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ABSTRACT

Reinforcement learning has proven effective for fine-tuning large language mod-
els (LLMs) using reward models trained on human preference data. However,
collecting such feedback remains expensive, especially in dynamic settings like
personalized tutoring, where users’ preferences shift over time and through past
interactions. These non-stationarities pose challenges for studying lifelong learn-
ing in RLHF pipelines, a growing concern as LLMs are increasingly deployed in
real-world systems that demand continual adaptation. To address this, we present
AIF-GEN, the first synthetic preference data generation platform designed for tra-
ditional and lifelong RLHF. We use ATF—-GEN to instantiate 18 synthetic datasets
grouped into 4 non-stationary meta-datasets. Through experiments on various
synthetic benchmarks, we find that RL algorithms must be tailored to the specific
type of non-stationarity they encounter. Our results show ATF-GEN’s potential to
support the development of RLHF algorithms that continually align LLMs.

) Code: AIF-GEN
+. Data & Dataset Cards: https://huggingface.co/LifelongAlignment

EDJ Documentation: aif-gen.readthedocs.io

1 INTRODUCTION

Reinforcement learning from human feedback (RLHF) has emerged as a critical technique for aligning
large language models (LLMs) with human intentions (Christiano et al., 2017; Stiennon et al., 2020;
Ouyang et al., 2022; Bai et al., 2022), particularly in tasks requiring nuanced judgments such as
helpfulness, factual accuracy (Sun et al., 2023), and safety (Dai et al., 2023). Despite its effectiveness,
RLHF relies on costly, static human data, limiting adaptability in dynamic settings like personalized
education, where user preferences evolve over time (Jurenka et al., 2024).

To address these limitations, synthetic data generation methods offer scalable alternatives by using
LLM-generated annotations to reduce the cost and complexity of human preference collection, which
is then used to align LLMs— an approach called reinforcement learning from Al feedback (RLAIF)
(Li & Chen, 2023; Zhang et al., 2023). However, these methods generate static dataset for one-time
alignment process. This limitation hinders the progress in lifelong alignment, where models must
adapt to distributional drifts. Without robust frameworks for generating preference dataset that reflect
real-world variability, LLMs are prone to catastrophic forgetting and overfitting to narrow feedback
signals (Parisi et al., 2019), thereby limiting their applicability in real-world applications.

In this work, we introduce ATIF-GEN—the first platform for scalable synthetic data generation
under evolving preferences. AIF—GEN allows systematic generation of non-stationary datasets by
parameterizing evolving user objectives, domains, and preferences, thereby facilitating progress
in fine-tuning and continual alignment of LLMs. Using the platform, we instantiate 18 synthetic
preference datasets, grouped into 4 meta-datasets with evolving objectives, totalling roughly 170,000
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prompts and 340,000 preference annotations. We illustrate that the performance of standard RL
algorithms (e.g., PPO (Schulman et al., 2017), DPO (Rafailov et al., 2024)) varies significantly under
different types of distributional drift. Designed to be LLM-agnostic, scalable, and customizable,
ATIF-GEN lowers the barrier to entry for lifelong RLHF research and provides a foundation for
advancing adaptive, preference-aligned language models.

Summary of contributions:

1. We introduce lifelong RLHF and categorize types of non-stationarity in RLHF (§ 4);
2. We present ALF—GEN, the first synthetic data generation platform tailored to lifelong RLHF (§ 5);

3. Using AIF-GEN, we generate a diverse suite of synthetic datasets that capture varying types and
degrees of non-stationarity to support controlled experiments(§ 6.1);

4. We validate the quality of our synthetic datasets using standard metrics from the natural language
processing literature and human evaluation(§ 6.2);

5. Through experiments with PPO (Schulman et al., 2017), DPO (Rafailov et al., 2024), and CPPO
(Zhang et al., 2024b), we show performance varies by non-stationarity type, highlighting the need
for further research in lifelong RLHF methods (§ 7).

2 RELATED WORK

RLHF leverages human feedback to fine-tune LLMs by optimizing a learned reward function that
encapsulates human preferences (Christiano et al., 2017; Ouyang et al., 2022). Variants of this
framework, illustrated in Figure 1, include single-shot RLHF, which involves a one-time fine-tuning
process; iterative RLHF, where the models are repeatedly fine-tuned through multiple rounds of
feedback (Stiennon et al., 2022; Ouyang et al., 2022); lifelong RLHF, where the models are trained
continually to adapt to the evolving user preferences and non-stationarity tasks (Zhang et al., 2024b;a).

RLHEF algorithms commonly leverage high-quality human preference datasets such as HH-RLHF
(Kaplan et al., 2022) to align LLMs. These datasets rely solely on human annotations, making the
data-curation process costly and difficult to scale. Large organizations rely on carefully curated
private datasets for alignment, which makes it more challenging for independent researchers to work
on RLHFE. Open-source efforts like Open Assistant have improved accessibility, but replicating such
large-scale human annotation pipelines remains financially and logistically challenging.

To overcome the limitations posed by human annotations, synthetic data generation is seen as an
effective alternative (Li & Chen, 2023). Recent large-scale synthetic datasets like Ultra-Feedback (Cui
et al., 2023) highlight the promise of model-generated preference data for LLM alignment but lack
support for non-stationarity and are not open-sourced. Similarly, frameworks such as DataDreamer
(Patel et al., 2024) and Curator (Marten et al., 2025) offer flexible data curation tools but do not
explicitly address evolving preferences or provide quality validation for generated data.

ATIF-GEN, our platform, addresses the above-mentioned gaps by combining the strengths of prior
frameworks—open-source accessibility, synthetic data flexibility, and validation—with support for
non-stationary preferences/prompts for lifelong RLHF research. A detailed breakdown is shown in
Table 1.

Library/Feature HH-RLHF Ultra-Feedback OpenAssistant DataDreamer Curator AIF-GEN (ours)

HuggingFace Compatible
Customizable Dataset

Open Source X x v v v v
Non-Stationarity Support X X b3 X X v
Validation Metrics v v X X X v
Human Verified v v v X X v
Caching X X v v v v

v v v v v v

X X x v v v

Table 1: ATF-GEN is the first open source synthetic data generation tool offering full prompt and
preference customization with native support for non-stationarity and evolving preferences.
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Figure 1: Illustration of RLHF variants. Left: Single-shot RLHF aligns the LLM using a fixed
reward model trained once on static preferences. Middle: Iterative RLHF repeatedly updates the
reward model and LLM alignment in multiple iterations using batches of data sampled from a fixed
distribution (Xiong et al., 2024). Right: Lifelong RLHF extends this paradigm by continually
adapting to shifting preference distributions, enabling the LLM to dynamically realign to evolving
human preferences.

