Observations and Remedies for Large Language Model Bias
in Self-Consuming Performative Loop

Yaxuan Wang!, Zhongteng Cai?, Yujia Bao®, Xueru Zhang?, Yang Liu!,
"University of California, Santa Cruz, >The Ohio State University,
3Center for Advanced Al, Accenture

Correspondence: yangliu@ucsc.edu

Abstract

The rapid advancement of large language mod-
els (LLMs) has led to growing interest in using
synthetic data to train future models. How-
ever, this creates a self-consuming retraining
loop, where models are trained on their own
outputs and may cause performance drops and
induce emerging biases. In real-world appli-
cations, previously deployed LLMs may influ-
ence the data they generate, leading to a dy-
namic system driven by user feedback. For ex-
ample, if a model continues to underserve users
from a group, less query data will be collected
from this particular demographic of users. In
this study, we introduce the concept of Self-
Consuming Performative Loop (SCPL) and
investigate the role of synthetic data in shap-
ing bias during these dynamic iterative training
processes under controlled performative feed-
back. This controlled setting is motivated by
the inaccessibility of real-world user preference
data from dynamic production systems, and en-
ables us to isolate and analyze feedback-driven
bias evolution in a principled manner. We fo-
cus on two types of loops, including the typi-
cal retraining setting and the incremental fine-
tuning setting, which is largely underexplored.
Through experiments on three real-world tasks,
we find that the performative loop increases
preference bias and decreases disparate bias.
We design a reward-based rejection sampling
strategy to mitigate the bias, moving towards
more trustworthy self-improving systems. The
code is available at https://github.com/UCSC-
REAL/SCPL.git.

1 Introduction

The widespread integration of Large Language
Models (LLMs) into daily applications has raised
concerns regarding training on synthetic data (Cai
et al., 2025). As LLMs become more capable,
there are a large amount of generated content that
is posted to coding platforms, social media plat-
forms and other platforms on the internet. Such

LLM-generated text is getting hard to distinguish
from human-generated content (Sadasivan et al.,
2023) and might be used to train the next gen-
eration of LLMs. While human-generated data
still exists, access to clean human-authored data
is increasingly limited by contamination and cost,
prompting widespread reliance on synthetic data.
Consequently, a self-consuming training loop (Shu-
mailov et al., 2023; Briesch et al., 2023; Alemo-
hammad et al., 2023, 2024; Ferbach et al., 2024)
emerges in which future models are trained repeat-
edly on LLM-generated data from previous gen-
erations. The recursive training loop on synthetic
data may lead to model collapse (Guo et al., 2023;
Seddik et al., 2024; Shumailov et al., 2024; Wei
and Zhang, 2025), and bias amplification (Wang
et al., 2024c; Wyllie et al., 2024; Chen et al., 2024)
or reduction (Chen et al., 2024).

Unlike static supervised fine-tuning (SFT) with a
fixed dataset, online continual learning (Wang et al.,
2024a) collects feedback from humans or Al agents
to iteratively train models that are more capable
and better aligned. In socially predictive systems,
the model’s performance subsequently influences
future data, which is known as performative pre-
diction (Perdomo et al., 2020; Hardt and Mendler-
Diinner, 2023). Bias variation in such performative
iterative training loops is critical. While Wyllie
et al. (2024) demonstrate that unfair feedback loops
can lead to a loss of fairness, their analysis does
not extend to the data ecosystem of LLMs.

Previous work (Wang et al., 2024c; Briesch et al.,
2023; Kazdan et al., 2024) has primarily focused
on the self-consuming retraining loop for LLMs,
where the next generation model is fine-tuned on
the base model using generated synthetic data.
However, in practical scenarios, retraining from
the base model may result in the loss of previously
acquired knowledge, especially when access to the
original training data is limited or restricted. A
more feasible and widely adopted approach in prac-
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Figure 1: Illustration of the self-consuming performa-
tive loop for LLMs. Dynamic human feedback (e.g., an
increase in queries from the blue group and a decrease
from the pink group) influences both the generation of
synthetic data and the subsequent training process.

tice is to fine-tune new models based on existing
finetuned ones (Gillman et al., 2024). However,
this incremental fine-tuning setting in self consum-
ing loop remains underexplored in current research.

In this paper, we introduce the self-consuming
performative loop for LLMs (Figure 1), which is
based on performative feedback (Perdomo et al.,
2020) and LLM self-consuming training. We an-
alyze bias variation in two settings: a novel incre-
mental fine-tuning loop and the standard retraining
loop. We investigate how synthetic data generated
by previous models influences bias dynamics dur-
ing iterative training with controlled human feed-
back. In particular, we examine how repeated self-
consuming training affects both preference bias and
disparate performance bias, providing insights that
inform safer deployment of future LLMs.

Our findings reveal that iterative fine-
tuning/retrain with self-generated data amplifies
preference bias and degrades generation quality
over time. Interestingly, disparate bias tends to
decrease, suggesting a convergence of performance
across groups. We also observe that perfor-
mative feedback accelerates bias amplification
in incremental fine-tuning loops, whereas this
phenomenon is less obvious in retraining loops.
To address the observed bias amplification, we
present a mitigation technique, which integrates
reward-guided selection and a reweighting mecha-
nism to control the data sampling process. We also
explore several naive rejection sampling (Yuan
et al., 2023) strategies as baselines. We conduct
comprehensive experiments on three real-world
tasks, which validate our findings and demonstrate
the effectiveness of the proposed mitigation
techniques. Our main contributions are as follows:

e We introduce the SCPL for LLMs and, for the
first time, study the dynamic incremental fine-
tuning loop under performative human feedback.

o We investigate the impact of synthetic data on
bias in the SCPL through extensive experiments
and provide several key observations.

o We explore various synthetic data curation meth-
ods and design a reward-guided selection with
reweighting technique to mitigate bias amplifi-
cation in the performative loop.

2 Related Work

Self-consuming Training Loops. Recent work
shows that recursively training generative mod-
els on their own outputs leads to model collapse,
where data quality and diversity degrade over it-
erations (Alemohammad et al., 2023; Shumailov
et al., 2024; Briesch et al., 2023; Cai et al., 2025).
Theoretically, collapse is inevitable when relying
solely on synthetic data (Seddik et al., 2024), while
incorporating fresh real data can stabilize training
(Bertrand et al., 2023). Subsequent analyses pro-
vide performance degradation bounds and modified
scaling laws (Dohmatob et al., 2024a,b). Several
studies highlight that LLMs are particularly vulner-
able in such recursive settings (Seddik et al., 2024;
Briesch et al., 2023; Guo et al., 2023), and that data
curation implicitly acts as preference optimization
in self-training loops (Ferbach et al., 2024).
Performative Prediction. Performative predic-
tion studies learning systems whose deployment
alters the data distribution itself (Perdomo et al.,
2020; Chen et al., 2023). Prior work analyzes stabil-
ity, convergence, and optimality under these feed-
back dynamics (Hardt and Mendler-Diinner, 2023;
Piliouras and Yu, 2023; Jin et al., 2024), providing
a theoretical lens for self-consuming training loops.
Bias in Self-consuming Systems. Recent stud-
ies show that biases can emerge and amplify in self-
consuming training, particularly for LLMs trained
on biased human text or synthetic data (Wyllie et al.,
2024; Wang et al., 2024c; Chen et al., 2024). Such
models may internalize social or political biases
present in their training corpora (Haller et al., 2023;
Rettenberger et al., 2025; Wang et al., 2024b). Mit-
igation strategies have been explored, but remain
limited in recursive settings (Wang et al., 2024c).
Rejection Sampling. Rejection sampling fil-
ters synthetic outputs using heuristics or reward
models to curate high-quality data for LLM fine-
tuning (Yuan et al., 2023; Toshniwal et al., 2024;
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Khaki et al., 2024; Tong et al., 2024; Li et al.,
2025; Pang et al., 2025). Such curation steers
models toward high-reward regions (Ferbach et al.,
2024), motivating our rewards-based reweighting
approach for bias mitigation in SCPL.

3 Self-Consuming Performative Loop

3.1 Preliminaries

Formally, let M; with parameters #; denote the
LLM at generation ¢, and let T" be the total number
of generations. Let x denote a prompt, y its cor-
responding response, and z = (z,y) the prompt-
response pair, i.e., a single data sample. A dataset
D = [z1, 29, ..., z,) then consists of n samples.
LLM Finetuning Loss For a dataset D con-
sisting of n prompt-response pairs (x, y), the fine-
tuning loss for a model M with parameters 6
is defined as: L(D;6) = L > (wyep L@, y;0)

n
. where L(z,y:0) = YU l(ho(x,y<i), vi)-
Here, ¢(-) denotes the cross-entropy loss, and
ho(z,y<i) = P(yi|(x, y<i); 0) is the model’s pre-
dicted probability of token y; given the prompt
x and the previously generated tokens y.; =
Y1,y yim1].

Self-Consuming Training Loop For LLMs,
each training cycle begins with a pre-trained model
fine-tuned on recent data via typical supervised fine-
tuning (Shumailov et al., 2024; Briesch et al., 2023).
A synthetic dataset D; is generated using the pre-
vious model M;_1, and the next generation model
M is trained from scratch (fine-tuned on the base
model) either using only generated synthetic data
D, or a mixture of real and synthetic data, depend-
ing on the data cycle design (Section 3.3).

