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Abstract

Large Language Models (LLMs) have demon-
strated impressive text generation capabili-
ties, yet their outputs often misalign with hu-
man preferences. To address this challenge,
Reinforcement Learning from Human Feed-
back (RLHF) has become an essential compo-
nent of modern LLM training pipelines. Al-
though Proximal Policy Optimization (PPO)
initially emerged as a favored RLHF strategy,
its complexity and inefficiency have spurred
the investigation of simpler alternatives. This
work presents, to the authors’ knowledge, the
most comprehensive benchmark to date of
seventeen state-of-the-art RLHF algorithms.
We evaluate these algorithms on two differ-
ent benchmarks, OpenAl’s TL;DR Summa-
rization and Anthropic’s Helpfulness / Harm-
lessness, with two different reward models a
Gemma 2B Reward model and a Rules based
reward model. We incorporate extensive hy-
perparameter sweeps for each algorithm. With
this expanded analysis, we report consistently
top-performing RLHF algorithms: IPO, DPO,
Reinforce, GRPO, and Best-of-N, and list the
highest performing hyperparameter combina-
tions for each. This work aims to guide prac-
titioners in selecting the most effective RLHF
algorithm while promoting a culture of thor-
ough and impartial benchmarking in the field.

1 Introduction

Aligning Large Language Models (LLMs) with human
preferences is a key challenge, making Reinforcement
Learning from Human Feedback (RLHF) an important
step in the training pipeline (Wang et al., 2024).

While Proximal Policy Optimization (PPO) was an
early standard for RLHF (Christiano et al., 2023), it has
since fallen out of favor. Numerous alternatives—such

as Best of N Cloning (Nakano et al., 2021), KTO
(Ethayarajh et al., 2024), GRPO (Shao et al., 2024),
DPO (Rafailov et al., 2024), and RSO (Liu et al.,
2024)—have been proposed. However, these methods
are typically evaluated against few, inconsistent base-
lines. Even the recent work that inspired our paper, a
theoretically important and eloquent argument for sim-
pler methods like REINFORCE over the complexity of
PPO (Ahmadian et al., 2024), was limited to a one-off
comparison, highlighting the need for a thorough, im-
partial benchmark.

In this work, we conduct the most computationally
intensive benchmark of RLHF algorithms to date. We
revisit simple policy gradient methods alongside more
complex strategies, evaluating a full suite of sixteen al-
gorithms: Actor Critic (AC), Best of N Cloning (BON),
Direct Preference Optimization (DPO), Direct Reward
Optimization (DRO), Deep Q Networks (DQN), Ex-
act Preference Optimization (EXO), General Prefer-
ence Optimization (GPO), Group Relative Policy Op-
timization (GRPO), Identity Preference Optimization
(IPO), Inverse Q Learning (IQLearn), KTO, Path Con-
sistency Learning (PCL), PPO, REINFORCE, REIN-
FORCE with Baseline, and RSO. We evaluate each
on three different tasks with extensive hyperparameter
sweeps, totaling over 3,500 training runs and 30,000
TPU-hours to identify the top-performing configura-
tions.

Our work is novel in the following ways:

* We test an expanded set of algorithms on well-
studied tasks and perform a more extensive hy-
perparameter search than prior work, with hy-
perparameters chosen after consulting the original
authors.

* We use a more extensive suite of evaluation
metrics, including ROUGE scores, for a more
complete picture of model performance.

* We provide the top hyperparameter combina-
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tions found per algorithm and task to save read-
ers from extensive exploration.

Ultimately, we aim to guide practitioners in selecting
an out-of-the-box RLHF algorithm and to encourage a
culture of impartial, broad-selection benchmarking.

2 RLHF Preliminaries

In Reinforcement Learning from Human Feedback
(RLHF), the learning agent is tasked with optimizing
its behavior based on human-provided feedback (which
could take the form of selecting a winning response,
upvote/downvote, or ranked choice.) Formally, RLHF,
like RL, can be modeled as a Markov Decision Process
(MDP) defined by the tuple (S, A, P, R,~), where S is
the set of states, A is the set of actions, P (s’ | s,a) is
the transition probability from state s to s’ given action
a,and v € [0,1) is the discount factor that controls the
weight of future rewards. In RLHF, the reward func-
tion R(s,a) is often provided by a separate Reward
Model, oftentimes a special purpose LLM fine-tuned
on human preference data. This feedback is used to
shape the original LLM to expressing output (a | s)
that aligns with human values and objectives.