3 BACKGROUND

The RLHF process begins after a base LLM, 7, is supervised fine-tuned on a specific dataset to
obtain an SFT model, 75F7'. This model is queried with prompts, , to get two responses, (y1,y2).
These responses are then passed on to humans (or an LLM judge in the case of RLAIF) to select a
preferred or chosen response; the other response becomes the rejected response. For example, if
y1 was the chosen response, then yo becomes the rejected response, and we say that y; is preferred
over yo for prompt Z, Y1 > y2|z. The preferences are assumed to come from an unobservable reward
function, 7*(y, ), which is usually modelled as the Bradley-Terry model (Bradley & Terry, 1952)
due to its 51mphclty

exp (r*(y1, 7))
exp (r*(y1, @) + exp (r* (y2, ¥))

Other options for reward modelling, such as Nash (Munos et al., 2024; Zhu et al., 2024) and Plackett-
Luce (Plackett, 1975), are also explored in the literature.

P (y1 > y2lx) = (1)

Typically, several palrs of responses are generated for a set of prompts to form a preference dataset,
D = {a*, yl, i}V |, where g/’ is the chosen response and ¥ is the rejected response for the prompt
z". Then, a reward model is learned using this dataset, which provides the training signal for RL
algorithms to fine-tune the LLM. Here, the prompt distribution from which the prompts, x, are
sampled and the underlying reward function, r*(y, =), are assumed to be stationary. In the RL
fine-tuning step, the SFT model, 737 is optimized to generate responses that maximize rewards
coming from the learned reward model:

BDg L (o (-|2) |7 ()], @

where 74 is the learned reward model parameterized by ¢, 3 is a regularization parameter to control
the deviation from the SFT model, 7577 to preserve the safety and other alignment operations.
Although any RL algorithm can optimize the objective in Eq. equation 2, PPO is widely used in
practice.

ML, By D gy () 6 (Y, T) —

4 LIFELONG RLHF

In the previous section (Sec. 3), we outlined the RLHF procedure to align LLMs using a preference
dataset. The procedure assumes that the prompt distribution and preferences generated by humans
(or Al) are static; however, in practice, the prompt distribution and preferences of individuals change
over time. For instance, in the LLM tutoring application, the difficulty of the questions (or the nature
of hints) generated by the LLM tutor varies as the student learns the subject. In such cases, the LLM
agent must continually adapt to reflect the latest preferences of an individual: lifelong RLHF.
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Figure 2: Non-stationarities in RLHF: (a-c) modes of drift and (d-e) types of drift. (a) Only the
prompt distribution changes. (b) Only the preference distribution changes. (¢) Both the prompt and
the preference distributions change. (d) Piecewise non-stationarity. (e) Lipschitz non-stationarity.

In lifelong RLHF, the goal at each time step, ¢ = 0,1,2,..., is to align the LLM using a new
preference dataset batch, D; = {x%, ¢, yi} ?21, while retaining useful prior knowledge to accelerate
future adaptation. This introduces the possibility of incorporating a KL term into the Lifelong RLHF
objective, SD k1, (g, (-|2)||ma,_, (+|z)), akin to (Zhang et al., 2024b), with the key distinction that
this divergence need not be enforced when human preferences undergo significant shifts. At each
step, prompts are drawn from a time-dependent distribution p;, and preferences are generated via a
reward function r; (y, x). Ny is the number of preference samples at time ¢.

From one time step to another, the prompt distribution, the underlying reward function, or both can
change, modes of drift:

e Prompt drift: The prompt distribution changes, p; # py;

* Preference drift: The underlying reward function from which the preferences are generated
changes, i (y, ) # 7 (y, x);

* Combined drift: Both the prompt distribution and the underlying reward function change.

Following the literature on lifelong RL (Khetarpal et al., 2022; Abel et al., 2023), we consider two
ways in which various modes of drift can evolve over time, types of drift:

* Piecewise non-stationarity: When the change is sudden in one of the three modes of drift. For
example, piecewise preference drift is:

TO(y,z% OStSt()’
Ty (y,z) = Tl(yax)y to <t <ty

* Lipschitz non-stationarity: When the change is gradual in any of the three modes of drift. The
Lipschitz preference drift is:

ri(y,2) =iy, 2)| S Clt =], Va,ytt,
where C' > 0 is the Lipschitz constant that determines the rate of change

Figure 2 shows the three modes and the two types of drift discussed here. Although there are several
other types of drift, we restrict our study to piecewise and Lipschitz non-stationarities due to their
simplicity and broad applicability. We next show how previously introduced lifelong RLHF problems
can be viewed as special cases of our framework.

Remark 1. The lifelong RLHF problem introduced by Zhang et al. (2024b) for CPPO is prompt drift
under piecewise non-stationary.

Proof. In CPPO, a task from a sequence has two datasets: a human feedback dataset containing

information about the chosen and the rejected responses, and a prompt dataset. Since their objective
. T o .

function, maxr, > ;1 Eyp, (2),y~ms(-|2) [Tt (Y, )], maximizes all rewards from the past, preferences

are implicitly static (TL;DR summarization). So, only the prompt distribution changes from one

task to another, implying prompt drift. Since the datasets for the two consecutive tasks are disjunct

(different subreddits) and can be arbitrarily different, we can classify it as piecewise non-stationarity.
O

5 AIF-GEN PLATFORM

Collecting human annotations in a continual setting is resource-intensive and time-consuming. To
address this, inspired by the recent success of synthetic data for single-task alignment, we introduce
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Figure 3: High-level AIF-GEN design. (1) Users specify RLHF tasks (objectives, preferences,
domains) and metadata in YAML configs. (2) Prompt Mapper generates meta-prompts, which (3)
produce sample prompts using an LLM. (4) Response Mapper pairs these with preferences to create
response prompts, which (5) generate chosen and rejected outputs. Samples are aggregated (6), and
optionally validated, transformed (7), or (8) uploaded to HuggingFace.

ATF-GEN—a software platform designed to generate synthetic preference data for various modes of
drift and types of non-stationarity discussed in Section 4. ATIF-GEN (see Figure 3) allows users to
define a sequence of Alignment Tasks (§5.1) in structured YAML files that encode evolving objectives,
domains, and preferences. These configurations serve as inputs to an asynchronous inference engine
powered by vLLM Kwon et al. (2023), which generates prompt-response pairs at scale. Prompt
templates are managed by the Prompt Mapper, while the Response Mapper synthesizes candidate
completions and formats the final preference samples (§5.2). To support downstream workflows,
the platform also includes a CLI tool for dataset validation (e.g., computing sample diversity with
embedding models), transformation (e.g., merging multiple datasets), and publishing (e.g., uploading
to Hugging Face).

5.1 SIMULATING NON-STATIONARITY

To enable a systematic study of non-stationarity in RLAIF, each alignment task in ATF-GEN is
decomposed into 3 orthogonal components: Objective, Domain, and Preference. This decomposition
allows researchers to isolate and manipulate distinct modes of drift. Specifically:

Objective: the underlying task, such as question answering or summarization.

Domain: the distribution over prompts as a controllable mechanism for inducing domain shifts. Users
specify domains with seed word vocabularies—tokens relevant to particular topics/subfields (e.g.,
biology or world history). These are sampled and injected into templates to simulate prompt drift.

