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Abstract

Ensuring fairness in social survey simulation
is critical, as biased outputs can misrepresent
underrepresented groups. This issue is growing
as large language models (LLMs) are increas-
ingly used for this task. However, standard fine-
tuning based on Empirical Risk Minimization
(ERM) often under-optimizes minority groups,
causing substantial subgroup disparities. Dis-
tributionally robust Optimization (DRO) meth-
ods reduce worst-case errors, but their strict
worst-case selection can lead to noisy and un-
stable optimization under demographic sparsity.
These issues create intertwined challenges for
fairness, convergence and stability. We propose
SAFO, a dynamic utility—fairness optimization
framework for LLM-based survey simulation
that explicitly targets both fairness and training
stability. SAFO combines (i) an Optimizer that
preserves mean-loss utility, (ii) an Adversary
that performs temperature-controlled, EMA-
smoothed and loss-driven group reweighting,
and (iii) a Nash-inspired Regulator that adap-
tively adjusts the utility—fairness trade-off by
tracking weak-group gains and collateral util-
ity damages. Experiments on three large-scale
survey datasets from China, the U.S., and Eu-
rope show that SAFO consistently improves
minority performance and social-welfare met-
rics. It reduces worst-group gaps by up to
12.7%, maintains overall accuracy with a mean
change of less than 0.3% and lowers variance
across random seeds. Our code is available at
https://github.com/PilLab-ZJU/SAFO.

Introduction

Social survey simulation plays an important role in
policy evaluation (Brown and Harding, 2002; Mc-
Daniel et al., 1988), risk prediction (Smith et al.,
2009; Lorig et al., 2021) and economic forecast-
ing (Ballas and Clarke, 2001; Benczur et al., 2018).
These simulations help researchers and policymak-
ers understand how different groups respond to
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social change, informing equity-related decision-
making (Garson, 2009; Atkinson et al., 2015). Re-
cently, large language models (LLMs) have been
used to simulate survey responses across demo-
graphic groups by conditioning on survey questions
and respondent profiles (Yao et al., 2025; Anthis
et al.; Suh et al., 2025; Kirk et al., 2024). However,
biased social survey simulation outputs can mis-
lead subgroup inferences and disproportionately
harm vulnerable populations, raising critical con-
cerns about fairness and creating challenges for
convergence and stability.

The fairness challenge arises primarily from
the use of standard Empirical Risk Minimization
(ERM), which optimizes the mean loss across all
training samples (Vapnik, 1991; Qu and Wang,
2024). Under imbalanced data distributions com-
monly found in social surveys (Hammersley and
Gomm, 1997; Suchman, 1962), ERM inherently
favors majority groups because underrepresented
groups contribute less to the mean loss and there-
fore receive weaker gradient updates during train-
ing (Donini et al., 2018; Leqi et al., 2019). Con-
sequently, these minority groups often become the
worst-performing groups at inference time (Donini
et al., 2018; Ghosal and Li, 2023). As shown in Fig-
ure 1 (Left Bottom), ERM exhibits the largest accu-
racy gap between majority and minority groups. To
mitigate such disparities, Distributionally Robust
Optimization (DRO) methods, including CVaR-
DRO (Levy et al., 2020) and Group-DRO (Sagawa
et al., 2019), have been proposed to explicitly opti-
mize worst-group performance. As shown in Fig-
ure 1 (Left Bottom), Group-DRO indeed reduces
the fairness gap compared to ERM.

While DRO methods improve fairness, they in-
troduce new convergence and stability challenges
under group sparsity. Aggressively upweighting
the current worst-loss group amplifies gradient
noise from sparse minority samples, causing mi-
nority losses to oscillate substantially throughout
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Figure 1: Mitigating fairness gaps and training instability in LLM-based social survey simulation (CGSS; sensitive
attribute: age). (Left Top) Conceptual illustration of how biased survey simulation can misrepresent minority views
and propagate to downstream decisions. (Left Bottom) Accuracy gap between the majority group (50-65, 73.43%)
and minority groups. Lower values indicate better fairness. Percentages in parentheses indicate group proportions.
(Right) Training dynamics comparison between Group DRO and SAFO. (Right Top) Training loss trajectories for
the minority group (18-35, red) and majority group (50-65, black), with shaded regions indicating variance across
seeds. (Right Bottom) Relative seed variability that normalized by mean loss throughout training. ERM exhibits the
largest fairness gap under imbalanced data, while Group DRO reduces the gap but often shows unstable training

dynamics. SAFO achieves smaller gaps with smoother convergence and lower seed variability.

training rather than converging smoothly (Figure 1,
Right Top). Such oscillatory training dynamics
also make performance highly sensitive to random
seeds, complicating checkpoint selection and re-
ducing reproducibility (Figure 1, Right Bottom).
In realistic survey simulation, individuals may be
characterized by multiple sensitive attributes (e.g.,
age, gender, income). Treating every attribute com-
bination as a separate group can quickly lead to
very sparse groups, which amplifies optimization
noise. Moreover, existing worst-case approaches
typically lack an adaptive mechanism to prevent
fairness gains from incurring excessive degradation
in overall utility, leading to undesirable trade-offs.

To address these challenges, we propose Stable
Adaptive Fairness Optimization (SAFO), a dy-
namic utility-fairness optimization framework for
LLM-based social survey simulation. SAFO orga-
nizes training around adversarial group reweight-
ing with adaptive regulation, consisting of three
interacting components: an Optimizer, an Adver-
sary, and a Regulator. The Optimizer preserves
overall utility by minimizing mean loss, the Adver-
sary adaptively emphasizes underperforming de-
mographic groups to reduce group-level disparities,
and the Regulator stabilizes their interaction by
controlling adversarial pressure.

To promote fairness, the Adversary identifies the
current worst-loss group (often a minority group
in imbalanced settings) and upweights its samples
via temperature-scaled softmax, increasing their
influence during training. To scale across multi-
ple sensitive attributes, it estimates group losses
in an attribute-wise manner and aggregates the re-
sulting weights across attributes, avoiding explicit
enumeration of all group combinations.

To ensure convergence and stability, SAFO com-
bines adaptive group-level loss estimation with dy-
namic regulation. The Adversary uses an EMA-
based temporal smoothing to filter out noisy gra-
dient signals from sparse minority-group samples,
providing more reliable loss estimates and miti-
gating oscillatory training dynamics. Meanwhile,
the Regulator dynamically modulates the utility-
fairness trade-off based on a Nash-inspired rule
that tracks minority gains (reductions in worst-
group loss) and collateral damage (increases in
mean loss). These components mitigate oscillatory
training dynamics, prevent excessive degradation
of overall utility, and produce consistent perfor-
mance across training steps and random seeds.

Experiments on three large-scale survey datasets
(CGSS, GSS, and ESS) with two backbone LLMs
(Llama-3.1-8B and Qwen2.5-7B) demonstrate the
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effectiveness of SAFO. SAFO reduces worst-group
gaps by up to 12.7%, without hurting overall utility
(mean accuracy change <0.3%) and with substan-
tially lower seed-level variance. Together, as shown
in Figure 1, SAFO achieves the smallest accuracy
gap (best fairness) while maintaining smooth con-
vergence and low variability throughout training.

Our contributions are summarized as follows:

e We propose SAFO, a dynamic utility-fairness
framework for LLM-based social survey simulation
that balances overall utility and fairness.

e SAFO leverages adaptive reweighting across
sensitive attributes, EMA-smoothed group losses,
and a dynamic Nash-inspired regulator to address
fairness, convergence and stability.

o Extensive experiments on multiple survey sim-
ulation benchmarks show SAFO improves minority
performance while maintaining overall utility, with
smooth loss trajectories and low variability.

Related Work

Fairness in LLM-based Social Simulation

Survey simulation has long supported applica-
tions such as policy evaluation (Brown and Hard-
ing, 2002; McDaniel et al., 1988), risk predic-
tion (Smith et al., 2009; Lorig et al., 2021), and
economic forecasting (Ballas and Clarke, 2001;
Benczdr et al., 2018). Recently, large language
models (LLMs) have emerged as a promising ap-
proach for simulating survey responses across de-
mographic groups by conditioning on questions
and respondent profiles (Yao et al., 2025; Anthis
et al.; Suh et al., 2025; Kirk et al., 2024). These
methods often adopt Empirical Risk Minimization
(ERM) as the standard training objective (Vapnik,
1991; Bengio et al., 2003; Radford et al., 2018).
While ERM can achieve competitive overall accu-
racy, it tends to prioritize majority patterns (Donini
etal., 2018; Leqi et al., 2019; Ghosal and Li, 2023).
Underrepresented groups with fewer samples con-
tribute less to the mean loss, receive weaker gra-
dient updates, and are often the worst-performing
groups at inference (Donini et al., 2018; Ghosal
and Li, 2023). Structural imbalances in survey col-
lection (Hammersley and Gomm, 1997; Suchman,
1962), such as lower response rates, sampling bias,
or accessibility barriers (Lagana et al., 2013; Bailer
et al., 2022), amplify this issue. As a result, op-
timizing average performance does not guarantee
group-level fairness, motivating research on fair-
ness interventions.

Distributionally Robust Optimization

Distributionally Robust Optimization (DRO) pro-
vides an in-processing framework for group-level
fairness by minimizing worst-case loss across sub-
populations (Sagawa et al., 2019; Levy et al.,
2020; Ghosal and Li, 2023), unlike ERM which
minimizes mean loss. Empirical studies show
that Group DRO improves worst-group accuracy
(Sagawa et al., 2019), and scalable algorithms
achieve gradient complexity independent of train-
ing set size (Levy et al., 2020). Beyond standard
DRO, extensions include ensemble-based meth-
ods (To et al., 2025), preference alignment target-
ing worst-case group performance (Ramesh et al.,
2024), and social welfare frameworks allowing con-
trollable utility-fairness trade-offs (Rahmattalabi
et al., 2021). Recent work also distinguishes de-
scriptive, normative, and correlation-based fairness
benchmarks, each calling for tailored mitigation
strategies (Wang et al., 2025). However, DRO train-
ing can be unstable under sparse groups, and most
formulations assume few predefined groups; in re-
alistic surveys, multiple sensitive attributes create
combinatorial group growth, exacerbating instabil-
ity. These challenges motivate SAFO, which sta-
bilizes worst-group optimization via attribute-wise
decomposition and adaptive regulation.

Methodology

We propose Stable Adaptive Fairness Optimiza-
tion (SAFO), a dynamic utility-fairness framework
achieves both fair and stable optimization for LLM-
based social survey simulation. Our framework
consists of three components: an Optimizer that
minimizes mean loss to preserve overall utility, an
Adversary that performs loss-driven reweighting to
emphasize high-loss groups, and a Regulator that
adaptively modulates the utility-fairness trade-off
strength via Nash-inspired mechanism.