3.2 Self-Consuming Performative Loop

We propose a dynamic self-consuming training
loop for LLMs (SCPL) where the predictive perfor-
mance of the previous generation model influences
the distribution of generated data, thereby affect-
ing the next generation model. Performative here
refers to dynamic, feedback-driven changes in the
input distribution. Under performativity, the next
generation model M is fine-tuned on data gener-
ated from the previous model M;_1, leading to a
performative fine-tuning loss defined as:

1
L(Dt(9t713Ht—1);9t):ﬁ > Llx,y;6:)
(x7y)€Dt
(D

Algorithm 1 Self-Consuming Performative Loop

Input: number of generations 7, data cycle
Initialize: Train base model on real data Dy,
producing My
fort=1tot =T do

Performative sample D; from M;_; based
on human feedback H;_

if Accumulation then

Dt<—DtU...UDU

end if

Train Model M, with D; using Eq 1
end for

where Dy(0;—1,H;_1) is the dataset induced by
M1 under real-world human performative feed-
back H;_; on a held-out dataset Dy or a training
dataset Dyin, depending on the specific real world
application and evaluation objective.

Here, we consider a two-group situation consist-
ing of an advantaged group D and a disadvantaged
group D?, such that D = D% U D?. We assume an
unbiased held out set Dy that contains an equal
number of samples from both groups to evaluate
the performance.

If a model performs better on D?, users from
this group are more likely to continue interacting
and generating data, while users from D, may dis-
engage, reducing their future representation and
exacerbating fairness issues. Our framework mod-
els a controlled self-consuming loop in which a
single provider collects, fine-tunes, and repeatedly
reuses its own model outputs (e.g. e-commerce rec-
ommendation system), enabling systematic study
of how internal feedback can amplify or distort de-
mographic preferences. In this study, group-wise
sample selection is governed by dynamic functions
that simulate practical human preference patterns.

Algorithm 1 presents the SCPL, while Algo-
rithm 2 outlines the performative sampling pro-
cess. Deandidate denotes the pool of candidate real
samples collected at iteration ¢ — 1. It consists of
samples from both the advantage group D¢

candidate

and the disadvantage group D2 S® and S¢

candidate*
denote the general performance scores of the ad-
vantaged and disadvantaged groups. These scores
are task-dependent and reflect how well the model
performs for each group. X jiaee, .1 denotes the
prompt set selected from D¢, .. and similarly
Xglandidate, .1 denotes the selected prompts from
the disadvantage group. The function F'(-) maps

group-level statistics to a sampling ratio that deter-
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Algorithm 2 LLM Performative Sampling

Input: LLM Mt—].’ Dtest, Dcandidate’ Dt—l
Initialize: D,: empty list
Calculate performance score S on D¢
Calculate performance score S% on D,
Human feedback H = [S¢, S°]
Update the disadvantage ratio rg = F/(S¢, S¢)
Select 74 * | D;—1| prompts from D2 ..
Select (1 — rg) * | D1 | prompts from D& ...
for 2 in prompts X gigae. .1 4O
Yy~ M;i_i(x); Add (z,y) to D,
end for
for = in prompts chlandidate, t-1 do
Yy~ Mi_1(x); Add (x,y) to Dy
end for
Return: D,

mines the relative data proportion allocated to each
group in the next iteration of the self-consuming
loop. In our implementation, the disadvantage ra-
tio is computed based on group-level performance.
For each group g, we define a group weight as
W = P x L/N, where P denotes the performance
of group g, L denotes the group length, and N de-
notes the total dataset size. It captures both predic-
tion performance and data volume. The disadvan-
tage ratio is then obtained through normalization
across groups. The resulting ratio determines the
number of samples allocated to the group in the
next iteration.

Moreover, we study two realistic cases for
SCPL:

Performative Retraining Loop The next gen-
eration model My is retrained from the base model
using the synthetic data performative sampling by
previous generation model M;_1. This retraining
loop is widely studied in previous work (Wang
et al., 2024c; Briesch et al., 2023).

Performative Incremental Fine-tuning Loop
We consider a more practical scenario reflecting
real-world constraints. Formally, at generation
t — 1, the model M;_; is used to generate a new
dataset D;. This dataset is then used to fine-tune
the model M;_1, resulting in the updated model
M. In user-facing applications with limited com-
putational resources, it is often necessary to incre-
mentally fine-tune the current generation model
on top of the previous one, in order to preserve
previously acquired knowledge. Retraining from
scratch may not be feasible when access to origi-
nal training data is restricted, for example, due to

expired data licenses. In such cases, the current
dataset D;_1, which only contains newly gener-
ated query-response pairs, may no longer suffice
to recover past knowledge. In addition to SFT, we
also conduct preliminary experiments using Direct
Preference Optimization (Rafailov et al., 2023).

3.3 Data Cycles and Dynamics

Full Synthetic Data Cycle: In the most extreme
case, the new model M, is only trained on the
generated data D; from the last generation (Alemo-
hammad et al., 2023). Each generation’s dataset
is of equal size, with Dy representing the initial
real human generated dataset. We use this itera-
tive training setup to investigate the most drastic
behavioral changes in models under a deployment
scenario where the original training data is inacces-
sible, such as due to expired data licenses or user
data deletion requests (Wang et al., 2025). Note
that synthetic training data can be obtained by us-
ing fresh real prompts collected from users.

Expanding Data Cycle (Accumulation): This
cycle reflects a practical setting in which the exist-
ing dataset can be reused during training to improve
performance (Briesch et al., 2023). We accumulate
both the original real data Dy and the generated
synthetic data across generations to form the train-
ing dataset. Specifically, the accumulated dataset
at generation t is Dy = Dy U D1 U ... U Dy. Prior
work has shown that such accumulation can slow
down model collapse (Kazdan et al., 2024) and
help mitigate bias (Wang et al., 2024c).

Dynamics: Dynamics refer to the changing
proportion between the advantaged and disadvan-
taged groups, which also indicate the performative
impact. We primarily study a controlled linear
dynamic setting, where the group ratio is explic-
itly manipulated in experiments. Starting from an
initial disadvantaged group ratio in Dy, the propor-
tion decreases linearly over generations to simulate
the effect of human feedback H under controlled
conditions. We also evaluate a fixed-ratio setting
as a baseline, where the disadvantaged ratio re-
mains constant while using fresh real prompts. The
scenario in which previous prompts are repeatedly
used to generate synthetic data, and the group ra-
tio remains unchanged across generations, is re-
ferred to as Non-dynamic, which is the typical
self-consuming training loop (Wang et al., 2024c;
Briesch et al., 2023; Alemohammad et al., 2023).
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4 Measuring the Bias

4.1 Overview

We focus on measuring bias variation in SCPL
through extensive experiments on three practical
tasks: news continuation, creative preference dis-
section, and math problem solving. The first two
evaluate preference bias, reflecting the model’s
inclination toward the advantaged group (Liu
et al., 2023). The third assesses disparate perfor-
mance (Liu et al., 2023), where the model’s accu-
racy differs between groups (easy versus hard math
questions). We observe that: (1) Synthetic data in
SCPL tends to amplify preference bias while re-
ducing disparate bias. (2) Performative dynamics
accelerate preference bias amplification compared
to non-dynamic self-consuming loops in both fine-
tuning and retraining settings, though the effect
depends on the task and training regime. (3) Accu-
mulation can slow the increase of preference bias
and mitigate the decline in generation quality. It
can alleviate the reduction in disparate bias and
help preserve math problem-solving ability.

4.2 Reward-based Reweighting Sampling

To reduce the observed preference bias amplifica-
tion in SCPL, we propose a bias mitigation tech-
nique based on rejection sampling to enhance fair-
ness in the SCPL. Specifically, for a prompt z
from D ypdidate, W€ generate k independent re-
sponses i, ..., Yk ~ M;i_1(z). A reward func-
tion R(x,7) is then used to select the highest scor-
ing sample or one that meets predefined criteria.
We propose a modular and extensible reward-based
reweighting method to reduce bias while main-
taining generation quality. Formally, let R =
{r1,r2,73} denote a set of predefined rules, where
r1(z,y) € [0, 1] represents a continuous score mea-
suring the generation quality, and 7 (z, §) indicates
whether the output ¢, have the same preference as
the input x. r3 refers to any possible task-relevant
extension rules. Each rule is associated with an
importance weight, denoted by «; and «, respec-
tively. The reward function is then defined as:

R(z,y) = on - ri(x,§) + az - r2(x,7) + 73 (2)

We integrate reward-guided sample selection with
a reweighting scheme, enabling dynamic control
over the sampling process to mitigate bias. The
idea is to generate and select more data from the dis-
advantaged group by adjusting the selection criteria
and increasing the sample size k. (Algorithm 3)

Regarding rule extension, our framework is de-
signed to be plug-and-play: one can incorporate
additional rules that capture properties such as sen-
timent, stylistic tone, format constraints, or even a
trained reward model that returns a score depend-
ing on downstream goals. Each rule outputs a re-
ward signal, and these are combined linearly (with
tunable weights) to produce the final reward score
used in sampling and training. When only a sin-
gle trained reward model is used with its weight
set to 1, this formulation reduces to the standard
case of using a single, well-trained or a zero-shot
reward model. Note that our mitigation strategy
does not rely on access to ground-truth labels used
in bias evaluation; instead, we use proxy metrics to
estimate the degree of bias present in the model.

S Experiments

We consider several different settings: (1) self-
consuming training loop (Non-dynamic): We
compare synthetic data (syn) with real data (real).
In the real setting, all synthetic data is replaced with
real data to examine how performance changes. (2)
SCPL (Dynamic): We evaluate two variants: a
controlled linear dynamic version (syn-dynamic)
and a fixed-ratio version (syn-dynamic-fr). As a
baseline, we also replace the synthetic data in the
controlled linear dynamic setting with real data
(real-dynamic). (3) Accumulation-enhanced per-
formative loop: We further apply data accumu-
lation to the proposed SCPL (syn-dynamic-accu).
We also apply accumulation to real data under the
same dynamic control (real-dynamic-accu). Ta-
ble 1 compares different self-consuming training
settings. Our experiments involve Qwen2.5-1.5B,
Qwen2.5-Math-1.5B (Yang et al., 2024), Llama2-
7B (Touvron et al., 2023), Qwen2.5-7B, Qwen2.5-
Math-7B, and Llama3.1-8B. More experimental
details and results, including self-consuming DPO
and beyond self-consuming analyses, are provided
in Appendix C, G, H.