Preference: the latent reward signal—i.e., the desirable output given a task and domain. These include
styles like “explain like I'm five” and are critical for simulating shifts in user intent. Preferences
guide the reward modelling process and influence which responses are ranked as preferred.

Users can simulate diverse non-stationarities by varying these components across a sequence, such as
domain shifts under a fixed task or evolving stylistic preferences. For example, one might hold the
objective (Q&A) constant while progressing from arithmetic to calculus domains, with preferences
shifting from “concise” to “detailed explanations”. We publicly release all configuration files used in
our experiments, with representative examples in the appendix. These provide a flexible foundation
for defining custom alignment scenarios, supporting the systematic exploration of lifelong RLHF.
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Figure 4: (a) The user-defined domain is decomposed into semantic components, each mapped to seed
word vocabularies. These are sampled and composed with the task objective using a meta-prompt
template. Metadata allows custom prefixes/suffixes in the prompt. (b) The task preference and
LLM-generated prompt are passed to the judge template. Auxiliary styles are sampled via preference
axes to diversify outputs. The task preference is optionally included to calibrate the difficulty of
distinguishing preferred responses. Metadata can modulate preference axes, allowing users to adjust
the reward modelling task’s difficulty by controlling each response’s subtlety.

5.2 MAPPER INTERNALS

Prompt Mapper internals are shown in Figure 4a. For each sample, domain-specific seed words are
randomly drawn to promote prompt diversity. These vocabularies—published with our code—are
fully configurable, allowing users to define domains like education with subfields (e.g., astronomy,
biology, engineering). Seed words are combined with the task objective (e.g., Q&A) to generate a
Meta Prompt, which is passed to the LLM. Templates are provided in the Appendix.

Response Mapper internals are shown in Figure 4b. Each prompt (e.g., a biology question) is paired
with auxiliary styles (e.g., length, humour) to generate diverse responses. The task preference (e.g.,
"explain like I'm five") is probabilistically included (configurable) to influence the Judge Prompt.
This helps calibrate the difficulty of distinguishing preferred responses. Resulting prompts are sent to
the inference engine to produce chosen/rejected pairs. Templates are provided in the Appendix.

6 DATASETS

6.1 DATA GENERATION

We used AIF-GEN with GPT-40-mini to generate our data. We experimented with generation using
Llama 3.2 70b (Grattafiori et al., 2024) for validation purposes only, and we don’t release this dataset.
All data was generated with a temperature of 0.99, a maximum prompt length of 1024 tokens, and a
response cap of 2048 tokens.

Static Datasets. We first generated static datasets—valuable on their own for evaluating alignment
methods. We define each alignment task by specifying an objective, domain, and preference. For
objectives, we include question answering, summarization, and text generation. Domains include
education, politics, tech/healthcare, and tech/physics, using domain-specific seed word vocabularies
(released with our code). We sampled two seed words per prompt. The response mapper was
configured to sample 3 styles per response with a preference inclusion probability of 0.4. Preferences
were stylistic instruction such as ELI5, expert, formal, and Shakespearean. Details of the preferences
and templates are included in the appendix. Each static dataset has roughly 10,000 samples.

Continual Datasets. To evaluate alignment under drift, we constructed 4 continual datasets by merg-
ing subsets of the static data. Our platform also allows for generating non-stationary datasets natively.
Each dataset simulates a different type of non-stationarity through structured transitions across pref-
erence, domain, and objective. The Lipschitz dataset progressively shifts preference complexity by
concatenating tech/physics summarization samples across three levels: ELI5 — high school — expert.
This simulates a gradual increase in difficulty while keeping the domain and objective fixed. The
Piecewise Preference dataset cycles through stylistic preference shifts—rapper, Shakespearean, and
formal—within political generation tasks, repeated over 3 cycles to model recurring non-stationarity.
To explore the effect of non-stationary frequency, we created a Piecewise Q&A dataset alternating
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between hinted and directed Q&A with 5000 examples from each static subset. Finally, the Mixed
dataset combines simultaneous shifts across objective, domain, and preference. It transitions through
education Q&A (ELI5), education Q&A (expert), political summarization (ELI5), and tech/healthcare
Q&A (expert). This dataset is the most challenging with multi-axis drift, ideal for stress-testing
lifelong RLHF algorithms.

6.2 LLM VALIDATION

Figure 5 compares the

quality of datasets gen- Q&A Task|  Datasets Summary Task  patasets

erated by AIF-GEN Chosen — AIFGEN Chosen —— AIF-GEN
. - Coherence — UltraFeedback Coherence  —— CPPO

against prior work, us- — H

ing two key metrics:

Coherence and Diver-

Prompt Prompt
sity. Coherence captures Diversity Diversity
the logical consistency
of responses and is
scored (0-10) by GPT-
4o0-mini acting as an
LLM judge. Diversity — ghossn Relocted K Relected
measures the variation
across responses, COm- (a) Q&A radar plot. (b) Summary radar plot.

puted using the average
pairwise cosine distance
of embeddings from the
Salesforce/SFR-Embedding-Mistral model (Meng et al., 2024) (details in Appendix).
For a fair comparison, we group datasets into Q& A and summarization tasks. As shown, ATF-GEN
consistently produces higher-coherence outputs and more diverse prompts and responses. Because
ATIF-GEN is LLM-agnostic, coherence and diversity are expected to improve as stronger base
models are used for generation.

Figure 5: ATF-GEN generates higher quality RLHF datasets for both
Q&A and summarization tasks compared to previous datasets.

6.3 HUMAN EVALUATION

To assess the quality of our data, we conducted a targeted human evaluation on a subset of the
education Q&A domain using 3 stylistic preferences: Hinted, ELI5 and Expert. These were chosen
to span a spectrum of alignment difficulty. We randomly sampled 50 prompt-response pairs per
preference and got 3 independent annotators to select the response better aligned with the stated
preference. Annotators could also choose both or neither if responses were equally aligned or
unaligned, and flag incoherent samples (e.g., ill-formed prompts). While limited in scope, this
evaluation confirms AIF-GEN’s ability to generate preference-aligned data across diverse styles.
Table 2 reports four metrics across

preference types: (1) Unanimous Con-

sensus Rate—full annotator agree- Metric Hinted ELIS Expert
ment, (2) Fleiss” Kappa—a standard ~ Unanimous Consensus Rate ~ 0.48 0.64 0.62
measure of inter-rater reliability, (3)  Fleiss’ Kappa 0.31 0.52 0.49
LLM Judge Agreement—match be-  LLM Judge Agreement 0.64 056 0.8
tween LLM and human majority  Inter-Human Agreement 0.83 0.88 0.87
vote, and (4) Inter-Human Agree-

ment—average annotator alignment Table 2: Education Q&A Human Evaluation

with the majority. Both and neither

human labels were randomly mapped

to binary labels for consistency with LLM outputs. Metrics include 95% confidence intervals from
1,000 bootstrap samples. Only 5 of 450 samples were flagged as incoherent, due to rare seed word
combinations. Results show 48—64% unanimous consensus and strong Kappa scores (=0.5 for
ELI5/Expert, 0.31 for Hinted), which fall within accepted bounds for solid inter-rater agreement, with
the lower score on Hinted reflecting its inherently more subtle nature. LLM Judge Agreement hovers
near 60% across all three preferences, suggesting non-trivial but comparable difficulty to results
reported in existing datasets (Cui et al., 2023). Figure 6 shows a 2 x 4 confusion matrix comparing
LLM judgments with human labels across all preference types. Most LLM outputs match the human
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Figure 6: Confusion matrix comparing LLM (response O or 1) with human annotations (response 0,
1, both, neither). Most samples show agreement. When humans label both or neither, the LLM’s
predictions become more evenly split, reflecting uncertainty.