Optimizer: Mean Minimization

The Optimizer minimizes mean loss to preserve
overall prediction utility in social survey simula-
tion. Let D = {(z®, y® g@)}N  denote a social
survey simulation dataset, where 2@ is the input
prompt, 3 is the target response, and g() denotes
the demographic attribute profile (provided as text
descriptors) associated with sample i. ¢(*) can be
deFomposed as (g((i)), g((;)), s g((g)), where each
gE;)) corresponds to one attribute dimension (e.g.,
age, gender, income). We condition the model on
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g™ by defining :U( ) = 20 @ ¢, where @ de-
notes the concatenation of the prompt with group
attributes (Appendix K). Notably, the same base
prompt x may appear across different attribute pro-
files g, reflecting that identical survey questions
can elicit group-dependent responses.

In supervised fine-tuning, given a model fam-
ily ©, the Optimizer aims to find a model § € ©
that minimizes the expected mean loss. Specifi-
cally, we adapt a pretrained language model to the
social survey simulation task, obtaining a condi-
tional language model 7y (y | x4) that defines the
probability of the response sequence y given the
attribute-augmented prompt x,. For each sample ¢,
the cross-entropy loss is defined as:

4( ,T‘Z&:E(wa Clafiys?)

where 7; denotes the set of valid token positions
(excluding padding) and j indexes the token po-
sition. At each training step t, let 3; denote the
mini-batch of samples. The utility objective fol-
lows Empirical Risk Minimization (ERM), which
minimizes the average loss over the current batch:

\Bt| ZE @

Adversary: Minority Protection

ﬁopet

Due to imbalanced group sizes in social survey
data, direct empirical loss estimates can be high-
variance for minority groups. The Adversary ad-
dresses this by focusing on identifying the worst-
loss group and upweights its samples to ensure mi-
nority groups receive sufficient optimization. For
attribute dimension a € {1, ..., A}, let G, denote

the set of possible values of g((;)) observed in D,

with GPateh(t) C G, denoting the groups present
in the current batch at step ¢. Let ng 4(t) denote
the cumulative sample count for group g € G, up
to step ¢. Firstly, Adversary estimates group-level
losses within each attribute separately via adaptive
EMA (Exponential Moving Average), then com-
putes soft attention weights through temperature-
scaled softmax to focus on higher-loss groups, and
finally aggregates across attributes. Formally, the
adaptive EMA decay rate is defined as:

Nscale
Nscale + Na,g (t)

y Omin; ®max | »

3)

Qq4(t) = clip (

where Ngc,le 1S a scaling constant, and qyyin, Omax
bound the decay rate. This design ensures that
groups with fewer samples use larger decay rates
(relying more on historical estimates), while groups
with abundant samples adapt more quickly to recent
observations. For each group g € G,, we maintain
an exponential moving average of its loss. Let
ﬁBf;fCh(t) denote the empirical mean loss for group
g (under attribute dimension a) in the current batch
at step t. The EMA (Theorem 3) is updated as:

Lag(t) = dag(t) Lag —ag(t))- £2agmh(t)~

“4)
If group g does not appear in the current batch (i.e.,
g ¢ GPh (1)), wekeep Lo 4(t) = L4 4(t—1) and
Na,g(t) = ngq,qg(t—1). For each attribute dimension
a with |GP#°h(#)| > 2 groups present in the batch,
we compute soft attention weights via temperature-

scaled softmax over the EMA losses:

exp (Lag(t)/7)
Zgleg}l)atch( t) exp (

(t—1)+ (1

g (t) = )

g (B/7)’

where 7 > 0 is the temperature hyperparameter
controlling the sharpness of the distribution. Lower
temperatures concentrate weight on higher-loss
groups, approximating worst-group optimization
and prioritizing minority groups that typically ex-
hibit higher losses (Theorem 1). The overall Ad-
versary objective averages across all participating
dimensions A (t) = {a : |GP¥(¢)| > 2}:

Laa(6;1) gs® (1) L2 ().

DYDY

a€A+ (t) qegb'"d (t)
(6)
If AT (t) = (), we set Laq(0;t) = 0 and keep ¢
unchanged.

Regulator: Nash-inspired Mechanism

The Regulator dynamically adjusts the trade-off be-
tween utility and fairness through a Nash-inspired
adaptation mechanism. The SAFO loss is moti-
vated by multi-objective optimization theory that
minimizers of such weighted combinations corre-
spond to locally Pareto-optimal solutions under
suitable conditions (Theorem 4 and Remark 3):

ﬁSApo(e; t) = (1—)\,5) 'ﬁop(e; t) +>\t‘£Ad(9; t),

(N
where \; € [Amin, Amax| controls the utility-
fairness trade-off. To adaptively modulate \;, the
Regulator maintains a Nash-inspired mechanism

that tracks whether fairness enforcement yields net
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benefit. For each participating attribute dimen-
sion a € A*(t), it computes weak-group gain
Aeak (t) (reduction in worst-group loss) and col-
lateral damage A,y (¢) (increase in average loss)
(see Appendix B for details). The conflict coef-
ficient is updated multiplicatively and clipped to

P\mim )\max]:
>\t+1 = Chp (>\t * Vi )\mim )\max) , (8)

where v = 'yéli(t) . 'yg(l_h(t)) and I,(t) =
I[A(t) > Tn - Aweak ()] - []Aweax () > 0]. This
trade-off—aware rule reduces \; (via yq4 < 1) when
collateral damage exceeds scaled weak-group gain,
and increases it (via 7, > 1) otherwise. The Nash
tolerance ratio vy, > 0 controls the acceptable trade-
off between fairness gain and utility loss.

Experiment

Datasets

We evaluate SAFO on three social survey datasets:
CGSS (China), GSS (U.S.) and ESS (Europe), cov-
ering diverse demographics and survey topics. To
avoid accidental overlap between training and eval-
uation, we use a strict test set following Lin et al.
(2025). Detailed definitions of the held-out condi-
tions are provided in Appendix C, and the corre-
sponding task prompts are listed in Appendix K.

Baselines

We compare SAFO against four representative
training paradigms: ERM (Vapnik, 1991), KL (Suh
et al., 2025), CVaR DRO (Levy et al., 2020), and
Group DRO (Sagawa et al., 2019), using two LLMs:
Owen2.5-7B-Instruct (Yang et al., 2024; Team,
2024) and Llama-3.1-8B-Instruct (Dubey et al.,
2024). Results on Mistral-7B-Instruct-v0.3 and two
additional baselines, FairDRO (Park et al., 2025)
and ROAD (Gerari et al., 2023), are in Appendix I.
Implementation details are in Appendix D.

Metrics

We evaluate model performance from three per-
spectives. For utility, we report Accuracy to
measure overall prediction quality. For fairness,
we adopt Wasserstein Distance, Worst Group Per-
formance, CV, Gini Coefficient, and Nash Wel-
fare to quantify group-level performance disparity
and equitable optimization. Worst-Group Perfor-
mance targets minority protection directly; Wasser-
stein/CV/Gini characterize overall disparity; Nash
Welfare reflects balanced gains across groups rather

than improving only the worst case. For stability,
we report standard deviation (std) across 3 random
seeds, shown as & values in tables. Detailed metric
definitions are provided in Appendix E.

Setup

We implement SAFO based on LLaMA-
Factory (Zheng et al., 2024) and conduct
experiments on 8 NVIDIA H20 GPUs. All models
are fine-tuned using LoRA (r = 8) with AdamW
optimizer, cosine scheduler, learning rate 1 x 102,
warmup ratio 0.1, batch size 64 per device, and
bfloat16 precision for 1.5 epochs that can stable
convergence. For SAFO, we initialize Ay = 0.5
with dynamic range [0.2, 0.8], adjustment factors
g = 1.005, 74 = 0.995, Nash threshold ,, = 1.0,
softmax temperature 7 = 1, and adaptive EMA
with Ngeae = 1000, o« € [0.1,0.9]. Baselines
follow original configurations: CVaR DRO uses
a = 0.2 (Levy et al., 2020) and Group DRO uses
ng = 0.01 (Sagawa et al., 2019). All experiments
are repeated across 3 seeds and report mean = std.
Additional details are in Appendix F.

Results

Table 1 presents the results across three datasets
and two backbone models. We summarize findings
in terms of utility, fairness, and stability. SAFO
matches or surpasses ERM in accuracy in almost all
configurations, while consistently improving group-
level fairness. Compared to ERM, SAFO reduces
Wasserstein Distance by 2.9%—-16.4%, lowers CV
by 6.9%-17.3%, and decreases Gini Coefficient
by 7.9%-16.0% across datasets and backbones.
Notably, SAFO attains the best Worst-Group Per-
formance in all configurations. Relative to ERM,
it improves this metric by 1.6%-8.2%, indicating
stronger protection for disadvantaged subpopula-
tions. Nash Welfare also consistently favors SAFO,
suggesting more balanced gains across groups.

Although KL sometimes achieves competitive
Wasserstein Distance, it incurs very high CV and
Gini coefficients, showing that optimizing distribu-
tional alignment alone does not ensure equitable
performance. DRO baselines also show subopti-
mal utility—fairness trade-offs. CVaR DRO often
causes large utility drops without improving worst-
group outcomes. Group DRO can reduce some
disparity metrics, but may trade off accuracy and
Worst-group gains.