5.1 News Continuation Task

This task examines the political bias of LLMs
within the US political spectrum by evaluating
their performance on news continuation (Maslej
et al., 2023). Following Wang et al. (2024c),
we use 6458 news articles from the Webis-Bias-
Flipper-18 dataset (Chen et al., 2018), selecting
left- and right-leaning articles to construct 256-
token prompt—completion pairs. At the initial itera-
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Setting Data Type Group Ratio Change Keep Accumulated Data Reuse Prompt
Traditional self-consuming loop (non-dynamic)
Traditional (real) real X X X
Traditional (syn) syn X X v
Proposed self-consuming performative loop (dynamic)
real-dynamic real v X X
syn-dynamic syn v X X
syn-dynamic-fr syn X X X
real-dynamic-accu real v v X
syn-dynamic-accu  syn v v X

Table 1: Comparison of different self-consuming training settings. Dynamic methods use group ratio change, while

only the traditional synthetic setting reuses prompts.

MO Ml MQ MS

MO Ml MQ MS

Preference Bias

Preference Bias

Real-dynamic  0.5587 0.5727 0.5983 0.5980 Real-dynamic 0.5587 0.5638 0.5695 0.6090
Syn-dynamic  0.5587 0.6327 0.6813 0.7136 Syn-dynamic  0.5587 0.6219 0.6478 0.6485
Generation Quality Generation Quality
Real-dynamic  2.538 2560 2.504  2.581 Real-dynamic  2.538  2.564 2544  2.450
Syn-dynamic ~ 2.538  2.284 2250 2252 Syn-dynamic ~ 2.538  2.314 2303 2340
MMLU MMLU
Real-dynamic  0.5820 0.5786 0.5833 0.5842 Real-dynamic  0.5820 0.5773 0.5812 0.5838
Syn-dynamic  0.5820 0.5728 0.5661 0.5652 Syn-dynamic  0.5820 0.5803 0.5622 0.5662

Table 2: Results in the performative incremental fine-
tuning loop using Llama3.1-8B on News task.

tion, the real dataset contains 5,000 samples (3,000
left-leaning and 2,000 right-leaning), where right-
leaning articles are treated as the advantaged group
and left-leaning articles as the disadvantaged group
for preference bias analysis. We evaluate model
performance on a held-out unbiased dataset and
additionally report accuracy results on the standard
MMLU benchmark (Hendrycks et al., 2021).
Evaluation Metric (1) Right lean bias (Bias
Score) is the fraction of generated continuations
classified as right-leaning on the unbiased test
dataset with 1000 articles. For each article, the
model deterministically generates the next 256 to-
kens, and a pretrained classifier following Wang
et al. (2024c) predicts the political leaning of the
generated continuation (right-lean or left-lean). An
unbiased model is expected to yield a score close to
0.5. (2) Generation Quality (GQ) is the average
score for all generated articles using the Gibberish
Detector'. The detector identifies the incoherent of
nonsensical text and has four Gibberish score: 3
for clean, 2 for mild gibberish, 1 and O for noise.
Results Preference bias increases more rapidly
in the SCPL than in the Non-dynamic loop under

'Please refer to https:/huggingface.co/madhurjindal/autonlp-

Gibberish-Detector-492513457

Table 3: Results in the performative retraining loop
using Llama3.1-8B on News task.

incremental fine-tuning. This is likely because bias
in the dynamic case can stem from both the increas-
ingly biased fine-tuned model and the performa-
tively generated synthetic data. However, under
the retraining setting, it shows a slower increase
and only marginal differences compared to the non-
dynamic loop. As shown in Figure 2a, using real
data in the iterative training process results in a rela-
tively stable bias trajectory with minimal variation.
The generation quality decreases at a similar rate
in retraining and incremental finetuning settings.
Tables 2 and 3 show that the observed bias trends
are consistent across model families. For complete-
ness, we also report results on the MMLU bench-
mark. Accuracy remains stable at approximately
(0.58 in the real-dynamic setting. In contrast, under
the syn-dynamic setting, accuracy decreases at a
similar rate for both incremental fine-tuning and
retraining, with modest reductions of about 0.02
and 0.05, respectively. As our primary goal is to
analyze the SCPL, standard benchmarks are less
sensitive to group-specific distributional shifts and
therefore may not fully capture performative bias
dynamics. In Figure 3, the bias score increases
more rapidly in dynamic setting, and the GQ de-
clines faster under the incremental fine-tuning loop.
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Figure 2: The preference bias and generation quality on two tasks using Qwen2.5-1.5B.
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Figure 3: The preference bias and generation quality on
news task using Llama2-7B in incremental fine-tuning
loop.

Accumulation helps mitigate the amplification of
preference bias and the degradation of generation
quality. However, it does not reduce preference
bias compared to the original bias or achieve per-
formance comparable to the real-data setting; it
merely slows the rate at which bias increases. De-
spite this partial mitigation, we do not observe that
accumulation reduces bias toward the neutral line
(0.5), as stated in Wang et al. (2024c¢). Therefore,
while accumulation can serve as a mitigation strat-
egy for both generation quality and preference bias,
its effect on bias remains limited and we need more
efforts on mitigation strategies.

5.2 Preference Dissection Task

In this task, we explore LLMs’ preference toward
non-creative attributes. We use the knowledge-
awre dataset Dolly (Conover et al., 2023) as the
advantage group with 15,000 samples and creative
writing dataset ShareGPT 2 as the disadvantage
group with 6,650 samples. We adopt the Preference
Dissection dataset (Li et al., 2024b) as test dataset.

*Huggingface: Nitral-Al/Creative_Writing-ShareGPT

Evaluation Metric We compute the average
preference probability for the non-creative attribute
across all ten scenarios in the test dataset (Li et al.,
2024b) as the preference bias. Since the raw pref-
erence scores consistently fall within the range
[0.4,0.6] (0.5 denotes neutral), we apply min-max
normalization to rescale them. The normalized
values are denoted as Non-Creative Preference.

Results Non-Creative Preference Bias increases
faster in the SCPL under both incremental fine-
tuning and retraining settings. In the Non-dynamic
self-consuming setting, the change in bias follows a
trend similar to that of the accumulation-enhanced
loop. In contrast, the bias increases more obviously
in the self-consuming performative incremental
fine-tuning loop, as shown in Figure 2b. Under
both fine-tuning and retraining settings, using ac-
cumulation effectively mitigates bias and achieves
performance close to that of the real-data setting.

5.3 Math Problem Solving Task

In this task, we use the NuminaMath dataset (Li
et al., 2024a), which contains 40,000 problem in-
stances. We partition the dataset into two groups
based on problem difficulty (easy vs. hard), com-
prising 23,000 easy problems and 17,000 hard
problems. For the initial iteration, the real train-
ing dataset consists of 5,000 samples, including
3,000 easy and 2,000 hard problems. Easy prob-
lems are considered the advantage group, as they
more commonly appear in real-world usage. Over
time, the model’s math-solving ability may become
skewed due to repeated exposure to easy problems,
potentially degrading its performance on harder
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ones (Tong et al., 2024). Our goal is to exam-
ine how LLMs perform when exposed to different
proportions of easy and hard problems in SCPL.
The performance gap between these two groups is
treated as disparate bias. We conduct the experi-
ments on Qwen2.5-Math-1.5B and Qwen2.5-Math-
7B (Yang et al., 2024) and Llama3.1-8B models.

Evaluation Metric (1) Disparate Bias is the
disparity of Pass@1 Accuracy for both groups.
Pass@1 Accuracy is the accuracy of solving prob-
lems correctly. (2) Similarity is the similarity
between the generated response and the ground
truth answers. Specifically, it utilizes the sum of
ROUGE-L (Lin, 2004) and Bertscore (Zhang et al.,
2019) to represent the problem solving ability. (3)
Generation Quality is the same one as in news
continuation task. Higher GQ indicates better gen-
eration quality.

Results Disparate bias decreases slower in the
SCPL, along with the decrease of overall accu-
racy and similarity score, as shown in Figure 4
and 5. This behavior is partly explained by the fact
that math performance relies heavily on previously
learned knowledge, while synthetic data tends to be

lower quality, leading to reduced group disparities
but overall performance degradation. In addition,
human preferences often favor easier questions,
resulting in fewer hard examples over iterations;
since LLMs typically struggle more on difficult
problems, this shift slows the apparent performance
drop as the data distribution becomes simpler. We
further observe that the linear dynamic setting bet-
ter preserves math-solving ability compared to the
size-fixed dynamic. The trend in disparate bias
reduction is similar across both settings. Notably,
model scale plays a critical role: for smaller models
such as Qwen2.5-Math-1.5B, performative dynam-
ics slow both performance and bias degradation,
whereas for larger models like Qwen2.5-Math-7B,
SCPL leads to faster performance decline com-
pared to non-dynamic training (Figure 4). This
suggests that larger models are more sensitive to
distributional shifts in synthetic data, and dynamic
sampling may disrupt their learned balance by re-
ducing exposure to harder or more diverse exam-
ples. In SCPL, Accumulation helps reduce the
decline in disparity and math-solving ability.
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5.4 Bias Mitigation Strategy

We evaluate the effectiveness of our proposed
bias mitigation method, which curates less biased
data using a predefined rule-based reward function
(Eq. 2) and a reweighting technique.

