expansion factors for different models,
even when trained and probed with synthetic datasets (0: Old, 1: Young).
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