The standard deviation values (shown as + in
Table 1) reveal that SAFO achieves remarkably
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Dataset Model Method Accuracy Wasserstein Dist. Worst Group Perf. Cv Gini Nash Welfare
ERM 0.3590 + 0.0050  0.0201 + 0.0014 0.3212 £ 0.0074  0.0666 + 0.0064 0.0349 £ 0.0035 0.3484 + 0.0016
Llama KL 0.0086 + 0.0054  0.0178 + 0.0057 0.0062 + 0.0035  0.7057 + 0.0730  0.3559 £ 0.0329 0.0142 + 0.0078
CVaR DRO | 0.2569 + 0.0070  0.0174 + 0.0020 0.2372 £ 0.0070  0.0813 + 0.0090  0.0395 =+ 0.0050  0.2690 + 0.0110
cGss Group DRO | 0.3529 £ 0.0047 0.0172 £ 0.0022 0.3123 4+ 0.0055 0.0587 + 0.0079  0.0306 £ 0.0042  0.3354 £ 0.0045
SAFO 0.3612 + 0.0047  0.0168 -+ 0.0003 0.3262 + 0.0034 0.0590 + 0.0036  0.0301 + 0.0021 0.3518 + 0.0016
ERM 0.3669 + 0.0067  0.0212 + 0.0013 0.3119 £ 0.0098  0.0745 + 0.0037 0.0382 £ 0.0023  0.3446 + 0.0054
Qwen KL 0.0795 4+ 0.1247  0.0211 +£ 0.0062 0.0690 + 0.1106 0.3902 + 0.2834 0.2021 £+ 0.1470  0.0793 £ 0.1209
CVaR DRO | 0.2399 £+ 0.0100  0.0278 £ 0.0032 0.2201 £+ 0.0054 0.0844 + 0.0151 0.0435 £ 0.0064 0.2558 £ 0.0161
Group DRO | 0.3546 + 0.0061  0.0210 = 0.0016 0.3086 + 0.0106  0.0749 +0.0084  0.0385 £ 0.0054  0.3412 + 0.0054
SAFO 0.3733 +0.0013  0.0201 + 0.0012 0.3225 +0.0047  0.0694 + 0.0037 0.0352 + 0.0022  0.3556 + 0.0022
ERM 0.4077 +0.0078  0.0349 + 0.0017 0.3538 £ 0.0170  0.1100 + 0.0053  0.0496 £ 0.0046  0.3950 + 0.0256
Llama KL 0.0346 + 0.0084  0.0338 + 0.0015 0.0283 +0.0066  0.4731 +0.0529 0.2385 £ 0.0222  0.0541 + 0.0041
CVaR DRO | 0.3215 £ 0.0081  0.0341 +£ 0.0029 0.2543 4+ 0.0200 0.1417 £ 0.0065 0.0645 £ 0.0029 0.2806 £ 0.0262
ESS Group DRO | 0.4060 £ 0.0078  0.0412 + 0.0054 0.3356 + 0.0379 0.1359 + 0.0231 0.0597 £ 0.0121  0.3682 + 0.0465
SAFO 0.4150 + 0.0075  0.0339 + 0.0014 0.3782 +0.0083  0.1001 + 0.0065 0.0454 + 0.0022  0.4179 + 0.0012
ERM 0.4435 +0.0011  0.0372 £ 0.0023 0.3606 + 0.0312 0.1162 +0.0111  0.0510 4 0.0032  0.3957 £ 0.0314
Qwen KL 0.3139 +0.0076  0.0269 + 0.0117 0.2554 + 0.0125 0.1137 +0.0387 0.0530 £ 0.0144 0.2805 £ 0.0186
CVaR DRO | 0.3083 £ 0.0039  0.0410 + 0.0023 0.2346 £ 0.0146  0.1603 £ 0.0192  0.0716 £ 0.0090  0.3006 + 0.0255
Group DRO | 0.4232 +0.0028  0.0375 + 0.0039 0.3529 £0.0233  0.1197 £0.0082 0.0535 £ 0.0016 0.3898 + 0.0288
SAFO 0.4395 + 0.0009  0.0348 + 0.0013 0.3902 + 0.0116 ~ 0.1035 + 0.0082  0.0464 + 0.0031  0.4231 + 0.0088
ERM 0.4362 +0.0040  0.0207 + 0.0016 0.3798 £ 0.0160  0.0601 + 0.0067 0.0325 £ 0.0037 0.4194 + 0.0071
Llama KL 0.0451 +0.0055  0.0350 + 0.0045 0.0393 +0.0013 0.4226 + 0.0237 0.2163 £ 0.0099 0.0863 £ 0.0069
CVaR DRO | 0.3029 £+ 0.0079  0.0211 £+ 0.0019 0.2570 4+ 0.0080 0.0913 + 0.0062 0.0478 £ 0.0033  0.2885 £ 0.0078
GSS Group DRO | 0.4300 &+ 0.0041  0.0212 + 0.0022 0.3798 £ 0.0089  0.0598 + 0.0076  0.0318 £ 0.0037 0.4219 + 0.0076
SAFO 0.4384 + 0.0039  0.0176 + 0.0012 0.3912 +0.0013  0.0497 + 0.0037 0.0273 £ 0.0019  0.4256 + 0.0062
ERM 0.4401 £ 0.0055  0.0216 + 0.0018 0.3733 £ 0.0193 0.0662 + 0.0068 0.0350 £ 0.0039 0.4180 =+ 0.0085
Qwen KL 0.0176 + 0.0095  0.0183 + 0.0061 0.0102 £0.0073  0.6165 +0.1486  0.3213 £ 0.0724  0.0235 + 0.0169
CVaR DRO | 0.3282 £ 0.0060  0.0204 + 0.0026 0.3071 £0.0079  0.0737 £ 0.0072  0.0390 £ 0.0036  0.3415 + 0.0134
Group DRO | 0.4416 + 0.0081  0.0219 + 0.0013 0.3751 £0.0036  0.0665 + 0.0040 0.0351 £ 0.0018 0.4150 + 0.0063
SAFO 0.4457 +0.0051  0.0197 + 0.0012 0.3811 + 0.0039  0.0602 + 0.0109 0.0317 + 0.0016  0.4252 + 0.0056

Table 1: Performance comparison across datasets and models. Bold: best metric value; underline: smallest
standard deviation. Arrows indicate optimization direction: Accuracy (1), Worst Group Perf. (1), Nash Welfare (1);

Wasserstein Dist. (1), CV ({), Gini ({).

stable performance across random seeds, often at-
taining the smallest standard deviation for most
metrics. This stability is crucial for reliable model
deployment in social science applications. In con-
trast, Group DRO exhibits substantial variability
(e.g., 0.0379 std for Worst-Group Performance on
ESS-Llama), confirming the training instability ob-
served in Figure 1. These results validate that
SAFO successfully addresses the utility—fairness
trade-off: it improves group-level fairness without
sacrificing utility, while maintaining stable opti-
mization across different random seeds. SAFO
reduces worst-group gaps by up to 12.7% versus
Group DRO, without hurting overall utility (mean
accuracy change <0.3%) and with substantially
lower seed-level variance. Overall, SAFO con-
sistently improves fairness while preserving utility
and stability.

Discussion

Ablation Test

To isolate the contribution of each SAFO compo-
nent, we conduct ablation experiments on the GSS
dataset using Llama-3.1-8B. Figure 2 presents re-

sults across all six metrics.

Replacing temperature-scaled soft weighting
with hard maximum selection (w/o DRO) degrades
most metrics, confirming that soft weighting pro-
vides more accurate predictions than discrete group
selection. Removing EMA-based loss estimation
(w/o EMA) causes the largest stability drop. As
seen in Theorem 3, adaptive EMA provides reli-
able minority loss estimates by increasing effective
sample size for sparse groups (from Lemma 2), ef-
fectively providing smoother gradient signals. Fix-
ing Ay = 0.5 throughout training (w/o Nash) yields
competitive accuracy but suboptimal fairness; the
Nash welfare decreases from 0.426 to 0.419. A
static trade-off coefficient cannot adapt to changing
training dynamics, whereas our adaptive regulation
adjusts the trade-off strength based on weak-group
gain and collateral damage, leading to a more fa-
vorable utility-fairness trade-off over training.

Overall, the full SAFO framework achieves the
best performance across all metrics, demonstrating
that its three components synergistically balance
utility, fairness, and training stability.
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Figure 2: Ablation test of SAFO. We compare the full
SAFO framework against three ablated variants: w/o
DRO, w/o EMA, and w/o Nash. Error bars indicate
standard deviation across 3 random seeds. Stars mark
the best performance. SAFO achieves the best results
across all six metrics.

Parameter Sensitivity

We assess parameter sensitivity analysis of the
Nash threshold =, and adversary temperature 7
(Figure 3). Setting v, = 1.0 yields the best trade-
off, achieving the highest Nash social welfare with
competitive accuracy. Performance varies non-
monotonically with 7: intermediate values (= 0.5)
degrade results, while both low (< 0.3) and high
(1.0) temperatures perform well. We therefore rec-
ommend v, = 1.0 and 7 € 0.1, 1.0 as default set-
tings; further details are provided in Appendix H.

Fairness Across Demographic Groups

Figure 4 presents a comprehensive comparison of
prediction accuracy across demographic subgroups,
with the right panel showing seed variance (std).
Within each attribute, subgroups are sorted by sam-
ple size in descending order from top to bottom,
with minority groups (i.e., those with fewer sam-
ples) positioned at the bottom.

First, ERM shows clear degradation on minority
sub-groups. For instance, in the Income category,
ERM achieves only 0.23 accuracy for the $6,000-
$6,999 group and 0.30 for the $3,000-$3,999 group,
substantially lower than its performance on major-
ity groups such as $25,000 or more (0.44). This
disparity highlights ERM’s inherent bias toward
majority classes during optimization. Second, both

Accuracy Nash Social Welfare

0.4425 0.430 7

0.4400 0.425 4
0.4375 -
0.420 1
0.4350

0.4325 - 0.415 1

T T

015 110 115 210 0.5 1T0 1T5 2.0
Nash Threshold Nash Threshold

0.445 A 0.430 1

0.440 | 0.425

0.435 0.4201

0.41514
0.430 -

0.410 1
02 04 06 08 1.0 02 04 06 08 1.0
Adversary Temperature Adversary Temperature

Figure 3: Parameter sensitivity analysis showing the
impact of Nash threshold (top) and adversary tempera-
ture (bottom) on accuracy (left) and Nash social welfare
(right). Error bars indicate standard deviation across
multiple runs. The model demonstrates stable perfor-
mance across a wide range of parameter settings.

ERM and Group DRO demonstrate considerable
instability, as evidenced by the standard deviation
heatmap in the right panel. The deep red mark-
ers indicate high variance across random seeds,
particularly for low-resource subgroups. This pat-
tern reflects group sparsity: ERM is noisy on mi-
nority subgroups with limited support, and Group
DRO can be variable because standard worst-group
reweighting is sensitive to noisy group-loss esti-
mates.

In contrast, SAFO consistently achieves higher
accuracy with notably lower variance across all
demographic subgroups and narrows the accuracy
gap between majority and minority groups. This
advantage becomes even more pronounced under
intersectional sparsity, with full comparisons re-
ported in Appendix J. This empirical observation
aligns with our theoretical guarantee (Theorem 7):
starting from an approximate ERM solution, the
SAFO update direction strictly decreases worst-
group risk when the fairness gap is non-negligible,
highlighting its effectiveness in jointly improving
accuracy and fairness.