Setup Weset k = 4, a; = 1.0, and oy = 3.0.
In News task, r; evaluates the fluency of gener-
ated responses using a Gibberish Detector, which
assigns a score based on generation quality. Since
topic consistency is crucial in this task, we use
content similarity as a proxy to assess whether the
preference between the input and output remains
aligned. ro calculates the cosine similarity between
the generated content and the ground-truth con-
tinuation. If the similarity exceeds a predefined
threshold, the rule returns +1; otherwise, it returns
-1. The same for Preference Dissection task.

Baseline We evaluate three naive rejection sam-
pling methods: Vanilla Rejection Sampling (VRS):
Randomly selects one from responses that meet
criterias following Li et al. (2025). Top per Prompt
(TPP): Selects the response with the highest reward
for each prompt individually. Top Overall Prompt
(TOP): Selects the top n responses with the high-
est rewards across the entire dataset. We also add
Accumulation (Wang et al., 2024c) as one baseline.

Results The proposed reward-based reweight-
ing sampling achieves the best overall performance
for bias mitigation. Among the five strategies
evaluated, the reweight variant demonstrates the
most effective bias mitigation on the News task
under both retraining and fine-tuning settings, as
shown in Figure 6a. On the Preference Dissection
task, our method ranks second in performance, as
the accumulation-based approach achieves results
close to those obtained using real data (Figure 6b).

Table 4 shows that the proposed reward-based
reweighting sampling method consistently achieves
the best overall bias mitigation performance un-
der both retraining and fine-tuning settings. These

MO Ml MQ MS

Incremental Fine-tuning

Real-dynamic 0.5587 0.5638 0.5695 0.6090
Syn-dynamic 0.5587 0.6219 0.6478 0.6485
Syn-dynamic-VRS 0.5587 0.6231 0.6636 0.6701
Syn-dynamic-TPP 0.5587 0.6137 0.6339 0.6391
Syn-dynamic-TOP 0.5587 0.6149 0.6352 0.6424
Syn-dynamic-Reweight 0.5587 0.5941 0.6325 0.6326
Retraining
Real-dynamic 0.5587 0.5727 0.5983 0.5980
Syn-dynamic 0.5587 0.6327 0.6813 0.7136
Syn-dynamic-Reweight 0.5587 0.6079 0.6141 0.6171

Table 4: Preference bias after applying mitigation meth-
ods in the performative incremental fine-tuning and re-
training loop with Llama3.1-8B on the News task.

results align with the findings on Qwen2.5-1.5B,
indicating that the effectiveness of our method gen-
eralizes across different model families.

6 Conclusion

In this work, we introduce the SCPL for LLMs and
study how synthetic data impacts bias under itera-
tive training with performative feedback. Focusing
on the underexplored incremental fine-tuning set-
ting and typical retraining setting, we show that
preference bias increases in both settings. We also
observe the decline of disparate bias. To address
the bias amplification, we propose a reward-based
reweighting sampling method. Extensive experi-
ments on three real world tasks demonstrate our
findings and the effectiveness of the mitigation
method. While we focus on supervised fine-tuning,
with preliminary results on DPO, our framework
demonstrates the potential of dynamic control for
studying performative feedback. Extending this ap-
proach to RLHF and preference-based methods is a
natural next step. Beyond self-consuming settings,
multi-model feedback loops offer a promising yet
challenging direction, requiring careful control of
model scale and data composition.
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Limitations

One limitation of our approach lies in the reward-
based sampling mechanisms, which currently rely
on predefined rules. If these rules are poorly de-
signed or misaligned with user intent, they may
inadvertently introduce bias and lead to undesired
model behaviors. Additionally, due to the sub-
stantial computational overhead associated with
self-consuming reinforcement learning, we exclude
it from our current experimental setup. More-
over, our work should be interpreted as revealing
how feedback-driven distribution shifts could affect
LLM behavior, not as evidence that these shifts cur-
rently occur in deployed models. Furthermore, our
controlled proportion decay is a simplified abstrac-
tion of real-world feedback dynamics. Modeling
true feedback-driven group shifts would require
proprietary data (e.g., user demographics and in-
teraction logs), which are not publicly available.
To our knowledge, no dataset captures how group
proportions evolve under deployed feedback loops;
thus, controlled simulation remains the only practi-
cal approach for systematic study.

References

Sina Alemohammad, Josue Casco-Rodriguez, Lorenzo
Luzi, Ahmed Imtiaz Humayun, Hossein Babaei,
Daniel LeJeune, Ali Siahkoohi, and Richard G Bara-
niuk. 2023. Self-consuming generative models go
mad. arXiv preprint arXiv:2307.01850, 4:14.

Sina Alemohammad, Ahmed Imtiaz Humayun, Shruti
Agarwal, John Collomosse, and Richard Baraniuk.
2024. Self-improving diffusion models with syn-
thetic data. arXiv preprint arXiv:2408.16333.

Quentin Bertrand, Avishek Joey Bose, Alexandre Du-
plessis, Marco Jiralerspong, and Gauthier Gidel.
2023. On the stability of iterative retraining of gen-
erative models on their own data. arXiv preprint
arXiv:2310.00429.

Martin Briesch, Dominik Sobania, and Franz Rothlauf.
2023. Large language models suffer from their own
output: An analysis of the self-consuming training
loop. arXiv preprint arXiv:2311.16822.

Zhongteng Cai, Yaxuan Wang, Yang Liu, and Xueru
Zhang. 2025. Stabilizing self-consuming diffusion
models with latent space filtering. arXiv preprint
arXiv:2511.12742.

Eshwar Chandrasekharan, Umashanthi Pavalanathan,
Anirudh Srinivasan, Adam Glynn, Jacob Eisenstein,
and Eric Gilbert. 2017. You can’t stay here: The
efficacy of reddit’s 2015 ban examined through hate
speech. Proceedings of the ACM on human-computer
interaction, 1(CSCW):1-22.

Tianwei Chen, Yusuke Hirota, Mayu Otani, Noa Garcia,
and Yuta Nakashima. 2024. Would deep generative
models amplify bias in future models? In Proceed-
ings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, pages 10833—10843.

Wei-Fan Chen, Henning Wachsmuth, Khalid Al Khatib,
and Benno Stein. 2018. Learning to flip the bias of
news headlines. In Proceedings of the 11th Interna-
tional conference on natural language generation,
pages 79-88.

Yatong Chen, Wei Tang, Chien-Ju Ho, and Yang Liu.
2023. Performative prediction with bandit feedback:
Learning through reparameterization. arXiv preprint
arXiv:2305.01094.

Mike Conover, Matt Hayes, Ankit Mathur, Jianwei Xie,
Jun Wan, Sam Shah, Ali Ghodsi, Patrick Wendell,
Matei Zaharia, and Reynold Xin. 2023. Free dolly:
Introducing the world’s first truly open instruction-
tuned 1lm.

Elvis Dohmatob, Yunzhen Feng, and Julia Kempe.
2024a. Model collapse demystified: The case of
regression. arXiv preprint arXiv:2402.07712.

Elvis Dohmatob, Yunzhen Feng, Pu Yang, Francois
Charton, and Julia Kempe. 2024b. A tale of tails:
Model collapse as a change of scaling laws. arXiv
preprint arXiv:2402.07043.

Damien Ferbach, Quentin Bertrand, Avishek Joey Bose,
and Gauthier Gidel. 2024. Self-consuming genera-
tive models with curated data provably optimize hu-
man preferences. arXiv preprint arXiv:2407.09499.

Nate Gillman, Michael Freeman, Daksh Aggarwal,
Chia-Hong Hsu, Calvin Luo, Yonglong Tian, and
Chen Sun. 2024. Self-correcting self-consuming

loops for generative model training. arXiv preprint
arXiv:2402.07087.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
Deepseek-rl: Incentivizing reasoning capability in
Ilms via reinforcement learning. arXiv preprint
arXiv:2501.12948.

Yanzhu Guo, Guokan Shang, Michalis Vazirgiannis, and
Chloé Clavel. 2023. The curious decline of linguistic
diversity: Training language models on synthetic text.
arXiv preprint arXiv:2311.09807.

33871


https://www.databricks.com/blog/2023/04/12/dolly-first-open-commercially-viable-instruction-tuned-llm
https://www.databricks.com/blog/2023/04/12/dolly-first-open-commercially-viable-instruction-tuned-llm
https://www.databricks.com/blog/2023/04/12/dolly-first-open-commercially-viable-instruction-tuned-llm

Patrick Haller, Ansar Aynetdinov, and Alan Akbik. 2023.
Opiniongpt: Modelling explicit biases in instruction-
tuned llms. arXiv preprint arXiv:2309.03876.

Moritz Hardt and Celestine Mendler-Diinner. 2023. Per-
formative prediction: Past and future. arXiv preprint
arXiv:2310.16608.

Ryuichiro Hataya, Han Bao, and Hiromi Arai. 2023.
Will large-scale generative models corrupt future
datasets? In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, pages 20555—
20565.

Dan Hendrycks, Collin Burns, Steven Basart, Andy
Zou, Mantas Mazeika, Dawn Song, and Jacob Stein-
hardt. 2021. Measuring massive multitask language
understanding. Proceedings of the International Con-
ference on Learning Representations (ICLR).

Daniel Hickey, Daniel MT Fessler, Kristina Lerman,
and Keith Burghardt. 2025. X under musk’s leader-
ship: Substantial hate and no reduction in inauthentic
activity. PLoS One, 20(2):e0313293.

Manoel Horta Ribeiro, Shagun Jhaver, Savvas Zannet-
tou, Jeremy Blackburn, Gianluca Stringhini, Emil-
iano De Cristofaro, and Robert West. 2021. Do plat-
form migrations compromise content moderation?
evidence from r/the_donald and r/incels. Proceed-
ings of the ACM on Human-Computer Interaction,
5(CSCW2):1-24.

Kun Jin, Tian Xie, Yang Liu, and Xueru Zhang. 2024.
Addressing polarization and unfairness in performa-
tive prediction. arXiv preprint arXiv:2406.16756.