3 Related Works: Comparative RLHF
Studies

A number of prior studies have systematically com-
pared reinforcement learning algorithms for RLHF,
with a particular focus on design choices and hyper-
parameter configurations. For example, the seminal
“Back to Basics” paper (Ahmadian et al., 2024) rig-
orously evaluated PPO, REINFORCE, DPO, and two
variants of REINFORCE (Williams, 1992a). Although
the case for REINFORCE over PPO and DPO was ar-
gued persuasively, the hyperparameter exploration was
somewhat limited. Importantly, the study concluded
that PPO is suboptimal for RLHF and that simpler
algorithms like REINFORCE and its variant RLOO
(Williams, 1992a; Kool et al., 2019) outperform PPO
under certain conditions.

In addition, several works have specifically exam-
ined the comparative effectiveness of PPO and Di-
rect Policy Optimization (DPO) (Rafailov et al., 2024;
Schulman et al., 2017). These investigations empha-
sized the influence of dataset selection and mixture
configurations on performance. In particular, the Tulu
series (Tulu 1, 2, and 2.5) (Wang et al., 2023; Ivison
et al., 2023; Ivison et al.) conducted thorough abla-
tion studies on open-source dataset mixtures applied
to pure Supervised Fine-Tuning (SFT) models, as well
as models trained with DPO alone and in combination
with PPO. Their findings indicate that PPO can slightly
outperform DPO on several benchmarks, and that aug-
menting models with larger reward models and syn-
thetic data annotated for helpfulness leads to improved
performance. However, these studies focused primarily

on PPO and DPO, with limited hyperparameter explo-
ration and little consideration of other promising algo-
rithms.

4 Methods

4.1 A Taxonomy of the major RLHF approaches
we study

We study seventeen RLHF algorithms', which we cate-
gorize as: (1) classic RL approaches using reward mod-
els, (2) direct preference optimization approaches, and
(3) sampling-based approaches.

4.1.1 Classic RL Architectures with Reward
Models

This class of methods uses classic RL formulations
(policy-gradient or value-based) where learning is
guided by a separate reward model trained on prefer-
ence data. These include AC, DQN, IQLearn, PCL, PI,
PPO, and REINFORCE variants.

AC: Actor-Critic (Mnih et al., 2016) Actor-Critic
uses an actor to select actions and a critic to evaluate
them, providing feedback to optimize the policy.

DQN: Deep Q-Networks (Mnih, 2013) Deep Q-
Networks (DQN) use a deep neural network to approx-
imate the optimal action-value function, Q (s,a), by
applying the Bellman update rule.

GRPO: Group Relative Policy Optimization (Shao
et al, 2024) Group Relative Policy Optimization
(GRPO) is a critic-free algorithm that uses the mean
reward of multiple candidate responses as a baseline
for advantage estimation, applying a KL penalty to stay
close to a reference model.

IQLearn (Garg et al., 2021; Wulfmeier et al., 2024)
IQ-Learn applies inverse Q-learning, connecting KL-
regularized RLHF to GAN-based methods (Ho and Er-
mon, 2016) and deriving a unified loss optimized with
a reward model.

PCL: Path Consistency Learning (Nachum et al.,
2017) Path Consistency Learning (PCL), from
GFlowNet literature (Bengio et al., 2021), optimizes
policies by enforcing consistency between different
action paths, improving learning efficiency.

PI: Policy Iteration Policy Iteration is a classic RL
algorithm that alternates between evaluating the current
policy and improving it based on the resulting value
function.

'All RLHF algorithms studied are released under the
Apache 2.0 license. This license is a permissive open-source
license that allows users to use, modify, and distribute the
software with minimal restrictions, including in commercial
applications.
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PPO: Proximal Policy Optimization (Ouyang et al.,
2022; Schulman et al., 2017) Proximal Policy Opti-
mization (PPO) improves stability by using a clipped
objective function to restrict large policy changes dur-
ing training.