Model Scaling

Figure 5 analyzes fairness performance trade-
offs across model scales (0.5B—14B). While ac-
curacy generally improves with scale for all meth-
ods, fairness exhibits method-dependent and non-
monotonic behavior. ERM shows little fairness
improvement from scaling and can even worsen
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Figure 4: Subgroup accuracy comparison across three
methods. Left: mean accuracy + std; right: standard de-
viation heatmap (per-category normalized). Subgroups
are sorted by sample size within each attribute. SAFO
demonstrates consistently higher accuracy and lower
variance across demographic groups.

disparity, indicating that increased capacity alone is
insufficient. Group DRO displays unstable scaling,
with fairness metrics fluctuating across model sizes.
In contrast, SAFO consistently achieves lower dis-
parity than both baselines and benefits more reli-
ably from increased capacity. Overall, SAFO scales
gracefully, converting increased capacity into mea-
surable fairness gains without sacrificing accuracy.

Convergence and Stability

Figure 6 and Figure 7 in Appendix G compares
training dynamics across demographic attributes.
Group DRO exhibits high loss oscillations and vari-
ance spikes for minority groups (e.g., 18-35 age
group at 2.1%), reflecting the instability of hard
worst-group selection under sparse samples. In
contrast, SAFO converges smoothly, with losses
for both minority and majority groups decreasing
steadily. This stability is consistent across settings

—— ERM Group DRO  —4&— SAFO
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Figure 5: Comparison of ERM, Group DRO, and SAFO
across model scales (0.5B-14B). SAFO achieves better
fairness metrics (lower Wasserstein, CV, Gini) while
maintaining comparable accuracy and higher Nash So-
cial Welfare. Error bars denote standard deviation.

(the smooth convergence behavior is consistent
with Theorem 6): in the ablation study (Figure 2),
SAFO shows smaller error bars than its variants;
subgroup analysis (Figure 4) indicates uniformly
low variance across demographics; and scaling ex-
periments (Figure 5) confirm stability from 0.5B
to 14B parameters. Along with the lowest standard
deviations in Table 1, these results demonstrate
SAFQ’s robustness for reliable deployment.

Conclusion

Unstable and biased social survey simulation can
systematically misrepresent underrepresented mi-
nority groups, leading to distorted analyses and
harmful conclusions for vulnerable populations.
We propose SAFO, a dynamic utility-fairness opti-
mization framework for LLM-based social survey
simulation. SAFO consists of three components:
an Optimizer that minimizes mean loss to preserve
overall utility, an Adversary that emphasizes high-
loss (often underrepresented) groups through adap-
tive EMA-based reweighting, and a Regulator that
adaptively modulates the utility-fairness trade-off
strength via a Nash-inspired mechanism. Exten-
sive experiments on three survey datasets demon-
strate that SAFO improves minority performance
while maintaining competitive accuracy and stable
training dynamics across random seeds, support-
ing more robust survey simulation for downstream
social analysis in equity-sensitive settings.
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Limitation

While this work demonstrates the effectiveness of
SAFO across three large-scale survey datasets cov-
ering diverse countries and cultural contexts, sev-
eral limitations remain. First, our evaluation is
confined to social survey data; extending SAFO to
additional domains such as healthcare, education,
or labor-market surveys would further assess its
robustness and generalizability. Second, the be-
havior of SAFO on larger frontier models remains
unexplored and warrants investigation as compu-
tational resources become available. Third, the
current framework is tailored to multiple-choice
survey simulation; adapting SAFO to open-ended
text generation and free-form response modeling
is a natural and important direction for future re-
search. Finally, our fairness objective primarily
emphasizes minority-group performance. Incorpo-
rating alternative or complementary fairness crite-
ria could further broaden the applicability of SAFO
to real-world decision-making settings.

Ethical Considerations

This work aims to improve fairness in social survey
simulation, which carries both benefits and risks.
On the positive side, fairer simulations can lead
to more equitable policy evaluations and reduce
harm to underrepresented populations. However,
we acknowledge several ethical considerations.

First, survey simulation models, even when fair,
should not replace genuine human participation in
democratic processes. These tools are intended to
complement, not substitute, real survey data collec-
tion. Second, the definition of fairness adopted in
this work (minority performance) represents one of
many possible fairness criteria; different applica-
tions may require alternative formulations based on
stakeholder values. Third, demographic attributes
used for group partitioning are socially constructed
and may not capture the full complexity of individ-
ual identities. Fourth, malicious actors could po-
tentially misuse simulation tools to fabricate public
opinion or manipulate policy decisions.

We encourage practitioners to deploy such sys-
tems transparently, with appropriate human over-
sight, and to clearly communicate that outputs are
simulated rather than actual survey responses. All
datasets used in this study are publicly available
academic survey datasets collected with informed
consent and appropriate ethical approvals by their
original institutions.
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A Theoretical Analysis of SAFO

A.1 Preliminaries and Notations

Let X denote the input space, ) the output space, and A = {1,..., A} the set of attribute dimensions
(e.g., age, gender, income). For each attribute dimension a € A, let G, denote the set of possible group
values, with |G,| = K,.

Remark 1 (Simplification for Theoretical Analysis). To streamline the theoretical presentation while
preserving the essential structure, we focus on a single attribute dimension a in most derivations. The
results extend naturally to the multi-attribute setting by averaging across a € A (t) as specified in the
methodology. When the attribute dimension is clear from context, we may omit the subscript a for brevity,

writing G, K, ng(t), L4(t), etc.
Definition 1 (Risk Functions). For loss function ¢ : Y x Y — R>¢ and model fo : X — Y, we define:

* Population risk: R(0) = B,y o ~p[l(fo(7g),y)]
* Group-conditional risk: Ry(0) = B, .)~p|g[l(fo(Tg),y)| for g € Ga
» Worst-group risk: Rumax(0) = maxgeg, Rg(6)
With group proportions py = Pr(G = g), the population risk decomposes as R(0) = dega PRy (6).

A.2 Connection to Distributionally Robust Optimization
We establish that the Adversary objective provides a principled smooth approximation to worst-group
optimization.

Theorem 1 (Softmax as Entropy-Regularized DRO). Let £ = (L4 4(t))geg, be the vector of group EMA
losses for attribute dimension a. Define the temperature-scaled softmax weights as in the methodology:

(a) (4} — eXp(Ea,ggt)/T)
) = S b (Lo (]7) ©

The soft-weighted objective L'ggzt(t; T) =2 4eCa qf,a) (t) - La4(t) satisfies:

max Lq 4(t) — 7log |G,| < Eégzt(t; 7) < max Lg 4(t). (10)
gega gega

Proof. The log-sum-exp function LSE;(z) = 7log ) exp(zy/7) admits the variational form:

LSE;(z) = max Z Qgzg + TH(q) 2, (11)
qeAlGai-1
g€Gaq
where Al%/=1 is the probability simplex and H(q) = —>_ 49108 qq is the entropy. The unique

maximizer is q; o exp(z,/7).
By optimality conditions, Eég%t (t;7) = LSE-(L) — TH(q").
Upper bound: Since q(* (t) lies on the simplex, Eégzt(t; =3, i (t)La,q(t) < maxy L 4(t).
Lower bound: Using max, z, < LSE,(z) and H(q) < log |G,/

L% (t;7) = LSE,(L) — TH(q") > max L 4(t) — 7 10g |Gal. (12)
g

Remark 2. Theorem 1 shows that temperature T controls the approximation quality: setting T =
€/ log |G| vields an e-approximation to the worst-group objective. As T — 07T, we recover exact
worst-group optimization.
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A.3 Analysis of Adaptive EMA Estimator

Assumption 1 (Bounded Variance). For each group g € G, the per-sample loss conditioned on group
membership has finite variance: Var[l; | gé;)) =yg] <ol, < oo

Lemma 2 (EMA Variance in Stationary Regime). Consider the EMA update L 4(t) = 0t (t) - La,g(t —

1)+ (1 — aqg(t)) - [Z]gi]“h(t), where {ﬁgf};Ch(t)}tzl are independent unbiased estimators with common

variance vq 4. In the stationary regime with constant o, the variance is:

Var[L,,q] = % “Vg,g- (13)
Proof. Let V; = Var[Lq4(t)]. By independence of L4 (t — 1) and L5 (¢t):
Vi = Vi1 4+ (1 — a)?vay. (14)
At stationarity, V = V; = V,_q satisfies V(1 — a?) = (1 — a)?v,,4, yielding V = ijr—ng.
Theorem 3 (Properties of Adaptive EMA). The adaptive decay oy 4(t) =
clip (%f%m, O'min amax> satisfies:
(a) For minority groups (nq,q(t) < Nscale): Qa,g(t) = max, yielding variance ~ %;g::z Vq,g (Mmore

smoothing ).

(b) For majority groups (nq,q(t) > Nscale): Qa,g(t) & Qmin, yielding variance ~ igi“:zva’g (faster
adaptation).

The effective sample size, defined as neg (o) = %f—g (equating EMA variance to that of an i.i.d. average),

ranges from }i’gm?“ 1o 1Ftamax
mi1

n 1—amax”
Proof. From Lemma 2, the EMA variance is %Uw' An i.i.d. average of n samples has variance v g/n.
Equating: v, g/neg = %%79 gives neg = % The bounds follow from the clipping operation.

A.4 Pareto Optimality Analysis

Definition 2 (Pareto Optimality). A solution 6* is Pareto optimal for ming(R(6), Rmax(0)) if no 0" exists
with R(0") < R(6*) and Rmax(0") < Rmax(0%), with at least one strict inequality.

Theorem 4 (Scalarization Yields Pareto Optimality). Suppose R(6) and Rmax(6) are convex in 6. Any
minimizer 0% of

£SAF0(9§ )\t) = (1 — /\t)ﬁop(e;t) + )\tL‘Ad(G;t) (15)
with \¢ € (0, 1) is Pareto optimal.
Proof. Suppose 6* minimizes Lgaro(+; A¢) but is not Pareto optimal. Then there exists ' with R(6') <
R(6*), Rimax(6') < Rmax(0*), and at least one strict inequality. Since A\;, 1 — Ay > 0:

Lsaro(8'; At) < Lsaro (075 M), (16)
contradicting optimality of 6*.

Remark 3 (Extension to Non-convex Settings). Theorem 4 assumes convexity of R(0) and Rax (). For
deep neural networks including LLMs, the loss landscape is non-convex in 0, so global Pareto optimality
cannot be guaranteed. However, the scalarization approach remains well-motivated:

(i) The result holds locally near stationary points where the loss functions are approximately convex
within a neighborhood.

(ii) Empirically, scalarization methods have been successful for multi-objective optimization in deep
learning (Sener and Koltun, 2018; Lee et al., 2009; Désidéri, 2012).
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(iii) For LoRA fine-tuning with small rank r, the effective optimization occurs in a low-dimensional
subspace, which may exhibit better-behaved geometry.