Joshua Kazdan, Rylan Schaeffer, Apratim Dey, Matthias
Gerstgrasser, Rafael Rafailov, David L Donoho, and
Sanmi Koyejo. 2024. Collapse or thrive? perils and
promises of synthetic data in a self-generating world.
arXiv preprint arXiv:2410.16713.

Saeed Khaki, JinJin Li, Lan Ma, Liu Yang, and Prathap
Ramachandra. 2024. Rs-dpo: A hybrid rejection sam-
pling and direct preference optimization method for
alignment of large language models. arXiv preprint
arXiv:2402.10038.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying
Sheng, Lianmin Zheng, Cody Hao Yu, Joseph E.
Gonzalez, Hao Zhang, and Ion Stoica. 2023. Effi-
cient memory management for large language model
serving with pagedattention. In Proceedings of the
ACM SIGOPS 29th Symposium on Operating Systems
Principles.

Jia Li, Edward Beeching, Lewis Tunstall, Ben Lip-
kin, Roman Soletskyi, Shengyi Huang, Kashif Rasul,
Longhui Yu, Albert Q Jiang, Ziju Shen, and 1 others.
2024a. Numinamath: The largest public dataset in
ai4maths with 860k pairs of competition math prob-
lems and solutions. Hugging Face repository, 13:9.

Junlong Li, Fan Zhou, Shichao Sun, Yikai Zhang, Hai
Zhao, and Pengfei Liu. 2024b. Dissecting human and
IIm preferences. arXiv preprint arXiv:2402.11296.

Peiji Li, Kai Lv, Yunfan Shao, Yichuan Ma, Linyang
Li, Xiaoqing Zheng, Xipeng Qiu, and Qipeng Guo.
2025. Fastmcts: A simple sampling strategy for data
synthesis. arXiv preprint arXiv:2502.11476.

Chin-Yew Lin. 2004. Rouge: A package for automatic
evaluation of summaries. In Text summarization
branches out, pages 74-81.

Yang Liu, Yuanshun Yao, Jean-Francois Ton, Xiaoying
Zhang, Ruocheng Guo, Hao Cheng, Yegor Klochkov,
Muhammad Faaiz Taufiq, and Hang Li. 2023. Trust-
worthy llms: a survey and guideline for evaluating
large language models’ alignment. arXiv preprint
arXiv:2308.05374.

Nestor Maslej, Loredana Fattorini, Erik Brynjolfs-
son, John Etchemendy, Katrina Ligett, Terah Lyons,
James Manyika, Helen Ngo, Juan Carlos Niebles,
Vanessa Parli, and 1 others. 2023.  Artificial
intelligence index report 2023. arXiv preprint
arXiv:2310.03715.

Team Olmo, Allyson Ettinger, Amanda Bertsch, Bailey
Kuehl, David Graham, David Heineman, Dirk Groen-
eveld, Faeze Brahman, Finbarr Timbers, Hamish
Ivison, Jacob Morrison, Jake Poznanski, Kyle Lo,
Luca Soldaini, Matt Jordan, Mayee Chen, Michael
Noukhovitch, Nathan Lambert, Pete Walsh, and 49
others. 2025. Olmo 3. Preprint, arXiv:2512.13961.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,
Carroll Wainwright, Pamela Mishkin, Chong Zhang,
Sandhini Agarwal, Katarina Slama, Alex Ray, and 1
others. 2022. Training language models to follow in-
structions with human feedback. Advances in neural
information processing systems, 35:27730-27744.

Jinlong Pang, Zhaowei Zhu, Na Di, Yichi Zhang, Yax-
uan Wang, Chen Qian, and Yang Liu. 2025. Su-
pervised fine-tuning on ambiguous preference pairs
boosts 1lm alignment.

Juan Perdomo, Tijana Zrnic, Celestine Mendler-Diinner,
and Moritz Hardt. 2020. Performative prediction.
In International Conference on Machine Learning,
pages 7599-7609. PMLR.

Georgios Piliouras and Fang-Yi Yu. 2023. Multi-agent
performative prediction: From global stability and
optimality to chaos. In Proceedings of the 24th ACM
Conference on Economics and Computation, pages

1047-1074.

Rafael Rafailov, Arfchit Sharma, Eric Mitchell, Christo-
pher D Manning, Stefano Ermon, and Chelsea Finn.
2023. Direct preference optimization: Your language
model is secretly a reward model. Advances in neural
information processing systems, 36:53728-53741.

Luca Rettenberger, Markus Reischl, and Mark Schutera.
2025. Assessing political bias in large language mod-
els. Journal of Computational Social Science, 8(2):1—
17.

33872


https://arxiv.org/abs/2512.13961

Vinu Sankar Sadasivan, Aounon Kumar, Sriram Bala-
subramanian, Wenxiao Wang, and Soheil Feizi. 2023.
Can ai-generated text be reliably detected? arXiv
preprint arXiv:2303.11156.

Mohamed El Amine Seddik, Suei-Wen Chen, Soufiane
Hayou, Pierre Youssef, and Merouane Debbah. 2024.
How bad is training on synthetic data? a statistical

analysis of language model collapse. arXiv preprint
arXiv:2404.05090.

Ilia Shumailov, Zakhar Shumaylov, Yiren Zhao,
Yarin Gal, Nicolas Papernot, and Ross Anderson.
2023. The curse of recursion: Training on gen-
erated data makes models forget. arXiv preprint
arXiv:2305.17493.

Ilia Shumailov, Zakhar Shumaylov, Yiren Zhao, Nicolas
Papernot, Ross Anderson, and Yarin Gal. 2024. Ai
models collapse when trained on recursively gener-
ated data. Nature, 631(8022):755-759.

Qwen Team. 2024. Qwen?2 technical report. arXiv
preprint arXiv:2407.10671.

Ludovic Terren and Rosa Borge. 2021. Echo chambers
on social media: A systematic review of the literature.

Yuxuan Tong, Xiwen Zhang, Rui Wang, Ruidong Wu,
and Junxian He. 2024. Dart-math: Difficulty-aware
rejection tuning for mathematical problem-solving.
Advances in Neural Information Processing Systems,

37:7821-7846.

Shubham Toshniwal, Ivan Moshkov, Sean Narenthi-
ran, Daria Gitman, Fei Jia, and Igor Gitman. 2024.
Openmathinstruct-1: A 1.8 million math instruction
tuning dataset. Advances in Neural Information Pro-
cessing Systems, 37:34737-34774.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-
bert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti
Bhosale, and 1 others. 2023. Llama 2: Open foun-
dation and fine-tuned chat models. arXiv preprint
arXiv:2307.09288.

Maorong Wang, Nicolas Michel, Jiafeng Mao, and
Toshihiko Yamasaki. 2024a. Dealing with syn-
thetic data contamination in online continual learning.
arXiv preprint arXiv:2411.13852.

Yaxuan Wang, Chris Yuhao Liu, Quan Liu, Jing-
long Pang, Wei Wei, Yujia Bao, and Yang Liu.
2025. Dragon: Guard 1lm unlearning in context via
negative detection and reasoning. arXiv preprint
arXiv:2511.05784.

Ze Wang, Zekun Wu, Xin Guan, Michael Thaler, Adri-
ano Koshiyama, Skylar Lu, Sachin Beepath, Ediz
Ertekin Jr, and Maria Perez-Ortiz. 2024b. Job-
fair: A framework for benchmarking gender hir-

ing bias in large language models. arXiv preprint
arXiv:2406.15484.

Ze Wang, Zekun Wu, Jeremy Zhang, Navya Jain, Xin
Guan, and Adriano Koshiyama. 2024c. Bias ampli-
fication: Language models as increasingly biased
media. arXiv preprint arXiv:2410.15234.

Xiukun Wei and Xueru Zhang. 2025. Self-consuming
generative models with adversarially curated data.
arXiv preprint arXiv:2505.09768.

Sierra Wyllie, Ilia Shumailov, and Nicolas Papernot.
2024. Fairness feedback loops: training on synthetic
data amplifies bias. In Proceedings of the 2024 ACM
Conference on Fairness, Accountability, and Trans-
parency, pages 2113-2147.

An Yang, Beichen Zhang, Binyuan Hui, Bofei Gao,
Bowen Yu, Chengpeng Li, Dayiheng Liu, Jianhong
Tu, Jingren Zhou, Junyang Lin, and 1 others. 2024.
Qwen2. 5-math technical report: Toward mathe-
matical expert model via self-improvement. arXiv
preprint arXiv:2409.12122.

Zheng Yuan, Hongyi Yuan, Chengpeng Li, Guanting
Dong, Keming Lu, Chuangi Tan, Chang Zhou, and
Jingren Zhou. 2023. Scaling relationship on learning
mathematical reasoning with large language models.
arXiv preprint arXiv:2308.01825.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q
Weinberger, and Yoav Artzi. 2019. Bertscore: Eval-
uating text generation with bert. arXiv preprint
arXiv:1904.09675.

33873



Appendix Arrangement

The Appendix is organized as follows.
¢ Section A: Broader Impact

¢ Section B: Related Work

¢ Section C: Experimental details: Dataset De-
scriptions (Section C.1), Implementation De-
tails (Section C.2), Experimental Results (Sec-
tion C.3), Parameter Study (Section C.4)

o Section D: Mitigation Strategy
o Section E: Discussion about Focusing on SFT

e Section F: Discussion about Full Synthetic
Data Cycle

e Section G: Additional Experiments using
DPO

o Section H: Additional Experiments beyond
Self-consuming

¢ Section I: Future Directions

A Broader Impact

Our study highlights how certain types of bias in
self-consuming performative loop change. While
we propose mitigation strategies, deploying such
self-consuming training pipelines without careful
control may unintentionally reinforce existing so-
cietal biases or introduce new ones, especially in
sensitive applications such as hiring, healthcare, or
education. Moreover, the reward-based sampling
mechanisms we explore rely on predefined rules,
which, if poorly designed or misaligned with user
values, may further skew model behavior. As the
use of synthetic data becomes more widespread,
it is critical to monitor its downstream effects and
establish responsible practices for data generation
and model retraining.