majority’s choices. When annotators select both or neither, LLM responses become more evenly split,
reflecting lower confidence. Notably, ELIS shows more neither votes, while Expert has more both,
suggesting ELIS may be harder to model and could benefit from stronger preference conditioning in
generation.

7 EXPERIMENTS

Our goal here is to demonstrate how the ATF—GEN platform and its accompanying datasets (Sections 5
and 6.1) can be effectively used to study lifelong RLHF. To accomplish this, we use 4 continual
datasets discussed in Section 6.1 for the experiments. We consider three algorithms with different
properties: (a) DPO (Rafailov et al., 2024), which optimizes the policy using the preference data
directly without constructing an intermediate reward model; (b) PPO (Schulman et al., 2017) which
is a widely used RL algorithm that optimizes a learned reward model; (c) CPPO (Zhang et al., 2024b)
which is the only published continual RLHF algorithm. We use the Qwen2 0.5B model (Yang
et al., 2024) as our base model for alignment and reward training. Here we present the results and
analysis for DPO, while additional experiments with PPO and CPPO are included in the Appendix.
Comprehensive experimental details, including hyperparameters and hardware specifications, are
also provided in the Appendix.

Since DPO models are trained directly on preference pairs, we evaluate their performance using train
and test accuracies. Accuracy is measured as the fraction of examples where the chosen response
is preferred over the rejected one, according to the implicit DPO reward model. To provide a
more comprehensive evaluation, we include additional metrics—reward model scores and forgetting
measures—in the Appendix.

Observations: Across all tasks, we find that DPO performs well on the training distribution, but test
accuracy consistently lags—indicating overfitting to observed preference pairs. Interestingly, DPO
retains some memory of prior tasks in the training set, particularly in structured, recurring settings.
For instance, in the domain preference shift task, where the prompt transitions from ELIS5 to expert
and then cycles back, we observe a smaller performance drop during the second transition. This trend
appears on train and test sets, suggesting that DPO may benefit from prior exposure when domain
shifts repeat. A similar pattern emerges in the piecewise preference shift benchmark, where sub-tasks
(e.g., rapper, Shakespeare, formal) reappear multiple times. After the first complete cycle, DPO
maintains stable training performance across switches, likely due to memorization. However, the test
accuracy dips each time a sub-task changes, indicating that while the model can retain patterns it has
seen, it struggles to generalize to held-out examples from previous preferences.

These observations paint a nuanced picture: DPO exhibits partial continual learning behaviour,
particularly on training data, but fails to generalize across dynamic preference distributions. This
limitation underscores a key gap in current RLHF algorithms—they lack mechanisms to retain and
adapt preferences in a principled way under non-stationarity. Our results motivate the development of
continual RLHF algorithms that generalize across evolving tasks, not just memorize them. In this
context, our proposed AIF-GEN platform and suite of lifelong learning datasets provide a valuable
testbed for diagnosing failure modes and accelerating algorithmic progress.
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Figure 7: DPO train and test accuracy during training. Dashed lines denote task switches in the
continual learning datasets.

8 DISCUSSION AND LIMITATIONS

The success of reinforcement learning has been driven in large part by open-source simulators like
Atari (Bellemare et al., 2013) and MuJoCo (Todorov et al., 2012), which enabled rapid development
and benchmarking of core algorithms such as DQN (Mnih et al., 2013) and PPO (Schulman et al.,
2017). In contrast, progress in lifelong RLHF remains bottlenecked by the lack of scalable, time-
evolving human preference data. To address this gap, we introduce AIF~GEN, a synthetic preference
generation platform that plays a similar role to simulators in RL—supporting the development and
evaluation of continual alignment algorithms across diverse tasks and evolving user preferences.

Through experiments, we analyzed DPO, PPO, and CPPO algorithms under various kinds of non-
stationary problems, synthesized by AIF—-GEN. In future, building on top of these insights, we
expect the community to develop novel lifelong RLHF algorithms. Our tool can also serve as
a standardized benchmark for advancing reproducible research in single-task and lifelong RLHF.
While our software platform is catered for generating tasks for aligning LL.Ms, similar tools can
be developed to incorporate other modalities like vision, to advance lifelong alignment research in
vision-language models (Li et al., 2019; Lu et al., 2019).

While ATF-GEN provides a flexible foundation for lifelong RLHF, several design choices warrant
discussion. First, our prompt templates, though diverse, are inherently handcrafted. However, this
reflects a core strength: users can easily define or extend their own structured configurations to suit
new domains, preference styles, and task formats. Second, we do not study model scaling effects.
We focus on GPT-40-mini for data generation due to its strong instruction-following capabilities,
competitive quality relative to larger models, and lower computational cost, making it a practical and
reproducible choice for large-scale synthetic data creation. Since ATF-GEN is model-agnostic, future
work can readily integrate emerging open or closed models. Third, while our automated evaluations
use LLM judges with potential biases, targeted human studies confirm overall data quality. Due to
resource constraints, we did not evaluate all datasets. However, ATF—-GEN is a platform, not a fixed
benchmark—datasets and inturn the performance of algorithms on these datasets will depend on
user-defined templates, models, and objectives. We see this adaptability as a key feature for advancing
lifelong alignment research.

9 CONCLUSION

Aligning LLMs with evolving human preferences is a central challenge for real-world deployment.
We introduce lifelong RLAIF and present AIF-GEN, the first platform for generating dynamic,
preference-driven datasets for continual RLHF. Built on vLLM with structured prompts and LLM-
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agnostic APIs, ATF-GEN enables scalable simulation of alignment drift across tasks, domains,
and styles. Our datasets—yvalidated through human evaluations—allow a systematic study of non-
stationarity in reward learning. Experiments with PPO, DPO, and CPPO reveal that adaptation
strategies must be context-sensitive. We envision AIF-GEN as a foundation for the next generation
of alignment benchmarks, accelerating progress toward truly adaptive, lifelong language models.