Thus, we interpret the SAFO objective as encouraging optimization toward locally Pareto-efficient trade-
offs.

Proposition 5 (Regulator Equilibrium Condition). The multiplicative update \i+1 = clip(\; -
VYt Amin, )\max) with

B {vd <1 if Aan(t) > Y - Avear(t) and Ayear(t) > 0 17

Ve > 1 otherwise

has the following equilibrium property: if Ay converges to an interior point \* € (Amin, Amax), then
Aan(t) = Y - Aweak (t) at equilibrium, representing balanced marginal trade-off between utility cost and
fairness gain.

Proof. At an interior equilibrium, A1 = A; requires 7; = 1. Since 7q < 1 < 7, this occurs only at the
boundary between the two cases. With Ayeax(t) > 0, the boundary condition is Ay (t) = Y- Aweak (t)-

Remark 4 (Connection to Nash-inspired Mechanism Statistics). In the methodology, Ayeak(t) and Ay (t)
are computed using the Nash-inspired mechanism smoothed estimates Smak(t) and S ?;1) (t):

_ +
M) = Y [sgg;ak(t—m—zggak(t)} , (18)
a€AT(t)
_ +
Aalt)= Y [/:?g)(t)—sggl)(t—m] , (19)
a€A*(t)

where E‘(’Ze)ak(t) = maxyeg, La,q(t) and E?Cl}) (t) = ‘g—l(z' Y g€Ga Lag().

A.5 Convergence Analysis

Assumption 2 (Smoothness). The loss Lgaro(6;t) is L-smooth in 0: ||VoLsaro(0;t) —
VoLsaro(0;t)|| < L||6 — ¢'|| for all 6,6
Remark 5 (On the Smoothness Assumption). Global L-smoothness (Assumption 2) is a standard

assumption in optimization theory that may not hold globally for deep neural networks. However:

(i) The assumption is widely adopted in the analysis of SGD for neural networks and provides meaningful
convergence guarantees in practice (Bottou et al., 2018).

(ii) For LoRA fine-tuning, optimization occurs over low-rank adapter matrices rather than full model
weights, resulting in a significantly reduced and potentially better-conditioned parameter space.

(iii) The smoothness constant L can be interpreted as a local quantity that holds within the region
traversed during training.

Assumption 3 (Bounded Stochastic Gradient Variance). E[||V/;(0) — VLop(0;t)||%] < o2 for all 6.

Assumption 4 (Slow \ Variation). The trade-off coefficient satisfies |\y11 — \t| < 0 for all t.

Theorem 6 (Convergence Rate). Under Assumptions 2—4, with constant learning rate n < 1/(2L), SAFO

satisfies:

4Ly — L)
nT

ABS
1 2Lno’ + ; A (20)

T

1

T ZE [IIVaLsaro (6 Ae) ] <
=1

where Ly is the initial loss value, L* = infg y Lsaro(0; \), and B bounds |Laq(8;t) — Lop(6;1)]
uniformly.
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Proof. For fixed \;, standard SGD analysis with L-smoothness gives:

ElLsaro(fiar: M)] < ElLsaro(0 )] — ELIV Esaro(@ M2 + 222 iy
forn < 1/L.
For time-varying ¢, define £,(0) = Lsaro(0; \¢). The objective shift between steps satisfies:
[Le41(0) = L4(0)] = [Ary1 — M| - [Laa(051) — Lop(0;1)] < OrB. (22)
Combining the descent inequality with the objective perturbation:
Bl (0i)] < BLL(00)] — DIV L0012+ 22T +6,. 68
Summing from ¢t = 1 to 1" and rearranging:
4 2Ly — L) ,  20\B
fgj VL)) < === + Ino® + == (24)

The stated bound follows with adjusted constants for n < 1/(2L).

Remark 6. Setting ) = ©(1/\/T) and assuming 55 = O(1/+/T) (achievable by annealing vq,vs — 1)
yields convergence rate O(1/\/T).

Remark 7 (Interpretation of Convergence Result). Theorem 6 guarantees convergence to an approximate
stationary point where the expected squared gradient norm is small. This is the standard notion of
convergence for non-convex stochastic optimization and does not imply convergence to a global minimum.
For LLM fine-tuning, reaching such approximate stationary points is the practical goal, as global
optimization is computationally intractable.

A.6 Fairness Improvement Guarantee

Assumption 5 (Gradient Alignment). Ar the ERM solution Ogry, the gradients satisfy: for g* =
arg maxgyeg, Rq(0rrM),

(a) qéff)(t) )
> @D @)(VRg (Orm), VRy(OprM)) > — 5 IV Rg(Oerm)|”. (25)

9€Ga,979*

Remark 8. Assumption 5 is a mild gradient alignment condition. It holds automatically when: (i) all
group gradients point in similar directions (common in overparameterized models), or (ii) the worst group

(a)

has sufficiently large weight q. (t) (ensured by small temperature T).

Theorem 7 (Descent on Worst-Group Risk). Let Ogrnv be an e-approximate stationary point of the
population risk, i.e., (OrrM)|| < € with fairness gap Ngap = Rmax(0grM) — R(0gRM) > 0.
Under Assumption 5, if ||V Rg+(0grm)| > 6 > 0 for some 6 > ¢, then the SAFO update direction
d = —VoLsaro(0erM; \¢) satisfies:

(a)
Ar - qy (T
(VR (Orn), d) < _M

< 5 IVEg: (Orrm)II” + (1 = M)l | V Ry (Brra) |- (26)

At q“”( t)

In particular, when e is sufficiently small such that (1 — \)e < 6, gradient descent from Ogrm

strictly decreases the worst-group risk.
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Proof. The SAFO gradient at xRy is:

Vo Lsaro(Omry; M) = (1= M)V R(Osrm) + A Y ¢ (H)V Ry(Oprm)- (27)
9€Ga
The directional derivative of Ry« along d = —VyLgaro is:
(VRge,d) = —(1 = M)(VRg, VR) = At > ¢ (t)(VRy+, VRy). (28)
gGga

For the first term, by Cauchy-Schwarz:
[(VRg, VR)| < [[VRg- |- VR < €| VRg-]. (29)

For the second term, decomposing the sum:

X > g () (VR VRg) = = qg J)|[VR||? = A > g (t)(VRy, VRy). (30)

9€Ga 979"
By Assumption 5:
(@ 2, Mo 2
X 0 af (VR VRg) < =N 3 (1)]|V Ry | 7HVR9*II 3D
gega
Ay (t) )
= ——— —IIVERg|". (32)
Combining both terms:
(a)
At gy (1)
(VRg,d) < (1= \)e||[VRy|| — #QHVRQ* 2. (33)

)\tq*

When (1 — M\)e < HVRg ||, we have (VRg«,d) < 0.

Remark 9 (Approximate Statlonarlty in Practice). In LLM fine-tuning with stochastic gradient descent,
exact stationarity VR(0grM) = 0 is never achieved in practice. Theorem 7 accounts for this by
considering e-approximate stationary points. The condition ||V Ry«|| > 6 > € captures the intuition that
when a fairness gap exists, the worst-group gradient should be non-negligible even when the overall
population gradient is small. This is precisely the setting where SAFO provides benefit: the ERM
solution has converged (small population gradient) but significant group-level disparities remain (large
worst-group gradient).

Corollary 8 (Sufficient Condition via Temperature). If 7 is chosen such that qé‘i) (t) > 1—-1/(2|Gal),
then Assumption 5 holds whenever cross-group gradient inner products are bounded: |(V Ry, V Rg)| <

IV Ry ||? for all g # g*.
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B Nash-inspired Regulation Details

For each attribute dimension a € A™ (¢) participat-
ing at step ¢, we compute the worst-group EMA
loss and the average EMA loss:

E&%’“‘W ) = max Lo (8), (34)
all
Lo |ga| Z Layg( (35)
9€Ga

Nash-inspired mechanism maintains smoothed
estimates of these quantities:

SH() = B S — 1) +

(36)

Sty (8) = Bs - SEy(t = 1) + (1 = Bs) - L) (8),
(37)
where s € (0,1) is the smoothing decay rate.

For attribute dimensions a ¢ A% (t), we keep

Gweak (+) _ Gweak Gall (1) _ Jall

SE’ZSa (t) = S&E;a (t_.l) and S(aa) (t) = Sf‘a) (t—1).
The weak-group gain and collateral damage are

computed as:

+
Aveac(t) = D[S —1) - L]
a€AT(t)
(38)
An(t) — rall 4y _ gall (4 +
ait)= D |LhN®) - SyE-1)|
acA*(t)
(39)
where []* = max(0,). The condition

Ageak(t) > 0 in the decay indicator prevents pre-
mature decay before fairness optimization takes
effect. If AT(t) = 0, we set vz = 1 and keep
At41 = At

C Datasets

We evaluate SAFO on three large-scale social sur-
vey datasets that span diverse countries and cultural
contexts. These datasets encompass a wide range
of demographic attributes (e.g., age, gender, ed-
ucation, income) and survey topics (e.g., social
attitudes, political views, economic perceptions),
providing a comprehensive testbed for assessing
both utility and fairness in social simulation.

C.1 Dataset Descriptions

CGSS (Chinese General Social Survey) The
Chinese General Social Survey' is one of China’s

"http://cgss.ruc.edu.cn

(1= Bs) - Lie(),

earliest nationwide, comprehensive, and continu-
ous academic survey projects, initiated in 2003.
CGSS systematically and comprehensively collects
data at multiple levels to summarize trends in social
change across Chinese society. The survey covers
topics including social stratification, labor market
dynamics, family structure, and public attitudes
toward government policies, providing valuable
insights into the rapid social transformation of con-
temporary China.

GSS (U.S. General Social Survey) The General
Social Survey? has studied the growing complexity
of American society for five decades since 1972.
It is the only full-probability, personal-interview
survey designed to monitor changes in both social
characteristics and attitudes currently being con-
ducted in the United States. GSS collects data on
contemporary American society to monitor and ex-
plain trends in opinions, attitudes, and behaviors,
covering topics such as civil liberties, crime and vi-
olence, intergroup tolerance, and national spending
priorities.

ESS (European Social Survey) The European
Social Survey? is an academically driven cross-
national survey conducted across Europe since its
establishment in 2001. Every two years, face-to-
face interviews are conducted with newly selected,
cross-sectional samples representing the popula-
tions of over 30 European countries. ESS measures
attitudes, beliefs, and behavior patterns of diverse
populations in more than thirty nations, with top-
ics including immigration, media and social trust,
political engagement, and subjective well-being.