REINFORCE (Williams, 1992b) REINFORCE is a
Monte Carlo policy gradient method that updates the
policy to maximize expected reward but can have high
variance.

REINFORCE with Baselines (Sutton et al., 1999)
This variant reduces variance by subtracting a baseline,
typically the state’s expected value, from the reward
signal for more stable learning.

4.1.2 Direct Preference Approaches

Direct Preference approaches directly use preference
data in the optimization objective, bypassing a separate
reward model. While potentially more data-efficient
(Rafailov et al., 2024), this can limit exploration. These
methods often use KL regularization and include DPO,
IPO, GPO, EXO, DRO, KTO, and SLiC.

GPO: General Preference Optimization (Tang et al.,
2024) General Preference Optimization (GPO) opti-
mizes a general representation of user preferences, with
DPO and IPO as special cases, and uses KL regulariza-
tion.

EXO: Exact Preference Optimization (Ji et al.,
2024) Exact Preference Optimization (EXO) directly
optimizes the model on preference signals, using an an-
chor distribution as a safe baseline to constrain policy
updates.

DPO: Direct Preference Optimization (Rafailov
et al., 2024) Direct Preference Optimization (DPO)
trains directly on preference triplets (prompt, preferred,
dis-preferred) using a Bradley-Terry model and KL
regularization. Our implementation is online, collect-
ing new preferences during training (Li et al., 2024).

IPO: Identity Preference Optimization (Azar et al.,
2024) Identity Preference Optimization (IPO) ex-
tends DPO to handle arbitrary preference models be-
yond pairwise comparisons, using KL-regularization to
stay close to a baseline.

DRO: Direct Reward Optimization (Richemond
et al., 2024) Inspired by DPO, Direct Reward Opti-
mization (DRO) optimizes a policy on explicit reward
signals but requires only a single reward per sample,
not a contrastive pair.

KTO: Kahneman-Tversky Optimization (Etha-
yarajh et al., 2024) Kahneman-Tversky Optimiza-
tion (KTO) uses principles from behavioral economics
to operate on simple feedback (e.g., thumbs up/down)
rather than more costly contrastive samples.

SLiC: Sequence Likelihood Calibration (Zhao et al.,
2023) Sequence Likelihood Calibration (SLiC) fine-
tunes by increasing the likelihood of preferred se-
quences while decreasing dis-preferred ones to better
align with human expectations.

4.1.3 Sampling based approaches

These algorithms generate multiple candidate outputs
and select or clone the best-performing one, leverag-
ing sample diversity. This group includes Best of N
Cloning and Rejection Sampling Optimization.

BON: Best of N Cloning (Nakano et al., 2021) Best
of N Cloning (BON) trains the model to mimic the best
output selected from a set of N generated candidates.

RSO: Rejection Sampling Optimization (Liu et al.,
2024) Rejection Sampling Optimization (RSO) re-
fines outputs by using rejection sampling to discard
less-preferred responses and reinforce optimal ones.

4.2 Problem Setup

Model: We perform experiments fixing base model,
reward model, and all other training parameters used
prior to the RLHF training stage. For each task the
base model is a 2B parameter Gemma summarization
model (Team et al., 2024)?, which has been specifically
trained for the task it represents. In our experiments,
we will use two different reward models:

1. The reward signal for RLHF will be provided by a
2B Gemma-based reward model, trained to evalu-
ate the quality of summaries based on human pref-
erences.

2. A rules-based “constitutional AI” style reward
model (Bai et al.,, 2022b) that combines the
ROUGE score with a length penalty to provide
greater interpretability of reward.

Tasks: We report results on two different tasks:

1. The OpenAl TL;DR summarization task with a
training split of 116k human written instructions,
and 96k human annotated language pairs®>. The
task is cleverly constructed from Reddit prompts,
collecting a highly rated and a badly rated user
summary and matching those to create an RLHF-
amenable winning/losing pair (Syed et al., 2018).
This task is evaluated using both the Gemma 2B
Reward model and the rules based reward model,
as summarization is amenable to the ROUGE-
based rules model.

>The Gemma license from Google fosters broad use and
innovation for its open language models, permitting commer-
cial applications, redistribution, and modifications, alongside
a focus on responsible Al development.