B Related Work

Self-consuming Training Loop  The self-
consuming training loop in generative models has
recently gained significant attention (Hataya et al.,
2023; Alemohammad et al., 2024, 2023). Several
studies (Alemohammad et al., 2023; Shumailov
et al., 2024; Briesch et al., 2023) have evidenced
catastrophic degradation of generated data in fully
synthetic training loops. The phenomenon often
referred to as model collapse in recursive training.
Seddik et al. (2024) demonstrate that model col-
lapse is inevitable when training solely on synthetic
data from a statistical perspective. Both Alemoham-

mad et al. (2023) and Bertrand et al. (2023) observe
that the inclusion of fresh, real data can stabilize the
self-consuming training loop. A recent theoretical
contribution by Dohmatob et al. (2024a) provides
bounds on performance degradation in regression
settings, along with modified scaling laws (Dohma-
tob et al., 2024b). Several works (Seddik et al.,
2024; Briesch et al., 2023; Guo et al., 2023) focus
specifically on LLMs, highlighting their unique
vulnerabilities to model collapse. In parallel, Fer-
bach et al. (2024) offer a theoretical study on the
role of data curation in iterative retraining of gener-
ative models, showing that curated datasets act as
an implicit preference optimization mechanism.

Performative Prediction In the social world,
predictions are an intrinsic part of the system,
where they inform decisions, beliefs and even influ-
ence outcomes. Performative prediction (Perdomo
et al., 2020) provides a framework for studying
social predictive systems in which the data distri-
bution changes in response to the deployment of a
model (Chen et al., 2023). A growing body of work
has investigated the stability and optimality of such
performative systems (Hardt and Mendler-Diinner,
2023; Piliouras and Yu, 2023; Jin et al., 2024).

Echo Chambers and User-Technology Feed-
back. Echo chambers (Terren and Borge, 2021)
describe self-reinforcing dynamics in online plat-
forms, where interactions between users and plat-
form mechanisms amplify specific viewpoints
or behaviors over time. Prior work shows
that moderation policies, recommendation sys-
tems, and user migration jointly shape platform-
specific ideological patterns, as observed across
communities on Reddit and between platforms
such as Reddit and X (Chandrasekharan et al.,
2017; Horta Ribeiro et al., 2021; Hickey et al.,
2025). These studies highlight how feedback-
driven user—technology—userbase cycles can induce
systematic distributional shifts in content and be-
havior.

Bias in Self-consuming World Recent
work (Wyllie et al., 2024; Wang et al., 2024c; Chen
et al., 2024) investigates the emergence and ampli-
fication of biases in self-consuming training loops.
LLMs may internalize inherent biases present in
human-generated text (Wang et al., 2024b), or
adopt specific political viewpoints reflected in their
training data (Haller et al., 2023; Rettenberger et al.,
2025; Wang et al., 2024c). To address this issue,
Wang et al. (2024c) also propose several techniques
for mitigating bias for self-consuming LLM:s.
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Rejection Sampling Rejection sampling is
widely used to generate high-quality synthetic data
for supervised fine-tuning of LLMs (Yuan et al.,
2023; Toshniwal et al., 2024; Khaki et al., 2024). It
filters candidate outputs based on predefined heuris-
tics or reward models. Yuan et al. (2023) apply
this technique to augment training data, while Tong
et al. (2024) propose difficulty-aware rejection sam-
pling, biasing data collection toward harder queries
via two strategies: Uniform and Prop2Diff. Li et al.
(2025) introduce FastMCTS to efficiently sample
multi-step reasoning data, and Khaki et al. (2024)
propose RS-DPO, which selects contrastive sam-
ples using a reward model. Ferbach et al. (2024)
find that synthetic curation helps the model con-
verge toward high reward regions. Inspired by this,
we design a simple yet effective bias mitigation
strategy that combines rule-based rewards with a
reweighting scheme to curate high-quality and less
biased data.

C Experimental details

C.1 Dataset Descriptions

News Datasets The source dataset is Webis-Bias-
Flipper-18 (Chen et al., 2018). It contains 6458
news articles covering 2781 distinct events from
2012 to 2018. For each article, the dataset pro-
vides the title, summary, full content, and an asso-
ciated political bias label. The bias labels include
“From the left” for articles published by left-leaning
media outlets, “From the right” for those from
right-leaning sources, and “Neutral” for politically
unbiased articles. We select all the left-leaning
and right-leaning news articles labeled as “From
the left” and “From the right,” respectively. Each
original news article is tokenized into 256-token
blocks, and we select two adjacent blocks as the
prompt and the corresponding completion. These
prompt—completion pairs are used for both training
the political bias classification metric and for the
self-performative consuming training loop. Table 5
shows the number of samples for each dataset used
during the self performative consuming loop.

Preference Datasets In this task, we utilize three
datasets: (1) Databricks-Dolly-15k is a corpus
of over 15,000 instruction-response pairs created
by thousands of Databricks employees to enable
LLMs to exhibit the interactive behavior character-
istic of ChatGPT. (2) CreativeWriting-ShareGPT
is a dataset consisting of prompts designed to elicit

creative storytelling, along with the correspond-
ing responses generated by ChatGPT. (3) Prefer-
ence Dissection is a benchmark dataset designed to
quantify LLM preferences across ten scenarios. It
enables decomposition of overall preferences into
multiple well-defined attributes, including creative
writing and knowledge-aware (non-creative) tasks.

We use the creative writing scenario as the dis-
advantaged group, and the knowledge-aware (i.e.,
non-creative) scenario as the advantaged group.
Importantly, we only use the Preference Dissec-
tion dataset as the test dataset. Accordingly, Dolly
is used as the training dataset for non-creative at-
tributes, while CreativeWriting-ShareGPT is used
to represent creative attributes in training.

Math Datasets The source dataset is Numina-
Math(Li et al., 2024a), a comprehensive collection
of 860,000 pairs of competition-level math prob-
lems and their solutions. For our study, we catego-
rize problems from Chinese K-12 exams as the easy
group and those from international math olympiads
as the hard group. Detailed sample statistics are
provided in Table 5. We ensure that the test set
is disjoint from the training and validation sets to
prevent data leakage.

Clarifying the Rationale for Our Task Choices
Our goal is to study bias dynamics under SCPL,
which requires tasks where (1) group structure is
explicit, should lead to the “performative”, (2) syn-
thetic data can be generated reliably across genera-
tions, and (3) bias effects can be measured contin-
uously over iterative fine-tuning. The three tasks
we selected were chosen because they satisfy these
criteria:

Clear group structure. Each task provides nat-
ural, well-defined group splits (e.g., left/right po-
litical leaning, creative/non-creative preferences,
easy/hard math problems), enabling controlled bias
evaluation.

Suitability for multi-generation synthetic
data. Many standard bias benchmarks (e.g., BBQ)
are closed-ended, making them unsuitable for re-
cursive data generation. Our tasks support repeated
prompting and regeneration across iterations.

Grounding in prior work. Political bias in
news generation has been studied (Wang et al.,
2024c); creative vs. non-creative preference gaps
follow the Preference Dissection; and easy/hard
math disparities capture reasoning performance dif-
ferences. We will clarify this rationale in Section 4
of the revised version.
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Dataset Initial Real D Candidate Dcpgidate Held out Dyegt
Task Fixed Size D a D d gandidate D gandidate D g:st D ffl:st
News Continuation 5000 3000 2000 33873 41334 500 500
Preference Dissection 2000 1600 400 13407 6253 - -
Numina Math 5000 3000 2000 20000 15000 500 500

Table 5: Dataset statistics for the three tasks, showing the number of samples in each dataset at the initial generation

0.

C.2 Implementation Details

All experiments can be conducted using two 80 GB
A100 GPUs.

Generation parameters We used the
vLLM (Kwon et al.,, 2023) framework to
generate the synthetic data. The generation
parameters in the main observation experiments
are set as follows: n = 1 (single sample per
prompt). All other parameters followed the default
settings in vLLM, including temperature = 1.0 and
top, = 1.0. These settings correspond to standard
sampling without additional constraints.

Right Lean Bias Evaluation Using an unbiased
dataset of 1000 human-written articles evenly dis-
tributed across right-lean and left-lean categories,
we generate the synthetic articles by deterministi-
cally predicting the next 256 tokens. Right lean
bias is the percentage of the predicted right lean
chunks in the unbiased dataset. If the model had no
bias, the bias score should be around 0.5. Follow-
ing Wang et al. (2024c), we train a binary classifier
to determine the political leaning of synthetic gen-
eration (1 for right-lean, O for left-lean). We fine-
tuned on Roberta-base model with a learning rate
of 2e-5, a batch_size of 16, weight decay of 0.01
and 5 training epochs. We select the best model
based on F1 score (0.94) on the prompts from the
unbiased test dataset to have better classification
accuracy.

News Continuation We use an initial disadvan-
tage ratio rg of 0.4, and set the dataset size for
each iteration to 5,000 samples (n = 5, 000). For
training, we adopt a learning rate of 2e — 5 and
a weight decay of 0.01. Each iteration is trained
for 5 epochs, and the entire process consists of 3
generations. To simulate increasing bias in human
preferences, the disadvantage group ratio is linearly
reduced across three generations, starting from 0.4
and decreasing to 0.22.