C.2 Dataset Statistics

Table 2 summarizes the key statistics for each
dataset used in our experiments.

C.3 Attribute Distribution Analysis

Table 3 shows the demographic distributions for
the training and test sets of the GSS dataset. The
table summarizes key variables such as age, gen-
der, education, income, household size, and region.
Similarly, Tables 4 and 5 present the correspond-
ing distributions for the CGSS and ESS datasets.
Each table provides counts and percentages, allow-
ing for a quick comparison of group compositions
within each dataset. Overall, these tables illustrate

2https://gss.norc.org
3https://www.europeansocialsurvey‘org
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Table 2: Dataset statistics summary. #Samples denotes the total number of survey responses; #Questions indicates
the number of unique survey questions; #Attributes shows the number of demographic attributes used for group

partitioning.
Dataset #Samples (Train) #Samples (Test) #Questions #Attributes Region
GSS 17963 4506 11 9 United States
CGSS 20853 5762 50 10 China
ESS 100000 5000 111 8 Europe

the demographic characteristics of the samples and
highlight any imbalances across categories. The
distributions between training and test sets are gen-
erally consistent, ensuring that the test sets are rep-
resentative for model evaluation.

C.4 Train/Test Split Construction

To evaluate generalization under realistic test-time
novelty, we follow the unified evaluation protocol
of Lin et al. (2025), where the held-out test set may
include novel questions and/or novel demographic
compositions compared to training. Unless oth-
erwise noted, we report results on the pooled test
set.

D Baselines Training Paradigms

We compare SAFO against four representative
training paradigms that span the spectrum from
standard optimization to distributionally robust ap-
proaches.

D.1 Empirical Risk Minimization (ERM)

ERM (Vapnik, 1991) is the standard training
paradigm that minimizes the average loss across all
training samples:

N

1
ferv = arg min — z;«@(fe(xi), yi),  (40)

where £(-, -) denotes the cross-entropy loss, fy is
the model parameterized by 6, and (z;, y;) repre-
sents the ¢-th input-output pair. ERM treats all
samples equally regardless of their group mem-
bership, which can lead to poor performance on
minority groups when the training data exhibits sig-
nificant group imbalance. Despite this limitation,
ERM remains the most widely adopted training
paradigm due to its simplicity and computational
efficiency. In our experiments, ERM serves as the
primary baseline representing standard fine-tuning
practices for LLMs.

D.2 KL Divergence Fine-Tuning (KL-FT)

KL Divergence Fine-Tuning (Suh et al., 2025)
directly aligns the model’s predicted distribution
with target response distributions using the forward
Kullback-Leibler divergence as the training objec-
tive:

Oki. = argmin Eq g [Dkr (pr(Agla, 9)lIpa(Agla, 9))1

(41)
where pr(Agqlg, g) represents the empirical distri-
bution of human responses for question ¢ condi-
tioned on subpopulation g, pg(.A,|g, g) denotes the
model’s predicted distribution over answer choices
Ayg, and Dy is the KL divergence defined as:

Dxw(prllpe) = Y pula a)log? ((Z))- (42)

a€A,

The forward KL divergence (i.e., KL(px||pg))
is chosen because it is sensitive to cases where
the target distribution py assigns high probability
but the model distribution pg does not, naturally
encouraging the model to cover the real distribu-
tion. This property aligns with standard maximum-
likelihood training, where the model is penalized
for underestimating any response that is frequent in
the data. KL-FT treats all subpopulation-response
pairs equally during training without explicit mech-
anisms for handling group imbalance or optimizing
worst-case performance. In our experiments, we
implement KL-FT using LoRA fine-tuning follow-
ing the original paper’s setup.

D.3 CVaR DRO (Conditional Value-at-Risk
Distributionally Robust Optimization)

CVaR DRO (Levy et al., 2020) optimizes for the
worst-case expected loss over a fraction « of the
training distribution:

fcvar = arg min CVaR, (f(fe (x), y))

—argmlnE[f( 0(z),y) | £(fo(r),y) = qa] -

(43)

31643



Variable / Category Count (Train / Test) Percent (Train / Test)

Gender

Female 9774 /2492 mmmmmmm )/Emmmmmmmm 154.49%1755.3%
Male 8189/2014 mmmmmwm ) /mmmmmm 45.6% /1 44.7%
Age

18-24 1187/286 m |/ K 16.6% / 6.3%
25-34 2668 /773 = |/ 114.9% 1 17.2%
35-44 3270/855 |/ - 118.2% 1 19.0%
45-54 2763 /579 mm |/ 115.4% 1 12.8%
55-64 3066/799 |/ - 117.1% 1 17.7%
65+ 4654 /1168 |/ - 125.9% /25.9%
Missing 355/46 1 1/1 12.0% / 1.0%
Race

White 12617/3172 )/ 170.2% 1/ 70.4%
Black 3193/854 mm |/ - 117.8% /19.0%
Other 2153/480 = |/ 112.0% / 10.7%
Marital Status

Married 7556 /1714 mmmmmm )/ 142.1% /1 38.0%
Never married 554171553 )/ Emmmmwm130.8%/34.5%
Divorced 2953/707 = |/ 116.4% 1 15.7%
Widowed 1361/347 = |/ W 17.6% | 7.7%
Separated 5527185 & A | 13.1% / 4.1%
Education

High school 8225/2073 mmmmmwm /mmmmmm 145.8%/46.0%
Bachelor’s 3916/991 @ |/ 121.8% /22.0%
Graduate 2670/598 mm |/ 114.9% / 13.3%
Assoc./Junior college 1638 /488 m |/ 19.1% / 10.8%
Less than high school 15147356 = |/l 18.4% 1 7.9%
Income

$25,000 or more 13520/3413 pommmmmmm )/ 175.3%/75.7%
$10k-14,999 1089/257 =& 1/ 16.1% /5.7%
$20k-24,999 864/198 & 1/ 14.8% | 4.4%
$15k-19,999 631/162 & I/ K 13.5% / 3.6%
Refused 4077129 1 1K 12.3% / 2.9%
Under $1,000 368/96 | 1/ 12.0% /2.1%
Work Status

Working full time 8105/2056 mmmmmwm  /mmmmmm 145.1%/45.6%
Retired 4295/ 1148 |/ - 123.9% /25.5%
Working part time 1804/372 m |/ 110.0% / 8.3%
Keeping house 15757352 ™ |/ 18.8% 1 1.8%
Unemployed 865/200 =& 1/ 14.8% | 4.4%
Other 5517155 & 1/ 13.1% / 3.4%
In school 436/ 117 1 1/ 12.4% | 2.6%
Temp. not working 332/106 I 1/ 11.8% /2.4%
Residence

Small city/town 6117/1586 mmmmwm ——— J/mmmmwm 1341%/352%
Medium city 3331/809 |/ 118.5% / 18.0%
Large city 2963 /748 mm |/ 116.5% / 16.6%
Suburb 2667 /638 = |/ 114.8% 1 14.2%
Open country 1820/397 m 1/l 110.1% / 8.8%
Farm 1065/328 & |/ W 15.9% /7.3%
Region

South Atlantic 3345/779 = |/ 118.6% / 17.3%
East North Central 3292/806 |/ 118.3% /1 17.9%
Middle Atlantic 2484 /605 mm |/ 113.8% /1 13.4%
Pacific 2219/550 = |/ 112.4% 1 12.2%
West South Central 1907/502 = |/ 110.6% / 11.1%
East South Central 1827/471 m= |/ 110.2% / 10.5%
Mountain 1222/314 = 1/l 16.8% / 7.0%
West North Central 12137352 = |/l 16.8% / 7.8%
New England 4541127 1 /K 12.5% / 2.8%

Table 3: Demographic distribution of GSS sample: train vs. test sets.
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Variable / Category Count (Train / Test) Percent (Train / Test)

Age

18-35 405/45 1 1/ 11.9% 1/ 0.8%
35-50 3687 /1306 |/ 117.7% 122.7%
50-65 15591 /4231 /e 174.8% 1 73.4%
65+ 1170/180 = 1/K 15.6% /3.1%
House Ownership

Yes 1411173265 /s 167.7% 1 56.7%
No 6742/2497 mmmm J/mmmmmm . 132.3%/43.3%
Health Status

Very healthy 4537/1303 |/ 121.8% /22.6%
Healthy 9483 /2602 Emmmmwm ) /mmmmmm 1455%/452%
Average 5213/ 1477 |/ - 125.0% /25.6%
Unhealthy 1440/310 = |/ K 16.9% / 5.4%
Very unhealthy 180/70 I /1 10.9% / 1.2%
Residence Type

City center 9389/2841 mmmmmwm /@ 145.0% 17 49.3%
Rural 4854 /1738 mmm——— /mmmwm 1233%/30.2%
City edge / peri-urban 5532/1013  mmm |/ 126.5% 1 17.6%
Town 1078/170 & 1/ 15.2% / 3.0%
Work Unit Type

Enterprise 8757 /2118 mmmmmwm )/ mmmmm 142.0%/36.8%
No unit / Self-employed 8231/1965 mmmmw —— /mmmm 1395%/34.1%
Public institution 256171234 m= |/ - 112.3% /21.4%
Social group / Committee 630/270 [ 1/ 13.0% 1 4.7%
Government agency 674/175 & /K 13.2% / 3.0%
Family Size

0 4761/1178 |/ 122.8% /20.4%
1 5037/1260 mmwm—— J/mmwm1242%/21.9%
2 5525/1913 mmw—  /mmmw126.5%/33.2%
3 3371/922 mm |/ 116.2% /16.0%
4 1439/359 = |/ | 16.9% / 6.2%

5 585/115 1 1/ 12.8% /2.0%
6+ 135715 | 1/ 10.6% / 0.3%
Gender

Female 10605/3476 s /Emmmmmmmm . 150.9% /1 60.3%
Male 10248 /2286 mmmmmmwm J/mmmmwm 149.1%/39.7%
Education

No education 988/210 =& 1/ 14.7% | 3.6%
Primary 2159/390 m= |/ W 110.4% / 6.8%
Lower secondary 4811/1934 mmm— /mmmwm 123.1%/33.6%
High school 5837/897 mmmm |/ 128.0% / 15.6%
Associate 3103/695 mm |/ 114.9% /12.1%
Bachelor 3415/1476 = |/ 116.4% / 25.6%
Graduate+ 540/160 I 1/ 12.6% /2.8%
Income

Below 50k 9123/2763 mmmmmm ) /mmmmmm . 143.7% /1 48.0%
50k—200k 10516/2814 mmmmmw ]/ mmmmmm 150.4%/48.8%
200k—500k 854/95 & 1/ 14.1% / 1.6%
500k—1M 360/90 I 1/ 11.7% 1 1.6%
Area