3This dataset is licensed under the MIT license, which
permits use and research by commercial entities.
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2. The Anthropic Helpfulness/Harmlessness task
is a famous RLHF task that comprises pairs of
Al-generated responses to various prompts, with
human annotators indicating which response they
prefer based on helpfulness and harmlessness cri-
teria (Bai et al., 2022a)". It has a training split of
112k training preference pairs. Since training an
LLM on concise ROUGE score is not natural for
this task, we only present results using the H/H
reward model.

Evaluation Metrics: ROUGE-LSum (Recall-
Oriented Understudy for Gisting Evaluation—Longest
Common Subsequence) is a variant of the ROUGE
metric (Richemond et al., 2024), which is commonly
used to evaluate the quality of summaries and gener-
ated text by comparing them to reference text. The
Longest Common Subsequence is the longest sequence
of words (or tokens) that appears in the same order in
both the generated and reference texts. We use the com-
bination of ROUGE-LSum and reward as a first pass
filter to select the best runs from the hyperparameter
sweep.

Calculating Win Rates: As a test for tasks trained
on reward models, we calculate the win rates of ev-
ery algorithm against the base Gemma2B SFT model
using a larger Gemma7B model as a judge. We chose
200 prompts to field every pair of (RLHF Model i, SFT
Model) based on a standard statistical power calcula-
tion which gave an 80% chance of rejecting the null
hypothesis when it is false. We calculate the accuracy
of the rater to be 70%, meaning that there exists uncer-
tainty in the results.

Hyperparameter Sweeps: We give a fixed com-
pute budget to each RLHF algorithm, including iden-
tifying three key hyperparameters from each algorithm
and sweeping over three values of each hyperparame-
ter. For all algorithms, the first two hyperparameters
are fixed to: (1) Policy Learning Rate (le-7, 1e-6, le-
5), (2) o, a parameter which weights the contribution
of the KL term to the RLHF reward (0.3, 0.1, 0.05),
and (3) a algorithm specific parameter: please see Ap-
pendix table 3. We perform a grid search for each of
these parameters. Each hyperparameter choice was de-
cided after extensive conversations with the authors of
the various methods.

Computational Setup: We conduct all experiments
on a TPU-based architectural setup, the details of
which we must omit for privacy reasons. We use more
than 30,000 TPU hours for our work.

5 Results and Discussion

In this section, we summarize our experimental find-
ings by grouping the RLHF algorithms into related
classes, evaluating the impact of reward model train-
ing, and examining the sensitivity of performance to
hyperparameter settings. Our analysis is based on both
win rates and reward curves collected across multiple
test scenarios.
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5.1 A Class of Reinforce-like Algorithms

Our experiments reveal a distinct cluster of algorithms
that share characteristics similar to those of the classi-
cal REINFORCE method. In particular, the algorithms
Reinforce with Baseline, DPO, IPO, and Best of N
Cloning (BON) consistently achieve high win rates.
The reward curves for these methods indicate that sim-
pler, more direct approaches—ones that avoid the com-
plexity of PPO—can perform competitively. Moreover,
the curves suggest that algorithms such as Actor Critic
and DRO may also be considered within this class, as
they exhibit comparable reward trends despite some
differences in their update dynamics. Overall, these
methods share a common philosophy: they directly
optimize the expected reward with minimal additional
regularization overhead compared to PPO, thereby re-
ducing the risk of overly conservative updates.

5.2 Performance of Reward Models versus Direct
Optimization

Our results indicate that training algorithms with a re-
ward model becomes increasingly challenging when
both the primary model and the reward model are
scaled down. In these cases, the reward curves serve
as a robust indicator of how effectively an algorithm
can optimize within its environment, independent of
potential vulnerabilities to reward hacking. We encour-
age readers to consider both the reward curves and win
rates when assessing algorithm performance. In partic-
ular, while some methods may achieve high rewards,
they sometimes suffer from mode collapse (e.g., re-
peated identical outputs), which is evident when com-
paring win rates with the reward curves. This observa-
tion underscores the importance of a balanced evalua-
tion that accounts for both raw reward optimization and
qualitative output diversity.