10
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APPENDIX

A LIFELONG RLHF

A.1 PSEUDOCODE

Algorithm 1 Lifelong RLHF
SFT

1: Inmitialize: 7wy < 7

2: for each time stept =1,2,... do

3 Collect batch of data D, generated by Algorithm 1

4: Fit a reward model r¢ ; on D;

5 Update policy (LLM) 7y using your favourite algorithm e.g. PPO
6: end for

Algorithm 1 outlines the high-level pseudocode for the Lifelong RLHF training loop. We begin
by initializing the LLM policy weights with a supervised fine-tuned (SFT) model, my < 757,
At each time step ¢, we iteratively collect preference data and update the policy. Specifically, we
generate a dataset D, using the procedure described in Algorithm 2, which captures preferences over
model outputs in the current task context. A reward model ry ; is then trained on D; to model these
preferences. Using 74 ;, we update the parameters 6 of an LLM by optimizing the objective of your
favourite algorithm as detailed in Section A.2.

Algorithm 2 Synthetic Preference Generation for Task 77

1: Input: LLM M, Budget IV;, LLM Templates for prompt generation Tprompt, response generation
Tresponse» and preference ranking Tjuage
Initialize D; < 0
for: = 1to N; do
Generate a prompt & ~ M (+|Tprompt)
Generate two responses

Y1, Y2 ~ M( | m77-response)
6: Determine preference labels
Yer Yr ~ M(- ‘xvylay%Tjudge)

T Append <I’, Yes yr> to Dt
end for
9: return D,

(2]

Algorithm 2 outlines the procedure for generating synthetic preference data at each temporal phase of
continual learning. We assume access to an LLM M, which generates prompts and corresponding
responses. While separate models could be employed for prompt and response generation, we assume
a single model for simplicity. At each time step ¢, the objective is to construct a dataset D; of
synthetic preference samples, given a (latent) prompt distribution p;(z) and a compute budget of
Ny queries. We also assume access to LLM templates: Tpromp for prompt generation, Tresponse for
response generation, and 7j,qe. for preference selection—each specified via configuration files.

We initialize D; as empty and iterate NV; times. Since the true distribution p;(z) is inaccessible,
we approximate it using the prompt templates Tpromp, Which encode domain and task-specific
characteristics. In each iteration, the LLM M is conditioned on Tyrompt t0 generate a sample prompt
x, then queried again to sample two responses y1,y2 ~ M(- | z, Tresponse)- A final inference step
applies the judge templates Tjuqge to select the preferred and rejected responses, denoted y. and y;.
The resulting preference-labeled tuple (x, y., y;) is added to D;. Although this procedure produces
binary preference data, it can be extended to more expressive preference formats, such as listwise
comparisons or multi-response rankings.
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A.2 ALGORITHMS

Recall our general continual RLHF objective at time ¢:

X,y o) [P0 (8 2) — B (o (12) |77 ()] 3)

SF

Here 7557 is a fixed reference policy (e.g. the SFT model), and r is the reward model trained on D.

1. PROXIMAL PoLICY OPTIMIZATION (PPO)

PPO optimizes policies by approximating the KL-divergence constraint with a clipped surrogate
objective, promoting stability by preventing excessively large updates. It balances exploration and
exploitation, maintaining efficiency by controlling the update size through a hyperparameter e.

PPO replaces the exact KL-penalty in Eq. equation 3 with a clipped surrogate:

0@ = A= e, @

The PPO surrogate objective at time ¢ is
L:fPO =E,, [min(rt(ﬁ) Ay, clip(rt(e), 1—¢ 1+ 6) At)} . 5)

When ¢ is small, this approximates a trust-region/KL-constrained solve of Eq. equation 3 with
B~ 1/e.

A, is the advantage function, defined as A; = r4 ((x, y), which measures how much better an action
y is compared to the expected reward for input z.

2. DIRECT PREFERENCE OPTIMIZATION (DPO)

DPO directly optimizes policy performance using pairwise human preference comparisons, elimi-
nating explicit KL penalties. It leverages a logistic function for pairwise classification, optimizing
policy parameters toward responses preferred by humans. This simplification avoids explicit reward
modelling complexity and KL constraints by treating preferences as binary feedback signals, but
the updates are specific to preferences from the Bradley-Terry model. DPO (Rafailov et al., 2024)
optimizes directly over pairwise comparisons {(x, y., )} by

o (ye | @) o (yr | T)
‘Ct = _E(m,yc,yr)GDf, |:10g0'(ﬂ log m — log m) . (6)

where o is the logistic function.

In the above equation, my denotes the current policy parameterized by 6, and 7577 is a fixed reference

policy. The variable x represents the input prompt, while y. and y,- denote the preferred (chosen)
and less preferred (reject) responses. These comparisons are drawn from a dataset D consisting of
triplets (x, Y., y1). The scalar § is a temperature-like hyperparameter that controls the deviation from
the base reference policy (SFT model). The objective leverages the logistic sigmoid function o (+) to
compute the probability that the model prefers y. over y,., based on the log-probability ratio of each
response under 7y relative to 75T,

3. CONTINUAL PPO (CPPO)

CPPO iteratively applies PPO optimization to new data streams, continuously adapting the policy
while maintaining previous learned knowledge by constraining the current policy to be close to the
previously learned policy using an additional KL divergence term. While the PPO objective learns
from the new datastream, the additional KL term preserves older knowledge, thereby efficiently
trading off stability (preserving past knowledge) and plasticity (adapting to new data) in continual
alignment tasks. At each time step, CPPO’s objective is:

Lo=L7"0 ~E . yen [Drr (mo(- | @) [|me-1(- [ 2))], @
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where Lppe is the PPO loss that is defined in Eq. 5, Disa specially curated dataset using the
samples from all tasks until the current time step ¢, and 7;_1 (- | ) is the policy at the end of the
previous task.

B EXPERIMENT DETAILS AND COMPUTE RESOURCES

We implemented and benchmarked three state-of-the-art RLHF and Continual RLHF algorithms:
PPO, DPO, and CPPO (Schulman et al., 2017; Zhang et al., 2024b; Rafailov et al., 2024). Our
implementation adapts TRL’s (Transformers Reinforcement Learning (von Werra et al., 2020))
framework for PPO and DPO, while our CPPO implementation extends the original authors’ codebase.
All implementations were optimized for distributed training across multiple GPUs using DeepSpeed
ZeRO-2/3 (Aminabadi et al., 2022), enabling efficient fine-tuning even with limited computational
resources. The continual learning approach allows sequential adaptation to domain shifts while
maintaining performance on previously seen tasks. Based on dataset lengths, experiments compute
usage and time efficiency vary; however, an average experiment is done on four NVIDIA H100
Tensor Core GPUs for 12 hours, resulting in 48 H100 GPU hours. Tables 3, 4, 5, and 6 respectively
display the set of hyperparameters used to fine-tune the Qwen 2 0.5B model (Yang et al., 2024).