Agricultural 10204 /2729 mmmmmwm ]/mmmmmm 1489%/47.4%
Non-agricultural 6609/1633 mmmwm—— J/mmmwm 131.7%/28.3%
Resident (from non-agri) 2468 /875 = |/ 111.8% /1 15.2%
Resident (from agri) 1572/525 = |/ = 17.5% 19.1%

Table 4: Demographic distribution of CGSS sample: train vs. test sets.
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Variable / Category Count (Train / Test)  Percent (Train / Test)

Gender

Male 55435/2986 mmmmmmmm ) /Emmmmmmmm 155.4%1/759.7%
Female 44565/2014 mmmmmm ) /Emmmmmm 144.6% /1 40.3%
Age

<18 132/4 1 1/ 10.1% /0.1%
18-35 135777634 = |/ 113.6% / 12.7%
35-50 24017 /1129 |/ - 124.0% / 22.6%
50-65 29420/ 1428 |/ 129.4% | 28.6%
65+ 32854 /1805 mmmmwm  J/mmmmwm 132.9%/36.1%
Education

Primary 4778 /199 & 1/ 14.8% | 4.0%
Lower secondary 11888 /583 m= |/ 111.9% / 11.7%
Upper secondary 59436/2963 mmmmmmmm /mmmmmmmm 159.4% /1 59.3%
Tertiary 23898 /1255 mmm |/ - 123.9% /25.1%
Income

Low 28860/ 1252 |/ - 128.9% /25.0%
Middle 47489 /2578 mmmmmmm /mmmmmmm 147.5%/51.6%
High 23651/1170 |/ - 123.7% 1 23.4%
Household size

0 17/1 | 1/ 10.0% / 0.0%

1 24896 /1178 |/ 124.9% [ 23.6%
2 37336/2008 Emmmm )/ mmmmmm 137.3%/402%
3 179457853 mm= |/ 117.9% /1 17.1%
4 13151/634 m= |/ 113.2% 1 12.7%
5 4684 /239 & 1/ 14.7% | 4.8%
6+ 1971/87 1 11 12.0% / 1.7%
Region

NUTS level 1 21348 /993 |/ 121.3% / 19.9%
NUTS level 2 43833/2491 mmmmmwm 1/ mmmmmmm 143.8%/49.8%
NUTS level 3 34819/ 1516w |/ 134.8% /30.3%
Industry

Manufacturing 49098 /2362 mmmmmmm J/Emmmmmm 49.1% /1 47.2%
Public Services 20735/1064 |/ 120.7% / 21.3%
Transport & Communication 15600/839 mm |/ 115.6% / 16.8%
Construction 9337/466 m |/ 19.3% /9.3%
Energy & Mining 1990/100 1 1/ 12.0% 1 2.0%
Agriculture 1165/44 1 1/1 11.2% / 0.9%
Finance & Real Estate 923/57 I 1/ 10.9% 1 1.1%
Personal & Social Svcs 849/56 | 1/ 10.8% /1 1.1%
Business Services 303/12 | 1/ 10.3% 1 0.2%
Occupation

Clerical 27511/1324 |/ 127.5% 1 26.5%
Skilled Workers 16365/816 mm |/ 116.4% /1 16.3%
Associate Professionals 15194 /794 = |/ 115.2% /1 15.9%
Operators & Drivers 14374 /775 B |/ 114.4% / 15.5%
Elementary & Farm 9202/463 m |/ 19.2% /1 9.3%
Service & Sales 8718/426 m |/ M 18.7% / 8.5%
Professionals 4617/187 & 1/ 0 14.6% 1 3.7%
Managers 4019/215 & 1/ 14.0% / 4.3%

Table 5: Demographic distribution of ESS sample: train vs. test sets.
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where g, is the a-quantile of the loss distribu-
tion. This formulation focuses optimization on
the highest-loss samples without requiring explicit
group labels. CVaR DRO provides robustness guar-
antees by ensuring that the model performs well
on the “hardest” portion of the data. However, it
does not explicitly consider demographic group
structure, which may limit its effectiveness when
group membership is the primary source of per-
formance disparity. Following Levy et al. (2020),
we set o = 0.2 in our experiments, meaning the
optimization focuses on the top 20% highest-loss
samples.

D.4 Group DRO (Group Distributionally
Robust Optimization)

Group DRO (Sagawa et al., 2019) explicitly op-
timizes for the worst-performing demographic
group:

fcpro = arg r%in IgleagXE(z,y)ng [(fo(2), y)]

(44)
where G denotes the set of demographic groups
and D, represents the data distribution conditioned
on group g. Group DRO maintains a set of group
weights {gg } ycg that are updated via exponentiated
gradient ascent to upweight groups with higher
losses:

qét—f—l) - qét) . exp (77 . ig)) :

where f)gt) is the empirical loss for group g at step
t and 7 is the step size for weight updates. This ap-
proach provides strong worst-group performance
guarantees but can suffer from training instabil-
ity, particularly when minority groups have very
few samples, leading to high-variance gradient es-
timates. Following Sagawa et al. (2019), we use
a group weight step size of n = 0.01 and apply
strong ¢, regularization (A = 1.0) to stabilize train-
ing.

(45)

E Evaluation Metrics

We evaluate model performance from three per-
spectives: utility, fairness, and stability.

E.1 Utility

Accuracy. Accuracy measures the overall predic-
tion quality across all samples:

N
1 ) ;
Accuracy = N E H[g(z) = y(")] (46)
i=1

where N is the total number of samples, §() is the
predicted label, and y(* is the ground truth label.

E.2 Fairness

Following the notation in Section A.1, fairness is
evaluated separately for each attribute dimension
a€{l,2,...,A}. Let G, denote the set of groups
for attribute a, and let p, 4 represent the perfor-
mance (e.g., accuracy) of group g € G, under at-
tribute dimension a.

Wasserstein Distance. For each attribute dimen-
sion a, we measure the Wasserstein Distance be-
tween the empirical group performance distribution
and a uniform target distribution where all groups
achieve the mean performance p,:
Wa = Wl (pav ua) (47)
where p, = (Pa,g)geg. is the vector of group per-
formances for attribute a, ug, = (Pa, Pas - - -, Pa)
. . . _ _ l
is the uniform target with p, = .m.dega Pa,g>
and W, denotes the 1-Wasserstein distance. We
report the average across all attributes: W =
+ Zle W,. Lower values indicate better fair-
ness.

Worst Group Performance. Worst Group Per-
formance captures the minimum performance
across all demographic groups, aggregated across
all attribute dimensions (Suh et al., 2025):

Worst Group Perf. = (48)

min _ min pg,
ac{l,..,A} 9€Ga 7

This metric directly relates to the Adversary ob-
jective L4, ensuring that no group is left behind.
Higher values indicate better fairness.

Coefficient of Variation (CV). For each attribute
dimension a, the Coefficient of Variation measures
the relative dispersion of group performances:

1 _
Opa _ \/m >_geg, Pag — Pa)?
ﬁa ﬁa

CV, =

(49)

_ 1 .
where p, = 1ol > 9€Ga Da,g 1 the mean group
performance for attribute a and o, is the stan-
dard deviation. We report the average across all
attributes: CV = + 54 CV,. Lower values
indicate better fairness.

Gini Coefficient. For each attribute dimension a,
the Gini Coefficient quantifies inequality in group
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performance distribution. For sorted performances
Pa,(1) < Pa(2) < " ** < Pa,(|Gal)’

Gal .
le 1% Pa,i) |Gal +1
1Gal Zlgal Pa, (i) |Gal

We report the average across all attributes: Gini =
% 2&421 Gini,. The Gini coefficient ranges from
0 (perfect equality) to 1 (maximum inequality).
Lower values indicate better fairness.

Gini, = (50)

Nash Welfare. For each attribute dimension a,
Nash Welfare is defined as the geometric mean of
group performances:

1/1Gal
NW, = ( H pa,g) = exp <|g Z log pa, 9)

9€Ga geg
(1)

We report the average across all attributes:
Nash Welfare = 4 57| NW,. Nash Welfare sat-
isfies Pareto efficiency and is particularly sensitive
to improvements in lower-performing groups due
to the logarithmic transformation. Higher values
indicate better fairness.

E.3 Stability

Standard Deviation across Seeds. To assess re-
producibility, we conduct all experiments across
S = 3 independent random seeds and report the
sample standard deviation:

S
1
= | — —m)2
Std S—lg(ms m)

s=1

(52)

where m is the metric value for seed s and m =
% 25:1 ms is the mean. Results are reported as
mean =+ std. Lower values indicate more stable
performance.

F Hyperparameter Settings

This appendix documents all hyperparameters used
in SAFO and baseline methods.

F.1 SAFO Component Hyperparameters

Table 6 summarizes all hyperparameters specific to
the SAFO framework.

F.1.1 Adversary Hyperparameters

The temperature 7 = 1 controls the sharpness of
the group weight distribution (Equation (5)). As
shown in Theorem 1 (Appendix A), this provides
a 7 log K -approximation to the exact worst-group

loss, where K is the number of groups. The adap-
tive EMA decay rate oy(t) is computed as:

N,
Oég(t) = clip < seale t » O'min, amax) , (53)

N, scale T+ 1

where nf] is the cumulative sample count for group
g up to step t. Setting Ngcae = 1000 means that
a group reaches the midpoint decay rate (o« =
0.5) after observing 1000 samples. The bounds
[Omin, ¥max] = [0.1,0.9] ensure that minority
groups benefit from substantial smoothing while
majority groups respond quickly to recent observa-
tions.

F.1.2 Regulator Hyperparameters

The coefficient \; balances the Optimizer loss Lo,
and Adversary loss L4 in the combined objective.
We initialize A\g = 0.5 to provide equal weight
to utility and fairness at the start of training. The
bounds [Amin, Amax] = [0.2,0.8] ensure that nei-
ther objective dominates completely. The growth
and decay factors (7, = 1.005, 74 = 0.995) are set
close to 1.0 to ensure gradual changes. The Nash
threshold ~,, = 1.0 enforces Pareto efficiency: any
increase in average loss must be justified by at least
an equal decrease in worst-group loss. The smooth-
ing factor B; = 0.98 provides a longer temporal
horizon compared to group-level EMA.

F.2 Baseline Method Hyperparameters

Following Levy et al. (2020), CVaR DRO uses risk
level a = 0.2. Following Sagawa et al. (2019),
Group DRO uses weight step size 1, = 0.01 for
the exponentiated gradient ascent update. The size-
based adjustment coefficient is set to 0.0 to isolate
the effect of the DRO objective.