5.3 Hyperparameter Sensitivity and Optimization

Analysis of the hyperparameter configurations shows
that the best-performing models tend to use the small-
est observed learning rates and temperatures. Please
see Table 1 for a list of the best hyperparameters. This
suggests that a conservative update strategy is benefi-
cial, likely because smaller learning rates help restrain
the model from shifting too rapidly. Additionally, our
experiments indicate that hyperparameter optimization
places less emphasis on SFT-regularization. In fact, the
KL divergence coefficient and update frequencies tend
to be on the lower end of the tested spectrum. These
findings point to a continuum of strategies: one can ei-
ther constrain the model’s update step to prevent abrupt
changes or keep the model closely aligned with the pre-
trained SFT policy—but imposing both restrictions si-
multaneously may overconstrain the model. This over-
constraining is reminiscent of the issues observed with
PPO’s trust region being inadequate for the LLM set-
ting, as highlighted by Ahmadian et al. We suggest that
future work should explore alternative regularization
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Figure 1: Evaluation metrics of highest performing examples over a test set across various tasks.
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methods to avoid the potential pitfalls of over-reliance
on KL divergence.

5.4 Discussion and Future Directions

Taken together, our results highlight a promising class
of Reinforce-like RLHF algorithms that achieve robust
performance without the complexity of PPO. While re-
ward these algorithms can effectively optimize in vari-
ous environments, careful hyperparameter tuning is es-
sential to avoid issues like mode collapse and overly
conservative policy updates.

We provide the best hyperparameter configurations
per algorithm in Table 1 in the Appendix.

We provide win rates for the models over an SFT
base model in Table ??. Here we find rough agreement
with the ROUGE ordering, finding that BON, GRPO,
REINFORCE with baseline, DPO, and IPO are among
the alternatives.

6 Conclusion

We return to the paper which founded the motivation
for our study (Ahmadian et al., 2024). Our analy-
sis confirms that several RLHF algorithms from the
classical reinforcement learning era remain competi-
tive on generic benchmark problems. In particular,
our experiments indicate that algorithms such as RE-
INFORCE with Baseline, DPO, IPO, and Best of N
Cloning (BON) perform at the top of the evaluated set.
Notably, the reward curves suggest that even methods
like Actor Critic and DRO—which are often consid-
ered more complex—could be viable alternatives when
evaluated under specific conditions. These algorithms
share a common trait: they eschew the heavy regular-
ization and trust-region constraints of PPO in favor of
simpler, more direct policy updates. This observation
not only reinforces the original critique in (Ahmadian
et al., 2024) but also suggests that simplicity in policy
optimization may confer advantages in terms of conver-
gence speed and reward stability. While REINFORCE
emerges as a strong contender, its performance, though
promising, was not uniformly superior across all met-
rics.

We embarked on a comprehensive benchmarking ap-
proach to evaluate a wide range of algorithms for Re-
inforcement Learning from Human Feedback (RLHF).
Our goal was to provide practitioners with clear guid-
ance on the effectiveness of different strategies under
realistic conditions.

7 Future Directions

We plan to extend our benchmarking suite by testing
with different base SFT models like Gemini and Llama.
Exploring alternative reward models and regularization
strategies beyond standard KL divergence may provide
further insights into optimizing RLHF performance.

8 Limitations

Our study has several limitations. First, our reward
models, like many others, showed signs of incomplete-
ness; mode collapse sometimes led to artificially high
rewards, which we caution as a risk to our work. Sec-
ond, the underlying model had only 2 billion param-
eters, which may not capture the dynamics of larger,
production-scale reward models. Third, our explo-
ration of hyperparameters was limited compared to the
vast configuration space available. Focusing on fine-
tuning a single algorithm might yield better perfor-
mance than our broader survey.
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Table 1: Best Hyperparameters for Each RLHF Algorithm Across Three Tasks