Table 3: Reward Model Hyperparameters Table 4: PPO Hyperparameters
Hyperparameter Value Hyperparameter Value
Learning rate 1.0 x 107° Learning rate 1.0x 1070
Training epochs 3 KL coefficient 0.37
Batch size (per device) 8 PPO clip range 0.1
Loss function Binary cross-entropy Response length 256
Label smoothing 0.1 Training epochs 4
Weight decay 0.01 Batch size (per device) 16
Warmup ratio 0.1 Mixed precision BF16
Mixed precision BF16 Gradient checkpointing Enabled
Gradient checkpointing Enabled

Table 5: DPO Hyperparameters Table 6: CPPO Hyperparameters
Hyperparameter Value Hyperparameter Value
Learning rate 5.0 x 107 Learning rate 1.0x10°°
Training epochs 4 KL coefficient 0.37
Batch size (per device) 8 PPO clip range 0.1
Response length 256 Response length 256
Mixed precision BF16 Training epochs 4
Gradient checkpointing Enabled Batch size (per device) 16

Mixed precision BF16
Gradient checkpointing Enabled

C ADDITIONAL EXPERIMENTS

We train separate reward models for each task in the continual datasets using a frozen version of the
base model as the scorer. The appropriate reward model is dynamically selected during PPO training
based on the current task.

C.1 REWARD MODELS

We designed AIF—-GEN to blur the line between chosen and rejected responses, making reward
modelling especially challenging. In contrast to UltraFeedback and HH-RLHF—where reward
models attain high test accuracy—models fine-tuned on Qwen 2 0.5B achieve only 70% accuracy
on AIF-GEN, underscoring its difficulty. Though CPPO matches this classification challenge,
ATIF-GEN covers a broader array of preferences, domains, and objectives, which amplifies ambiguity
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and thwarts models that rely on superficial reward cues. Our findings imply that existing reward-
modelling approaches—whether static or lifelong—must be retooled for datasets with minimal
divergence between positive and negative examples. We defer investigation of model scaling effects
to future work; prior evidence suggests that larger models do not always yield proportional gains in
reward modelling (McKenzie et al., 2024).

Reward-based evaluations are performed using held-out reward models corresponding to each task
segment.

C.2 PPO AND CPPO

We distinguish DPO from PPO-style algorithms (PPO and CPPO) because their training objectives
and dependencies differ fundamentally. DPO does not rely on a learned reward model; its optimization
is driven directly by human preference data, and its evaluation is typically framed in terms of accuracy
against reference labels. In contrast, PPO and CPPO both incorporate a reward model into their
policy updates and are therefore subject to its biases. As a result, we present DPO results in a
separate section—where the focus is on accuracy metrics—while PPO and CPPO are compared in
a reward-score context. This separation prevents conflating differences that arise purely from the
presence or absence of a learned reward function.

Figure 8 summarizes our comparison of PPO versus CPPO across five continual-learning datasets,
AIF-GEN’s and CPPO’s datasets. Both algorithms exhibit high variance after mastering the first task
on the long-piecewise benchmark, but PPO maintains its peak performance rather than regressing.
In the domain-preference-shift scenario, CPPO achieves higher average training scores, suggesting
improved adaptability—yet in the held-out evaluation, its performance converges to that of PPO,
indicating similar generalizations. The Lipschitz dataset yields nearly identical variance profiles
and accuracy/reward trajectories for both methods throughout training and testing, underscoring
that CPPO’s design for knowledge retention does not materially alter its behaviour under smoothly
varying objectives. On the piecewise-preference-shift tasks (where tasks recur every three time steps),
CPPO outperforms PPO in later training epochs—consistent with its improved retention design—but
suffers drops on repeated tasks and matches PPO on the test set, revealing a limited capacity to
generalize retention across recurrences. Finally, in the CPPO-RL dataset, CPPO adapts more rapidly
at test time, mirroring the Lipschitz results and highlighting that this synthetic benchmark replicates
the smooth continuity patterns of our Lipschitz setup.

These findings demonstrate the necessity for richer, more varied benchmarks when evaluating
RL-based fine-tuning methods for large language models and algorithms that address the stability-
plasticity tradeoff more robustly. The pre-existing dataset used by Zhang et al. (2024b) captures only
a narrow slice of non-stationarity. A broader suite of continuity patterns is required to reveal where
algorithms succeed or fail in balancing adaptability against forgetting, provided by our work and
AIF-GEN. In sum, while CPPO consistently attains superior training-time performance, its test-time
gains diminish under shifts in dataset type and non-stationarity; it remains prone to forgetting specific
tasks despite its adaptability enhancements. Due to its assumption of stationary preferences, CPPO
regresses on our datasets where the preferences change.

C.3 ADDITIONAL DPO RESULTS

Figure 9 shows DPO performance, analogous to Figure from the main paper, but on the CPPO RL
dataset. We observe similar patterns to those in the long-piecewise dataset: high accuracy on training
samples with clear drops at task transitions. Test accuracy steadily improves, indicating that DPO can
generalize across task switches in this setting. In contrast to its behaviour on our other datasets, where
generalization was limited, this result highlights how different forms of non-stationarity, simulated
using ATF—-GEN, can stress distinct dimensions of continual learning in RLHF.

. . ) Rir—R
To estimate forgetting, we compute the normalized backward transfer as w, where Ry, jast
¢, last

is the performance of the last checkpoint trained on task &, evaluated on task k, and Ry, 7 is the
performance of a later checkpoint T > last, also evaluated on task k. In Fig. 10, we plot the mean
and max/min values of normalized backward transfer across all previously encountered datasets as a
function of time .
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Figure 8: Training and test scores for PPO and CPPO, along with test accuracy during training.
Dashed lines indicate task switches in the continual learning datasets. Train and test scores are
computed based on the reward model using the training and test datasets, respectively. Test accuracy
is computed similarly to DPO, using the implicit reward model.
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Figure 9: Train and test accuracy for DPO on CPPO dataset using the implicit reward model. Dashed
lines indicate a task switch.

We observe that, on average, DPO exhibits a small degree of forgetting. However, in some tasks,
positive transfer also occurred. For example, the Piecewise Preference Shift dataset shows maximum
values above zero, indicating positive transfer for specific tasks. This is expected, given the dataset’s
cyclical repetition of three subtasks.

C.4 AIF-GEN DATASETS STATISTICS

In this appendix, we provide detailed statistics for the synthetic datasets generated using AIF—-GEN,
complementing the quality analysis presented in Figure 5 of the main paper. Tables 7, 8, and 9 break
down sample counts, prompt entropy, response entropy (chosen and rejected), and coherence scores
across individual datasets categorized by objective, preference, and domain. While each dataset was
designed to contain 10,000 examples, the final counts are slightly lower due to filtering steps that
excluded samples affected by API failures (e.g., VLLM or OpenAl), token limit violations, or parsing
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Figure 10: Mean normalized backward transfer for DPO, computed using test accuracy across all
previous datasets and plotted over training time. Shaded area indicates max/min values.

errors during structured binding. These tables offer a granular view of the data diversity and quality
underpinning our lifelong RLHF benchmarks.

Table 7: Validation statistics for Generate tasks.