F.3 Training Hyperparameters

We apply LoRA with rank r = 8 to all linear layers,
with scaling factor « = 16. We use AdamW with
learning rate 1 x 1075 and cosine annealing with
10% warmup. The batch size of 64 ensures suffi-
cient group representation within each batch. All
experiments are conducted on a computing cluster
with 8 NVIDIA H20 GPUs (96GB HBM3 memory
each) using distributed data parallel (DDP) train-
ing.

F.4 Ablation Study Configurations

For ablation experiments, we modify specific com-
ponents while keeping others fixed:
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Table 6: Complete hyperparameter settings for SAFO components.

Component Parameter Value  Description
Initial \; (A\g) 0.5 Initial utility-fairness trade-off coefficient
At range [Amin, Amax) [0.2,0.8] Bounds for dynamic \ adjustment

Reeulator Growth factor v, 1.005  Multiplicative increase when fairness is beneficial

£ Decay factor 4 0.995 Multiplicative decrease when collateral damage is high

Nash threshold ~,, 1.0 Ratio threshold for Pareto efficiency assessment
Statistics smoothing (35 0.98 EMA decay for Nash-inspired mechanism statistics

Adversar Softmax temperature 7 1 Temperature for group weight computation

Y Minimum groups threshold 2 Minimum groups per attribute for group-reweighted loss
Scale constant Ngcaje 1000 Controls adaptive decay rate sensitivity
. Minimum decay auin 0.1 Lower bound for EMA decay rate

Adaptive EMA Maximum decay ayax 0.9 Upper bound for EMA decay rate

Warmup steps 10 Steps before EMA updates begin

* w/o DRO (Adversary ablation): Replace
softmax-weighted group loss with hard max-
imum over EMA 10sse§: Lag = max, f/gawh
where g* = arg max, L.

» w/o Nash (Regulator ablation): Fix A\; = 0.5
throughout training.

* w/o EMA: Use batch-level group losses di-
rectly instead of EMA-smoothed estimates.

G Stability Discussion

Figure 6 and Figure 7 compare training dynamic
across demographic attributes.

H Parameter Sensitivity Analysis

We analyze the sensitivity of our method to two
key hyperparameters: the Nash threshold ~,, and
the adversary temperature 7. Results are shown in
Figure 8 and Figure 9.

Figure 8 shows performance across 7, €
{0.5,1.0,2.0}. Figure 9 examines 7 €
{0.1,0.3,0.5,1.0}. Based on our analysis, we rec-
ommend y,, = 1.0 as the default, which provides
the optimal accuracy-fairness trade-off. For adver-
sary temperature, 7 € {0.1,1.0} are both reason-
able choices depending on whether accuracy or
fairness is prioritized.

I Extended Baseline and Backbone
Results

To complement the main results in Table 1, we
report two additional sets of experiments: (i)
extended comparisons against two recent fair-
ness baselines, FairDRO (Park et al., 2025) and

ROAD (Grari et al., 2023), adapted to our multi-
attribute setting as described in Appendix J; and
(i1) results on an additional backbone, Mistral-7B-
Instruct-v0.3, to further assess cross-architecture
generality. All experiments follow the same train-
ing and evaluation protocol as Table 1 and report
mean = std across 3 random seeds.

I.1 Additional Fairness Baselines

Table 7 reports the full six-metric comparison
of FairDRO and ROAD against SAFO on the
GSS dataset with LLaMA-3.1-8B and Qwen2.5-7B
backbones. SAFO consistently outperforms both
adapted baselines on accuracy, worst-group perfor-
mance, and Nash welfare, while maintaining the
lowest cross-seed variance in most cases. FairDRO
narrows the fairness gap relative to ERM but ex-
hibits larger variance on worst-group performance,
and ROAD suffers noticeable utility drops due to
its adversarial debiasing objective that conflicts
with the preservation of demographic-conditioned
heterogeneity required in survey simulation.

1.2 Mistral-7B Backbone Results

Table 8 reports SAFO and the two adapted fair-
ness baselines (FairDRO and ROAD) on the GSS
dataset with the Mistral-7B-Instruct-v0.3 backbone.
SAFO’s advantage on Mistral mirrors the pattern
observed on LLaMA and Qwen in Table 7, achiev-
ing the highest accuracy, worst-group performance,
and Nash welfare with substantially lower vari-
ance. This confirms that the framework generalizes
across decoder-only LLM architectures.
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Figure 6: Group DRO training dynamics across different demographic attributes. Red lines represent minority
groups and black lines represent majority groups, with percentages indicating group proportions.
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Figure 7: SAFO training dynamics across different demographic attributes. Red lines represent minority groups and
black lines represent majority groups, with percentages indicating group proportions.

31651



Accuracy Wasserstein Distance Worst Group Performance
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Nash Threshold

Nash Threshold

Nash Threshold

Figure 8: Sensitivity analysis for Nash threshold ~,,.

Model \ Method \ Accuracy Worst Group Perf. Nash Welfare
FairDRO | 0.42 + 0.0045 0.37 £0.0117 0.40 £ 0.0012

LLaMA-3.1-8B ROAD 0.39 4+ 0.0047 0.33 + 0.0225 0.35 + 0.0200
SAFO 0.44 £+ 0.0039 0.39 + 0.0013 0.43 + 0.0062

FairDRO | 0.43 £+ 0.0121 0.37 + 0.0072 0.41 +0.0132

Qwen2.5-7B ROAD 0.40 £0.0118 0.33 £ 0.0162 0.38 £ 0.0134
SAFO 0.45 + 0.0051 0.38 + 0.0039 0.43 + 0.0056

Table 7: FairDRO and ROAD comparison on the GSS dataset. Results are mean = std across 3 seeds. Bold: best

metric value; underline: smallest standard deviation.

J Intersectional Fairness Evaluation with
Additional Baselines

To complement the per-attribute fairness analysis
in the main text, we additionally evaluate SAFO
against two recent fairness-oriented baselines, Fair-
DRO (Park et al., 2025) and ROAD (Grari et al.,
2023), under cross-attribute intersectional settings.
Since LLM-based social simulation is not a stan-
dard classification task and requires handling mul-
tiple demographic attributes simultaneously, the
original formulations are not directly applicable.
We adapt both methods by (i) treating each demo-
graphic attribute’s subgroups as the group parti-
tion required by each algorithm, and (ii) applying
per-attribute aggregation consistent with our frame-
work to ensure a fair comparison.

We evaluate on two representative cross-attribute
intersections on the GSS dataset with the LLaMA
backbone: age xincome (a demographically sparse
and high-stakes combination) and race xsex. Ta-
ble 9 reports accuracy, worst-group performance,

and Nash welfare across 3 random seeds. The inter-
sectional setting substantially amplifies subgroup
sparsity, and we observe that ERM, Group DRO,
and ROAD all experience near-complete failure on
certain age xincome cells, with worst-group perfor-
mance dropping as low as 0.04 and seed variance
exceeding 0.10. FairDRO partially mitigates this
failure but still lags SAFO on both worst-group
and Nash metrics. In contrast, SAFO maintains
stable performance under the intersectional setting,
improving worst-group accuracy while simultane-
ously reducing cross-seed variability by roughly an
order of magnitude.

K Ilustration of the Social Simulation
Task

To improve clarity for readers unfamiliar with
social simulation, we present a concrete exam-
ple illustrating our task formulation, including
the prompt structure and the model-generated re-
sponse.

In this setting, the model is instructed to simu-
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Figure 9: Sensitivity analysis for adversary temperature 7.

Model \ Method \ Accuracy Worst Group Perf. Nash Welfare

FairDRO | 0.43 £ 0.0068 0.38 +0.0103 0.42 + 0.0084
Mistral-7B ROAD 0.40 £ 0.0072 0.34 £ 0.0158 0.38 + 0.0109
SAFO 0.45 £+ 0.0044 0.40 + 0.0041 0.43 £+ 0.0067

Table 8: FairDRO and ROAD comparison on the GSS dataset with the Mistral-7B-Instruct-v0.3 backbone. Results
are mean + std across 3 seeds. Bold: best metric value; underline: smallest standard deviation.

late a real survey respondent in a specific temporal
context. Each prompt consists of three key com-
ponents: (1) an explicit instruction describing the
simulation objective, (2) a detailed demographic
and socioeconomic background of the respondent,
and (3) a survey question with predefined answer
options. The model is required to select exactly one
option, without generating additional explanation,
in order to mirror real-world survey behavior.
Table 10 provides an example of the full prompt
and corresponding output used in our experiments.
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Setting Method Accuracy Worst Group Perf. Nash Welfare
ERM 0.44 £ 0.0050 0.07 £0.1155 0.28 £ 0.1465

Group DRO | 0.44 £ 0.0081 0.07 £0.0714 0.33 £ 0.1506

agexincome | FairDRO 0.43 + 0.0021 0.13 £ 0.0463 0.40 £+ 0.0109
ROAD 0.39 £ 0.0028 0.04 £ 0.0642 0.27 £ 0.0808

SAFO 0.45 + 0.0015 0.14 + 0.0100 0.41 + 0.0065

ERM 0.44 £ 0.0050 0.38 £ 0.0066 0.41 £0.0128

Group DRO | 0.44 + 0.0081 0.40 £ 0.0150 0.42 £ 0.0041

racexsex | FairDRO 0.43 £ 0.0021 0.38 £ 0.0260 0.42 £0.0101
ROAD 0.39 £+ 0.0028 0.36 £+ 0.0027 0.38 £+ 0.0037

SAFO 0.45 £ 0.0015 0.41 £ 0.0040 0.43 £ 0.0031

Table 9: Intersectional fairness evaluation on GSS (LLaMA-3.1-8B). Results are reported as mean =+ std across 3
random seeds. Bold indicates the best metric value; underline indicates the smallest standard deviation. Optimization

directions: Accuracy (1), Worst Group Perf. (1), Nash Welfare (1).

INSTRUCTION:
The survey is conducted in 2024.

You are required to simulate a real survey respondent answering the following question.

== Respondent Background ==
Age: 65+

Sex: Male

Race: White

Marital Status: Divorced

Education: High School

Household Income: $15,000-$19,999

Employment Status: Unemployed, laid off, looking for work
Place of Residence: Medium-size city (50,000-250,000 population)

Region: Mountain

QUERY:

Generally speaking, would you say that people can be trusted or that you can’t be too careful in dealing

with people?

Options:

A. You usually can’t be too careful in dealing with people

B. People can almost always be trusted

C. People can usually be trusted

D. You almost always can’t be too careful in dealing with people

ANSWER:
C. People can usually be trusted

Table 10: Example prompt and model output for the social simulation survey task.
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