. TL;DR Rules Based TL;DR RM H/H RM
Algorithm
LR Parameter « LR Parameter « LR Parameter «
Actor Critic le= S &: false 0.05 | 1e= &: false 0.05 | 1= &: false 0.05
Reinforce le™7 Toue: 1 0.05 | 1e77 Tour: 1 0.10 | 1e77 Tour: 1 0.05
R w/ Baseline | le™7 Tour: 1 0.05 | 1e77 Tou: 1 0.05 | 1e~ 7 Tou: 1 0.05
PPO le™7 Tout: 2 005 | 1le®  Tyu:2 010 | 1le” Tyl 010
PCL 5e=7 Tout: 1 030 | 1e77 Toui: 2 0.10 | 177 Tous: 2 0.10
1PO 5e~7 ﬂ[po :0 0.05 | 1e77 ﬂ[pol 05 0.10 | 1e~© B]pol 0 0.10
DPO le=7 ﬁ]poi 0 0.05 | 1e77 Brpo: 0 030 | 1le™7 5]}30: 50 0.30
DRO le=7 Bpro: 0 030 | 1e77 Bpro: 0 0.10 | 1e~7 Bpro: 0 0.30
DQN 5e~7 w: 75 0.30 | 5e~ 7 w: 75 0.30 | 1e¢ w: 150 0.30
Policy Iteration | le~” w: 150 0.30 | 1e77 w: 150 0.30 | 177 w: 150 0.30
IQLearn 5e~7 Tror: 0.90  0.10 5e~7 Tror: 0.90  0.10 le=7 T1Qr: 0.50  0.05
BON 5e~7 N:4 0.05 | 1e77 N:4 0.05 | 1e77 N:2 0.10
EXO le " w: 0.10 0.30 | 1le77 w: 0.01 0.05 | 1e77 w: 0.10 0.05
GPO 577 Bapo:0.50 030 | le=7  Bapo: 1 0.10 | 1e~ 7 Bapo:2  0.10
RSO 5e~7 N: 4 0.05 | 1e77 N:4 0.30 | 1e 7 N:2 0.10
GRPO le 7 g: 20 1 le 7 g: 10 3 le 7 g: 20 .1
2B reward model 7B reward model

Agent TL;DR H/H TL;DR H/H

AC 53% 55% 56% 59%

BON 64 % 52% 68% 58%

DPO 62% 67 % 69 % 69 %

DQN 32% 36% 35% 42%

DRO 58% 52% 61% 58%

EXO 48% 43% 51% 48%

GPO 61% 46% 64% 49%

GRPO 65 % 63% 75 % 68 %

1PO 66% 48% 69 % 51%

IQLearn 49% 51% 52% 54%

KTO 52% 56% 57% 59%

PCL 41% 42% 45% 45%

PI 45% 46% 48% 49%

PPO 54% 57% 58% 59%

REINFORCE 60% 62% 64% 67 %

R w/Baseline 66% 64 % 69 % 69 %

RSO 58% 61% 61% 66%

SLIC 48% 49% 48% 52%

Table 2: Win rates for RLFT agents over SFT, evalu-
ated with 2B and 7B parameter reward models. Top
three values in each column are bolded.
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Appendix

8.1 Algorithm Specific Hyperparameters that
were swept over

Please see Table 3 for a list of all of the algorithm spe-
cific hyperparameters that were swept over.

8.2 Best Hyperparameters

Please see Table 1 for a list of the best hyperparameters
that we used.

8.3 Decoded Output

Here is an example of “good” decoded output from our
models. NOTE, just as reminder, these are prompts that
are prepared in the TL;DR Summarization dataset that
was scraped from Reddit; not prompts that we created
ourselves.
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Table 3: Hyperparameter Ablations for RLHF Algorithms

Category Algorithm Symbol Description Ablated Values
AC 13 Boolean flag to include the KL True, False
term in the value model.
Classical RL DQN w Target petwork update fre- 75, 150, 250
quency (in steps).
GRPO g Group batch size for advantage 10, 20, 50
estimation.
IQLearn TIQL Regularization strength for Q- 0.5,0.9
value estimation.
PI w Frequency of target Q- 75,150,250
distribution updates (in steps).
PPO, PCL, T, Decoder output temperature. 1.0,1.5,2.0
REINFORCE
EXO Wanchor ~ Weight of the anchor distribu- 0.01, 0.05, 0.1
tion to prevent policy drift.
DPO Bppro Regularization weight for align- 0, 0.1, 0.5
Direct Preference ment to the base SFT model.
1PO Brpo Regularization weight (analo- 0, 0.5, 1.0
gous to DPO’s f3).
DRO BDRO Regularization weight (analo- 0,0.5,1.0
gous to DPO’s ).
GPO Baro Regularization weight (analo- Not Specified
gous to DPO’s f3).
KTO BrTO Starting value for KL diver- 0,0.5,1.0
gence during the warmup pe-
riod.
SLiC Bsric Cross-entropy loss weight to 0.5, 1.0, 2.0
stay close to the fine-tuned base-
line.
. BON n Number of candidate samples 2,4, 8
Sampling .
generated for selection.
RSO k Number of samples rejected in = 2,4, 8
each round.
Prompt 1: 1 did nothing but follow and listen to them to-