Politics
Statistic Formal Rapper Shakespeare
Sample Count 9992 9985 9975
Prompt Entropy 6.977 6.977 6.980
Chosen Entropy 7.353 7.583 7.701
Rejected Entropy 7.424 7.590 7.617
Coherence Chosen 8.785 8.616 8.606
Coherence Rejected  8.744 8.632 8.612

As expected, we observe greater variation across datasets defined by different objectives, reflecting
the diversity of generation tasks in ATF—GEN. Interestingly, coherence and entropy also vary slightly
across stylistic preferences. For example, in generation tasks, responses generated with the rapper
style exhibit lower coherence scores (8.616 and 8.632) compared to the formal style (8.785 and 8.744),
while also showing higher token entropy—suggesting broader vocabulary usage and greater linguistic
variability. Similarly, rapper and Shakespeare preferences tend to produce responses with more
lexical diversity. In summarization tasks, the expert preference consistently yields a higher coherence
score than its eli5 counterpart across domains, a trend also observed in Q&A datasets. Notably, hinted
and direct preferences yield nearly identical coherence metrics, indicating that ATF~GEN maintains
consistent quality across subtly different instructional styles.

Table 8: Validation statistics for Summary tasks.

Education Politics Tech Physics Eli5  Physics Expert  Physics Highschool
Statistic Eli5  Expert | Eli5 Expert | EL5 Expert | Eli5 Expert | Eli5 Expert | Eli5 Expert
Sample Count 9996 9995 9996 9995 9996 9995 9997 9997 9999 9999 9996 9996
Prompt Entropy 7121 7.124 | 6.938 7.340 | 7.012 6.732 | 7.014 7.014 | 7.012 7.340 | 7.012 7.014
Chosen Entropy 7411 7440 | 7297 7319 | 7319 7.174 | 7.297 7.297 | 7.297 7.319 | 7.319 7.297

Rejected Entropy 7.448  7.478 | 7.329 7.388 | 7.362 7.249 | 7.351 7.351 | 7.362  7.388 | 7.362 7.351
Coherence Chosen  8.864 8.983 | 8.543 8574 | 8.643 8.889 | 8.866 8.866 | 8.643 8.574 | 8.643 8.866
Coherence Rejected 8.944 8972 | 8.640 8.659 | 8792 8.870 | 8.888 8.888 | 8.792 8.659 | 8.792 8.888

C.5 EMPIRICAL PROOF FOR AIF-GEN NON-STATIONARITIES

Let 6; € R? be the parameters of reward model M, for i = 1,2, 3, and define the “task vectors” T =
02— 071 and To3 = O3 —0s. For « € [0, 1], set 0(«) = 01+« T2, we load these weights into a copy of
M7, and compute the reward-score histogram R(«) over our fixed 10 000 prompts. We then calculate
the adjacent Wasserstein distances W (R(c;), R(cvi41)), normalize each by (cv;41 — o) [|T12]|, and
take their maximum to obtain an empirical Lipschitz constant Ko; repeating along T3 yields Kos.
On the “AIF-Gen Lipschitz” dataset we measure max (K12, K23) =~ 5, whereas on the “AIF-Gen
Piecewise Preference Shift” dataset it is =~ 10, showing that the piecewise dataset induces larger, less
smooth jumps in the learned reward distribution therefore making it a more difficult task to learn.
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Table 9: Validation statistics for Q&A tasks.

Education Politics Tech
Direct Eli5 Expert Hinted \ Eli5 Expert \ Healthcare Eli5 Healthcare Expert
Sample Count 9996 9991 9996 9991 9977 9982 9997 9991
Prompt Entropy 6.166 6.154  6.149 6.158 | 5.614  5.606 5.627 5.613
Chosen Entropy 7.620 7.584  7.755 7.539 | 7.329  7.528 7.456 7.626
Rejected Entropy 7.693 7.596 7.688 7.565 | 7.325 7.439 7.460 7.527
Coherence Chosen 8.995 8.827 9.046 8.837 | 8.642  8.828 8.846 9.057
Coherence Rejected 8.916  8.845  9.007 8.937 | 8.672 8.776 8.861 9.017

D AIF-GEN COMMAND-LINE INTERFACE (CLI)

ATIF-Gen is primarily meant to be used as a command-line tool when generating and manipulating
synthetic continual RLHF datasets. The tool is invoked using:

$ aif —--help
Available commands:

* generate — Generate a new ContinualAlignmentDataset.
* merge — Interactively merge multiple datasets.

* preview — Interactively preview dataset samples.

* sample — Downsample datasets by ratio or count.

* transform— Apply dataset transformations.

e validate — Run dataset validation checks.

For usage examples, refer to: https://aif-gen.readthedocs.io/en/latest/cli

For installation instructions, please consult: https://aif-gen.readthedocs.io/en/
latest

GLOBAL OPTIONS

-log_file FILE Optional log file path (default: aif_gen.log)
-help Show help message and exit

GENERATE

Generates a new continual dataset using a vLLM-compatible model.

—-data_config_name Path to the dataset configuration file

-model Name of vLLM model for generation

—output_file Output path for the generated dataset

—-random_seed Random seed for reproducibility (de-
fault: 0)

—dry_run Simulate generation a dry run (default:
False)

-temperature LLM Sampling temperature (default:
0.99)

-hf_repo_id (Optional) Save to Hugging Face reposi-
tory

-max_tokens_prompt_response Token limit for prompts (default: 1024)

-max_tokens_chosen_rejected_response Token limit for responses (default:
2048)

-max_concurrency Max number of concurrent inference re-
quests to send to the vLLM server (de-
fault: 256)
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MERGE

Interactively merges multiple datasets via terminal prompts.
(No additional flags; operates interactively.)

PREVIEW

Preview a dataset interactively by cycling through examples.

—input_data_file Path to the input dataset

-shuffle Whether to shuffle samples before display (default: True)
-hf_repo_id (Optional) Load from Hugging Face repository
SAMPLE

Downsample a dataset by ratio or absolute sample count.

—input_data_file Path to the input dataset
~keep_ratio_train Fraction of training data to retain
-keep_ratio_test Fraction of test data to retain
—output_data_file Path to write the transformed dataset
-random_seed Seed for reproducibility (default: 0)

-keep_amount_train (Optional) Absolute number of training samples to retain
-keep_amount_test (Optional) Absolute number of test samples to retain

-hf_repo_id (Optional) Load from Hugging Face repository
-hf_repo_id_out (Optional) Save to Hugging Face repository
TRANSFORM

Transform a ContinualAlignmentDataset.

preference_swap Swap 'chosen’ and 'rejected’ responses probabilistically.

—input_data_file Path to the input dataset
—output_data_file Path to write the transformed dataset

-p Swap probability (default: 1)
-random_seed Seed for reproducibility (default: 0)
-hf_repo_id (Optional) Load from Hugging Face repository
-hf_repo_id_out (Optional) Save to Hugging Face repository

split Split dataset into train and test partitions.