Performative Incremental Fine-tuning Loop

Performative Incremental Fine-tuning Loop
751 :

Generations Generations

Figure 7: The preference bias and generation quality on
news task using Llama2-7B in incremental fine-tuning
loop.
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Figure 8: Bias score and generation quality variations
in the self-consuming performative retraining loop on
the News task using Llama2-7B.

Preference Dissection We use an initial disad-
vantage ratio 7’2 of 0.2, and set the dataset size for
each iteration to 2,000 samples (n = 2, 000). For
training, we adopt a learning rate of 2¢ — 5 and
a weight decay of 0.01. Each iteration is trained
for 5 epochs, and the entire process consists of five
generations. To simulate increasing bias in human
preferences, the disadvantage group ratio is linearly
reduced across five generations, starting from 0.2
and decreasing to 0.0.

Numina Math We use an initial disadvantage
ratio rg of 0.4, and set the dataset size for each iter-
ation to 5,000 samples (n = 5, 000). For training,
we adopt a learning rate of 2e — 5 and a weight de-
cay of 0.01. Each iteration is trained for 3 epochs,
and the entire process consists of five generations.
To simulate increasing bias in human preferences,
the disadvantage group ratio is linearly reduced
across five generations, starting from 0.4 and de-
creasing to 0.2.
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C.3 Experimental Results

Results in self-consuming performative loop on
News task using Llama2-7B (Touvron et al.,
2023) Figure 7 and Figure 8 show the variation
in bias scores and generation quality in the self-
consuming performative fine-tuning loop and re-
training loop, respectively. The bias score increases
more rapidly in the dynamic setting, and the gener-
ation quality declines faster under the incremental
fine-tuning loop. In contrast, both bias score and
generation quality in the performative retraining
loop exhibit more stable trends compared with the
Non-dynamic training loop. The accumulation of
synthetic data fails to mitigate bias in the incremen-
tal fine-tuning loop. However, incorporating more
accumulated real data improves generation quality
throughout the training loop.

Results in self-consuming performative loop on
Math task using Qwen2.5-Math-7B (Yang et al.,
2024). As shown in Figure 9, we observe an inter-
esting trend: while the dynamic setting slows down
the performance and disparate bias drop on math-
solving tasks for Qwen2.5-Math-1.5B, it leads to
faster degradation for Qwen2.5-Math-7B. This may
be because larger models are more sensitive to
shifts in training data distribution. The dynamic
performative training process, while helpful for
smaller models by reinforcing useful signals, may
disturb the learned balance in larger models and
reduce exposure to harder or more diverse samples,
thus accelerating performance decline.

Results in the self-consuming performative in-
cremental fine-tuning loop on the News task
using Qwen2.5-1.5B, evaluated on generated
datasets. To better understand the cause of pref-
erence bias amplification, we evaluate model per-
formance on the generated datasets (e.g., D1, Da,
etc.). As shown in Table 6, these datasets inherit
existing bias, which is further amplified during the
incremental fine-tuning process.

C.4 Parameter Study

The impact of initial disadvantage ratio in News
task using Llama2-7B. Table 7 presents the
study of the parameters on the impact of the initial
disadvantage ratio. Interestingly, we observe that
when the initial disadvantage ratio is lower (e.g.,
0.2), the increase in bias over time is less obvious
compared to the higher initial ratio (e.g., 0.4). This
counter-intuitive result may be due to the fact that

models starting from a more imbalanced setting are
already biased toward the majority group, making
subsequent performative updates reinforce existing
preferences rather than introduce significant new
bias. In contrast, when the initial distribution is
more balanced, the performative feedback loop has
a greater opportunity to shift model behavior and
amplify bias over time.

D Mitigation Strategy

D.1 Rejection Sampling Baseline

Vanilla Rejection Sampling (VRS) For each
prompt, we generate k candidate responses. For
the k generated responses, we evaluate the correct-
ness or the ability to satisfy the predefined standard.
For news continuation task, the predefined standard
include bias, generation quality, similarity to the
ground truth continuation, and sentiment score. For
bias, we use the trained classifier to determine the
score. For generation quality, based on the Gibber-
ish detector, if the Gibberish score is 1 or 0, the
score will be -1, otherwise the score will be 1. For
similarity, the threshold is 0.5. Then we sum all
four scores, if the sum greater than 0, then we think
it satisfy the standard. After that, we randomly
select from these candidates. We make sure at least
we will select one response per prompt.

Top Per Prompt (TPP) For each prompt, the
method generates k responses and selects the re-
sponse with the highest rewards.

Top Overall Prompts (TOP) For each prompt,
the method generates k responses and selects n
response from the n * k candidates with the highest
rewards.

D.2 Reward-based Sampling with Reweight
Scheme

Algorithm 3 describes the Reward-based Sampling
with Reweighting scheme, where X& ... . | de-
notes the set of prompts from the disadve{ntaged
group generated during iteration ¢ — 1 of the per-
formative loop.

E Discussion about Focusing on SFT

Our current study intentionally focuses on super-
vised fine-tuning (SFT) to isolate and better un-
derstand the dynamics of bias variations under
the proposed novel self-consuming performative
loops. SFT remains a widely adopted method for
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Figure 9: Disparate bias and mathematical problem solving ability variations in the self-consuming performative
incremental fine-tuning loop on the Math task using Qwen2.5-Math-7B.

Method

Dy

Dy

Do

D3

Synthetic-Non-dynamic
Synthetic-Dynamic

Synthetic-Dynamic-Fixed Ratio

0.0216  0.2240 0.3938 0.5307
0.0216 0.2158 0.4183 0.6037
0.0216 0.2045 0.4266 0.6143

Table 6: Evaluation on generated datasets (D1, D5, ...) shows that preference bias is inherited and amplified during

the self-consuming performative incremental fine-tuning loop using Qwen2.5-1.5B.

Method Initial Ratio M, M, My Mg

Synthetic-Non-dynamic 0.4 0.5800 0.6500 0.6675 0.7063
Synthetic-Dynamic 0.4 0.5800 0.6447 0.6839 0.7399
Synthetic-Dynamic-Fixed Ratio 0.4 0.5800 0.6512 0.7226 0.7461
Synthetic-Non-dynamic 0.2 0.6417 0.6553 0.6623 0.6700
Synthetic-Dynamic 0.2 0.6417 0.6766 0.6554 0.6931
Synthetic-Dynamic-Fixed Ratio 0.2 0.6417 0.6736 0.6824 0.6782

Table 7: Parameter study on the impact of the initial disadvantage ratio in the News task using Llama2-7B.
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Figure 10: Generation quality variations in the self-consuming performative loop on the News task under different
mitigation methods.
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Preference Bias Generation Quality
Method Moy M My Mg Moy My Mo Ms
Syn (no-dynamic) 0.6307 0.6606 0.6756 0.6456 | 2.282 2.164 2294 2564
Syn-dynamic in incremental finetuning loop | 0.6307 0.6309 0.6311 0.6129 | 2.282 2.136 2.244 2.497
Syn-dynamic in retraining loop 0.6307 0.6391 0.6287 0.6247 | 2.282 2.242 2.442 2436

Table 8: Results using DPO in self-consuming

Algorithm 3 Reward-based Reweighting Sampling

Input: LLM M,;_;, disadvantage ratio rg,
ft—lv X Candidate,t-1> Ximdidate,t—l’ sample number
Initialize: L, =0, Ly =0, D, =[], Dg = [],
Dy =], Diemp = [, Dy =]
Lo = 1 * [ X&ndidgate, e1] + | X ndgicate, 1]
Ly = |Di—1| = L,
kq = Ld//|Xcdandidate, cil t1+kska=k
for z in prompts X7 igae. .1 4O
Uty Uy ~ Mi—1(2);
Calculate reward R(z, ) for each (x, i) pair
Add the best pair (z,y) to D,
end for
Randomly select L, samples and add to Dy
for x in prompts X Cdandidate do
Uiy Uk ~ My—1(2);
Calculate reward R(x, y) for each (z, 7) pair
Add all pair in D,
end for
repeat
For each query x in D, add the best (z, )
based on R(x, ) to Diemyp
Remove the added pair from D,
until Ld - ‘Dt@mp‘/’Xgandidate, t—1| is zero
Randomly select L — | Dyemyp| samples and add
to Dy; Add Dtemp to D;
Return: D;

improving LLM performance on specific down-
stream tasks (Ouyang et al., 2022), especially in
practical deployment pipelines where collecting
high-quality preference labels for RL is costly or
infeasible.

One of our contributions lies in analyzing
bias variation within a novel framework of self-
consuming performative retraining and an incre-
mental fine-tuning loop for the first time, which
models how real-world LLMs may be continuously
updated using their own outputs. Furthermore, sev-
eral prior works (Briesch et al., 2023; Seddik et al.,
2024; Kazdan et al., 2024) have studied similar
iterative retraining setups using SFT, but did not

performative loop on the News continuation task.

explore the bias behavior. Considering this line
of research, we emphasize more on the performa-
tive feedback loop as a distinct and increasingly
relevant phenomenon in real-world deployments.

While we acknowledge the value of RL-based
methods, they typically rely on curated high qual-
ity data or pairwise comparisons at each iteration,
which introduces additional complexities such as la-
bel noise, instability, and selection bias. Moreover,
methods like RLHF is often resource-intensive and
less convenient for continuous training. To keep
our scope focused and interpretable, we defer the
exploration of RL-based or preference-based align-
ment strategies to future work.

Most methods do not rely solely on RL but rather
use SFT as a foundational step before applying RL
or after, as seen in Guo et al. (2025); Team (2024).
Thus, understanding bias behavior under SFT is
both fundamental and necessary for guiding future
research from the community. We believe our cur-
rent SFT-based formulation lays a solid foundation
for understanding the core performative feedback
dynamics, and we are actively planning to incorpo-
rate DPO and ORPO into this framework in subse-
quent research.