Summarize the following Text:

I'm a seventeen year old going into grade
twelve, and I don’t know anything about my
future... I really don’t know where I'm going
career-wise. That’s one thing; I also have
a girlfriend of 2+ years and we have yet to
kiss, I haven’t gotten even my learner’s li-
cense yet, and throughout my life I have re-
fused to use any drugs/alcohol to this point.

Now, I've been really satisfied with all this
untill today, when an old friend and I got to-
gether and met up with our third friend (who
turns out to now smoke weed/is now on a two
month light-every-day streak). This lead to
a messed up day of following them to dealers
and near fights, small town gangs and free ki-

together to light up.

day, and what an average day for any one of
them amazed me. I left and thought about my
current life, and now I'm here on askreddit

while laying in bed.

Basically, I want to know how normal I am.

Model output:

I'm a seventeen year
old going into grade twelve,
where future going career related.Been with
my amazing girlfriend 2 yrs, never used
drugs/alcohol. Encountered some friends to-
day who smoked weed(everyday for 2 months
straight).Left and thought about current life
while now laid in bed.How normal am I?
REF I don’t do anything in my life, and
1 spent a day following friends function
through their weed related day to day activ-
ities. This 'normal’ teenager life contradicts

mine a lot. Am I still a normal person?
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Prompt 2:
Summarize the following Text:

I am the legal guardian of my cousin [10/M].
We were both abused by my uncle/his father,
who is currently in prison far away from us,
and his mother signed over her rights to me.
I've been Cousin’s guardian for two years
now, and we’re doing well.

Recently, our grandmother (uncle’s mother)
has tried to get into contact with us again.
I cut off a huge swathe of my family during
the trial — essentially everyone who was not
explicitly on our side — and my grandmother
was part of that. Grandmother wants to make
amends for her "ambivalence,” and that she
is not talking to my uncle.

Cousin loves Grandmother and was upset
when I cut contact with her, even when I ex-
plained the situation, and I want to do right
by him. But I do not trust her at all. If my
uncle even finds out a smidge of information
about Cousin, I will not be responsible for my
actions. We do not live in a state with grand-
parent visitation rights, so I am not worried
about legal repercussions, but I don’t know
how to approach anyone on that side of the
family.

Model output: I am the legal guardian of my
cousin [10/M].We were BOTH abused by my
uncle/his father, and I cut off HUGE swathe
of the family during trial.Recently grand-
mother wants to contact us again to make
amends for her ”ambivalence.” Do NOT trust
her at all. Do not know how to proceed with
anyone on that side.No legal repercussions
but how to proceed? REF Gained legal
guardianship of my cousin because my uncle
was abusive. My grandmother, who cousin
loves, wants to reconnect but I do not trust
her.

Prompt 3:
Summarize the following Text:

I was seeing this guy for a month and it
started off really strong. We would try to see
each other all the time, we would talk on the
phone every night for hours, we would text
all day.

When we first met, there was a lot of chem-
istry and we were very upfront about what
we wanted - both of us wanted relationships
as an endgoal.

I was hesitant at first about being so lovey-
dovey so quick, but he seemed so genuine
when he told me how he felt, so I kind of dove
in right behind him.
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After our first couple of dates, he went on
vacation and things were still amazing. We
would talk all the time and feelings only
grew. He came back and we had another date
(and sex) and things fizzled.

After that, he flaked on our next planned
date, but made sure to plan another one in
its place. We did go out, had sex again, but
things didn’t change. It still felt different. 1
told him if he had lost interest, it was fine - it
happens. But he still said he wanted to talk to
and see me, but it was just work and distance
(he lives an hour away) that was making it

hard.