—input_data_file Path to the input dataset
—output_data_file Path to write the transformed dataset
-test_sample_ratio Ratio for the test split (default: 0.15)

—random_seed Seed for reproducibility (default: 0)

-hf_repo_id (Optional) Load from Hugging Face repository

-hf_repo_id_out (Optional) Save to Hugging Face repository
VALIDATE

Run dataset validation with several configurable checks.
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—-input_data_file Path to the input dataset

—output_data_file Path to write the validation results

—validate_count Enable count-based checks

-validate_entropy Enable entropy-based evaluation

-validate_1llm_judge Enable LLM judgment scoring

-validate_embedding_diversity Enable embedding diversity checks

-model LLM model name for judgment

—embedding_model Embedding model name

—embedding_batch_size Batch size for embedding calculation (default
256)

-max_tokens_judge_response Token limit for LLM judgment response (default:
128)

—random_seed Random seed for reproducibility (default: 0)

-dry_run Simulate LLM judge with a dry run (default:
False)

-hf_repo_id (Optional) Load dataset from Hugging Face repos-
itory

-max_concurrency Max number of concurrent inference requests to

send to the vVLLM server (default: 256)

E PROMPT TEMPLATES

In this section, we provide the templates with which AIF-Gen datasets were created. As described
in the main text, the framework utilizes a prompt and response mapper internally for the generation
task given external data generation configuration YAML files provided by the user; which can all be
found in the GitHub repository. Appendix E.1, E.2, and E.3 display the prompts used respectively.

E.1 PROMPT MAPPER
The following prompt template is used to generate task-specific prompts for our alignment tasks:

Generate a text that fulfills the objective below.

Do exactly what the objective says: [OBJECTIVE].

The description must include the following seed words: [SEED_WORDS].
Do not include any meta commentary, instructions, or extra text
(e.g., avoid phrases like "User asks" or additional context).

The output should be clear and self-contained.

You don’t need to start by saying "prompt:".

Ensure that the generated response adheres to ethical practices,
avoids biases, and respects the target audience’s needs.

where [OBJECTIVE] is the specific alignment task objective, and [ SEED_WORDS] are domain-
specific terms sampled from task components to contextualize the generation.

E.2 RESPONSE MAPPER

Generate a ‘chosen’ and ‘rejected’ response pair to the following
prompt: [TASK_PROMPT].

The ’chosen’ response should respond to the prompt according to the
following preference: [PREFERENCE].

The ‘rejected’ response should still respond to the prompt according
to the preference but negligibly worse in its quality, however still
close to the chosen response so it confuses the reader which one is
actually better.

Consider exactly the same style and lengths for the chosen and
rejected please.

You don’t need to start your response by saying "here is the response"
nor to give any meta-explanation. Just provide the response.
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where [TASK_PROMPT] is the previously generated task prompt, and [PREFERENCE] represents
the specific preference criteria from the alignment task.

E.3 DATA GENERATION CONFIGURATIONS
The configurations provided below have the following format:

1. Objective
2. Preference

3. Domain

education_qgna_direct

Ask a non-trivial math (you choose randomly what topic in math) or social sciences or
physics or chemistry question. Your response is merely a literal question and nothing
else please.

Directly answer the question.

education

education_qna_eli5

Ask a non-trivial math (you choose randomly what topic in math) or social sciences or
physics or chemistry question. The prompt is merely a literal question and nothing else
please.

Explain the answer to the question at a level that could be understood by a five year old.

education

education_qgna_expert

Ask a non-trivial math (you choose randomly what topic in math) or social sciences or
physics or chemistry question. The prompt is merely a literal question and nothing else
please.

Explain the answer to the question at an expert level. Draw from technical literature when
necessary, and add complex examples to further support the student learning.

education

education_qna_hinted

Ask a non-trivial math (you choose randomly what topic in math) or social sciences or
physics or chemistry question. The prompt is merely a literal question and nothing else
please.

Do not directly reveal the answer to the question. Instead, guide the student with a relevant
hint.

education

education_summary_eliS

Generate an article on the topic of math or social sciences or physics or chemistry (you
choose the exact detailed topic) that would be written by a professional expert in the
field.

Summarize the body of text at a level that could be understood by a five year old.
education
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education_summary_expert

Generate an article on the topic of math or social sciences or physics or chemistry (you
choose the exact detailed topic) that would be written by a professional expert in the
field.

Summarize the body of text at an expert level without making the summary too long or too
short. Draw from technical literature when necessary.

education

politics_generate_formal

Generate a body of text on a political topic (you choose randomly what topic in politics)
that would be found in a blog article.

Continue the story but in a formal style.

politics

politics_generate_rapper

Generate a body of text on a political topic (you choose randomly what topic in politics)
that would be found in a blog article.

Continue the story but in the style of a rapper.

politics

politics_generate_shakespeare

Generate a body of text on a political topic (you choose randomly what topic in politics)
that would be found in a blog article.

Continue the story but in the style of Shakespeare.
politics

politics_qna_expert

Ask a political (you choose randomly what topic in politics) question. The prompt is
merely a literal question and nothing else please.

Explain the answer to the question at an expert level. Draw from technical literature when
necessary, and add complex examples to further support the answer.

politics

politics_summary_eli5

Generate a body of text on the topic of politics (you choose randomly what topic in
politics) that would be found in an article written by an expert in the field.

Summarize the body of text at a level that could be understood by a five year old.

politics

politics_summary_expert

Generate a body of text on the topic of politics(you choose randomly what topic in
politics) that would be found in an article written by an expert in the field.

Summarize the body of text at an expert level. Draw from technical literature when necessary.
politics
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tech_healthcare_qna_eli5

Ask a healthcare (you choose randomly what topic in health sciences) or technology
related (you choose randomly what topic related to technology) question. The prompt is
merely a literal question and nothing else please.

Explain the answer to the question at a level that could be understood by a five year old.

Technology and Healthcare

tech_healthcare_qna_expert

Ask a healthcare (you choose randomly what topic in health sciences) or technology
related (you choose randomly what topic related to technology) question. The prompt is
merely a literal question and nothing else please.

Explain the answer to the question at an expert level. Draw from technical literature when
necessary, and add complex examples to further support the answer.

Technology and Healthcare

tech_physics_summary_eli5

Generate an article on the topic of healthcare (you choose the exact detailed topic in
health sciences ) or technology (you choose randomly what topic related to technology)
that would be written by a professor or a pioneering expert in the field.

Summarize the body of text at a level that could be understood by a five year old.
Technology and Physics

tech_physics_summary_expert

Generate a body of text on the topic of healthcare (you choose randomly what topic in
health sciences) or technology (you choose randomly what topic related to technology)
that would be found in a blog article written by an expert in the field.

Summarize the body of text at an expert level. Draw from technical literature when necessary.
Technology and Physics

tech_physics_summary_highschool

Generate an article on the topic of healthcare (you choose the exact detailed topic in
health sciences ) or technology (you choose randomly what topic related to technology)
that would be written by a professor or a pioneering expert in the field.

Summarize the body of text at a level that could be understood by a regular high school
student.

Technology and Physics
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