F Discussion about Full Synthetic Data
Cycle

Our self-consuming performative loop setting
is designed to model a more controlled but in-
creasingly prevalent real-world scenario, where
a single model provider collects, fine-tunes, and
reuses outputs generated by its own models. This
setup is realistic in many real-world applications.
For example, commercial Al service providers of-
ten collect user prompts and model generations in
production environments (e.g., internal confidential
report generation, customer interaction, or propri-
etary toolchains), then fine-tune the model itera-
tively based on this data. When a model performs
particularly well for a demographic group (e.g.,
Group A), its outputs may attract more queries
from that group, leading to natural performative
feedback, a process we explicitly aim to capture
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(Figure 1 in the main paper). Here, the outputs
are not openly mixed with external content but
rather used and fine-tuned within a closed feedback
loop. In such settings, the provider has full control
and visibility over both the model and the data it
consumes, making the self-consuming assumption
realistic and operationally relevant.

Our framework serves as a building block
for understanding more complex mixed-model
scenarios, and incorporating data generated by
other LLMs will introduce more uncontrolled
variation. Our goal is to first establish a clean
and analyzable framework in a controlled case
for studying how bias varies within the novel self-
consuming performative loops, which is a setting
that has not been systematically explored in prior
work but is highly relevant for real-world, task-
specific deployments. Incorporating data gener-
ated by other LLMs would introduce uncontrolled
variation, making it more difficult to attribute ob-
served bias shifts to specific model behaviors or
data sources. We therefore believe that focusing on
this controlled full synthetic data case is a necessary
and foundational step before extending to more
complex, mixed-model generation loops, which
serve as an important next step for the research
community.

G Additional Experiments using DPO

We conduct preliminary experiments using DPO
on the News Continuation task and NuminaMath
Task to investigate how bias evolves during iterative
preference-based training. In our setup, we use
generation quality as the sole scoring metric to
construct preference pairs, deliberately excluding
any explicit bias control mechanisms.

From Table 8, we observe that bias does not
increase in the self-consuming performative loop
using DPO. It shows a slight decrease from genera-
tion 2 to generation 3. This opens up a promising
direction for understanding and addressing bias in
iterative preference-based training. In terms of gen-
eration quality, we see a clear improvement. This
indicates that in a self-consuming iterative prefer-
ence training loop, using generation quality-guided
preference pair construction can meaningfully en-
hance output quality.

The observed variation are different from those
under SFT, here bias-reduction patterns and qual-
ity improvements appear under DPO. This is ex-
pected because preference-based learning explicitly

trains the model to favor higher-quality responses
over lower-quality ones. By repeatedly reinforc-
ing distinctions between “good” and “bad” pairs,
the model learns clearer decision boundaries. As a
result, undesirable or biased patterns become less
preferred, while coherent and balanced responses
are amplified, naturally leading to both bias reduc-
tion and improved overall quality.

As shown in Table 9 and discussed in Section
5.3, disparate bias decreases over iterations under
both fine-tuning and retraining loops. Importantly,
DPO-based updates exhibit qualitatively similar
bias dynamics to SFT-based updates for disparate
bias.

We do not apply DPO to the Preference Dis-
section task due to the nature of the group dis-
tinction. In that task, the two groups (creative vs
non-creative) reflect stylistic variation rather than
objective quality differences. DPO requires ex-
plicit pairwise preference labels (chosen vs. re-
jected), and constructing such pairs would impose
an artificial ordering between styles. This would in-
troduce an external alignment objective and funda-
mentally alter the optimization process, confound-
ing alignment effects with performative bias dy-
namics. Therefore, DPO is suitable for tasks with
well-defined quality rankings (News and Numina-
Math), but less appropriate for Preference Dissec-
tion without additional assumptions.

H Additional Experiments beyond
Self-consuming

The proposed setting serves as a foundational
framework for analyzing bias variation, which can
be extended to more complex settings involving
multiple models and data sources. We conduct ad-
ditional experiments involving both self-generated
data and data generated by another LLMs.

H.1 Two-Model Mixing Setting

To investigate how bias trends change when mixing
data from multiple generation sources, we split the
real prompts into two groups (1:1 ratio). One group
is used to generate data with the self-consuming
model (Qwen2.5-1.5B), and the other group is used
with an external open-source model (Llama3.1-
8B). To ensure fair comparison, we control the
dataset size across iterations. At each training
step t, we collect: 3000 prompts from advantage
group and 2000 from disadvantage group, and gen-
erate 1500 + 1000 synthetic preference pairs from
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./\/l() ./\/l1 M2 MS

Syn-dynamic in incremental finetuning loop 0.086 0.064 0.058 0.050

Syn-dynamic in retraining loop

0.086 0.066 0.068 0.048

Table 9: Disparate Bias using DPO in SCPL on the NuminaMath task.

Preference Bias Generation Quality
Method Ratio My My Mo Ms My My Mo Ms
Incremental finetuning 0.5 0.6163 0.6802 0.6921 0.7176 | 2.291 2.083 2.065 2.064
Retraining 0.5 0.6163 0.6847 0.6899 0.6956 | 2.294 2.119 2.081 2.096
Incremental finetuning 0.2 0.6048 0.6987 0.6897 0.6737 | 2.282 2.068 2.102 2.092
Retraining 0.2 0.6048 0.6802 0.6871 0.6817 | 2.282 2.117 2.135 2.124

Table 10: Results under the synthetic performative loop. The ratio indicates the percentage of self-consuming
synthetic data used during training. Ratio denotes the percentage of synthetic data generated from another LLM.

Qwen2.5-1.5B, and another 1500 + 1000 pairs from
Llama3.1-8B.

We specifically avoid using closed-source APIs
to mitigate risks of data leakage as synthetic train-
ing data is generated using fresh real prompts col-
lected from users. Future work will explore a wider
range of models, settings, and mixing strategies to
more fully understand bias propagation in multi-
model synthetic feedback loops, which is beyond
the current paper’s scope.

In Table 10, when incorporating synthetic data
from another LLM at a ratio of 0.5, the bias score
in the synthetic performative loop still exhibits
an upward trend similar to that of the pure self-
consuming setup (Figure 2a in the main paper),
albeit with a slower rate of increase. The trend
in generation quality remains largely unchanged.
When the ratio is further reduced (0.2), the bias
score no longer shows an increasing trend, indicat-
ing that the proportion of self-generated synthetic
data influences the bias dynamics in the performa-
tive loop.

H.2 Three-Model Mixing Setting

We split the real prompts collected into three
groups. One group is used to generate data with
the self-consuming model (Qwen2.5-1.5B), and the
other two are used with Llama3.1-8B and Olmo3-
7B (Olmo et al., 2025). We consider two mixture
ratios. In the first setting (uniform mixture), syn-
thetic data are generated equally from all three
sources, with each contributing one-third of the
data. In the second setting, we reduce the propor-
tion of self-consuming synthetic data to 20%, while
the remaining 80% is generated by the two external
models equally. In the third setting, we increase the
proportion of self-consuming data to 50%, while

the remaining 50% is generated by the two mod-
els equally (25% vs 25%). We also consider two
extreme settings under the incremental fine-tuning
loop: ratio = 0.0 (no self-consuming synthetic data)
and ratio = 1.0 (fully self-consuming synthetic
data). Note that the initial model M|, is trained
solely on the real dataset.

In Table 11, under incremental fine-tuning,
when the ratio is 0.0, preference bias increases
mildly across iterations. As the proportion of self-
consuming data increases, the bias amplification
effect becomes more obvious. For example, at ratio
= (.5, bias rises to 0.7014, and at ratio = 1.0 (fully
self-consuming), bias grows to 0.8279. This trend
indicates that the proportion of self-generated syn-
thetic data accelerates the bias amplification in the
performative loop, similar to the two-model situa-
tion shown in Table 8 in Appendix H. When mod-
erate mixing (e.g., ratio = 0.2 or Uniform(0.33)),
the bias score no longer shows an increasing trend.
These observations show that introducing external
data sources can partially mitigate bias amplifica-
tion compared to the fully self-consuming setting,
but not fully eliminate this amplification.

I Future Directions

In this work, we primarily focus on supervised
fine-tuning, while also conducting preliminary ex-
periments with direct preference optimization. Our
framework offers a promising direction through dy-
namic control, which can be further extended in fu-
ture work to incorporate alternative training strate-
gies such as reinforcement learning with human
feedback (RLHF) and preference learning (DPO
and SimPO). We believe that our current SFT-based
formulation provides a strong foundation for under-
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Ratio M, M Mo M

Incremental finetuning 0.0 0.6307 0.6598 0.6621 0.6783
Incremental finetuning 0.2 0.6307 0.7136 0.6987 0.6948
Incremental finetuning 0.33 (Uniform) 0.6307 0.7164 0.6849 0.6820
Incremental finetuning 0.5 0.6307 0.6855 0.7105 0.7014
Incremental finetuning 1.0 0.6307 0.7108 0.7669 0.8279
Retraining 0.2 0.6307 0.6935 0.7143 0.6963
Retraining 0.33 (Uniform) 0.6307 0.6907 0.7079 0.6975

Table 11: Preference bias under the synthetic performative loop with mixed data sources beyond self-consuming.
The ratio denotes the proportion of self-consuming synthetic data used during training.

standing the core dynamics of performative feed-
back, and that integrating DPO or reinforcement
learning methods (e.g., PPO) could further enhance
its flexibility and effectiveness. As synthetic data
can be generated using multiple models, exploring
performative bias beyond self-consuming settings
presents a promising future direction. However,
studying multi-model feedback loops introduces
substantial design complexity. Key factors, such
as the number and scale of participating models,
as well as the proportion of self-generated data,
require careful control and systematic evaluation.
We believe that addressing these challenges would
greatly benefit from coordinated, community-wide
efforts.
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