We tried make plans one more time for him to
come down. He said ’he will let me know,”
and didn’t end up texting me all that day.
I broke things off because I've played this
game before - someone who wants to be with
me, would be. This guy did not. So I pretty
much ended things, saying it was just disap-
pointing but for the best, and he agreed.

Days later, he texted me and apologized.
Said the more he saw me, it didn’t feel ’nat-
ural for us to be together” and work just
made it harder. Also told me it wasn’t any-
one else in the picture either. We kind of got
into a back and forth and he admit, he just
lost interest. He pretty much said he strung
me along because ”he just wanted to like me
back” which is confusing to me, because in
the beginning all he could talk about was
how much he liked me.

Model output: Was seeing this guy for 1
mo.Things were heating up fast.He simply
STOPS talking/seeing after a planned date
initially.Says he just lost interest due to dis-
tance and previous experiences.He still texts
though. REF A guy I saw a lot of potential
with fizzled out on me because apparently he
didn’t like me back, and I can’t stop thinking
about it and what went wrong.

An example of bad model behavior:

Prompt 1 Summarize the following Text:

So this is a bit of a odd question, and a bit of
a moral one as well.

A local company named ARC is in the
Nashville area. They are similar to good-
will in the respect that they will pick up your
clothes for a tax break.

The branch of the group here prints off yellow
bags with their number here on the bag to
call and schedule pick ups of the bags. (They
employ mentally handicap members of soci-
ety to do most of the labor of the company.)



They have put instead of their number on the
bags, my cellphone number. In a slight de-
fense to them it is only one digit off. However
I'm receiving over 30+ calls a day from an-
gry individuals wondering when “their shit
is gonna be picked up.”

After speaking with the district manager who
thought I was lying and making the entire
thing up until she went and found the bag
with the wrong number on it she offered
to take my phone number and =;; HAVE
ME PURCHASE A NEW ONE FROM MY
PHONE COMPANY ;;=

This did not set well with me.
Model output

A REF Is it possible to sue for harassment
for a non profit organization that employs
mentally handicap individuals since they’ve
printed my number on 500,000 bags and dis-
tributed them?

Prompt 2:
Summarize the following Text:

She tried to break up with me yesterday. She
said it was because we act too much like
friends and that it looks like I don’t care
about our relationship because it looks like
I don’t like her. I called her and told her I re-
ally liked her and didn’t want to lose her and
promised we’ll start being a couple. She said
she believed me and that she wanted to hang
out with me. When we hung out I asked her
if she still liked me and she said yes but when
I asked her about why she tried to break up
with me, she said she didn’t know. I asked
her if she really wanted to act like a couple,
she said that she didn’t care (wtf). I asked
her straight up what she wanted and she said
that she didn’t know what either. What do?
Nonetheless we had a great time hanging out.

Model Response GF attemped breakup yes-
terday claiming we act too like friends and
look like I don’t care abt relationship. Called
assured liking her immensively, she believed
wished hangout. Hungout asked gf con-
firmed still liking me. When I probed why
breakup attempt, she nonchalantly stated
she didn’t know. Asked abt genuine desire
for couplehood, she bluntly denied know-
ing. Great hangout nonetheless nonetheless.
What do? REF Almost broke up with my GF
for reasons. Says now she doesn’t care about
those reasons and she doesn’t know what she
wants.

Prompt 3:

Summarize the following Text:

Thus concludes our list of examples of

Okay so let me start with some backstory. We
met last June and hit it off immediately. We
took things very slow for a few months but by
November I decided that I wanted to make it
official.

Everything was great and we hung out nearly
any chance we could. She’s helped me quit
smoking and always is there to motivate me.
We would have occasional little arguments
over minuscule things but never like last
night.

As of lately I've began to create bigger issues
out of the small things. I know that I can be
Jjealous and rude sometimes but she isn’t go-
ing to put up with that forever. I want to be
better and I know I can be. I’'ve been really
emotional about the thought of losing her es-
pecially when I know it’s something that is
all my fault. I can’t change the past but I re-
ally want her to see that I am still the guy she
met in June.

I just need some input from others. I didn’t
know where to turn and I've never done this
before but I hope someone out there can help
me.

Model Response increa increa increa increa
increa increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa increa increa in-
crea increa increa increa

prompts and responses.

529

models’



