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Abstract

Large language models are known to hallucinate when faced with unfamiliar
queries, but the underlying mechanism that govern how models hallucinate are not
yet fully understood. In this work, we find that unfamiliar examples in the models’
finetuning data — those that introduce concepts beyond the base model’s scope of
knowledge — are crucial in shaping these errors. In particular, we observe that an
LLM’s hallucinated predictions tend to mirror the responses associated with its un-
familiar finetuning examples. This suggests that by modifying the supervision of a
model’s unfamiliar finetuning examples, we can influence its responses to unfamil-
iar queries (e.g., say “I don’t know”). We empirically validate this observation in a
series of controlled experiments involving SFT, RL, and reward model finetuning
on TriviaQA and MMLU. Our work further investigates RL finetuning strategies
for improving the factuality of long-form model generations. We find that, while
hallucinations from the reward model can significantly undermine the effectiveness
of RL factuality finetuning, strategically controlling how reward models halluci-
nate can minimize these negative effects. Leveraging our previous observations
on controlling hallucinations, we propose an approach for learning more reliable
reward models, and show that they improve the efficacy of RL factuality finetuning
in long-form biography and book/movie plot generation tasks.

1 Introduction

Large language models (LLMs) have a tendency to “hallucinate,” generating plausible-sounding
responses that are factually incorrect. This behavior is especially prominent when models are queried
on concepts that extend beyond the models’ knowledge base [15, [14] (e.g., asking the model to
generate the biography of a little-known person). We will refer to these queries as unfamiliar inputs.
Rather than fabricating information when presented with unfamiliar inputs, models should instead
verbalize their uncertainty or confine their responses within the limits of their knowledge. The goal
of our work is to teach models this behavior, particularly for long-form generation tasks.

Towards this goal, we first set out to better understand the underlying mechanisms that govern how
LLMs hallucinate. Our investigation reveals that a finetuned model’s hallucinated responses tend
to mimic the unfamiliar examples the model’s finetuning data (i.e., finetuning examples containing
concepts unfamiliar to the pretrained model). More specifically, as test queries become more
unfamiliar, we find that LLM predictions tend to default toward the distribution of responses associated
with the model’s unfamiliar finetuning examples. We illustrate this observation with an example in
Fig.[I] To empirically verify this phenomenon, we conduct a series of controlled experiments, where
we manipulate the way unfamiliar finetuning examples are supervised, and investigate the effect on the
finetuned model’s predictions. We use multiple-choice (MMLU) and short-form question answering
tasks (TriviaQA) as testbeds, where we can precisely characterize an LLM’s output distribution.
Our results show that, across different finetuning procedures including SFT, RL, and reward model
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Figure 1: Conceptual visualization of (un)familiar finetuning examples (left), and example of model
predictions mimicking unfamiliar finetuning examples (middle and right). When finetuning on
distribution 1, which contains details the model may not know, the model outputs detailed responses
at test-time with inaccuracies (red). When finetuning on distribution 2, which omits unfamiliar details,
the model produces shorter responses with fewer inaccuracies.

finetuning, the model predictions for unfamiliar test queries indeed approach the distribution of
responses in the model’s unfamiliar finetuning examples.

Our observation suggests a recipe for minimizing factual inaccuracies in model generations: by
strategically manipulating the unfamiliar examples in the model’s finetuning data, we can steer the
model’s predictions for unfamiliar queries towards more desirable (e.g. linguistically uncertain)
responses. We leverage this insight to design better finetuning techniques to improve the factuality of
long-form LLM generations. In particular, our study focuses on RL-based approaches, where the
use of reward models to supervise finetuning makes it scalable to long-form tasks. However, reward
models themselves can suffer from hallucinations in the face of unfamiliar inputs, which can diminish
the efficacy of RL factuality finetuning. To tackle this challenge, we draw on our previous insights
to strategically control how reward models hallucinate. In particular, we find that overestimated
reward predictions tend to be more harmful than underestimated reward predictions, and propose an
approach for learning reward models that avoid overestimating rewards for unfamiliar inputs, which
we call conservative reward models. On biography and book/movie plot generation tasks, we find that
using conservative reward models for RL factuality finetuning can significantly reduce the adverse
effects of reward hallucinations, and that this approach can more reliably teach models to generate
factual long-form responses than standard SFT and RL with standard reward models.

In summary, our work makes two primary contributions: (1) we present a conceptual model outlining
the factors that influence finetuned LLLM predictions in response to unfamiliar queries, and (2) we
leverage our findings to develop a more reliable approach to RL factuality finetuning for long-form
generation tasks. We hope that the insights in our paper contribute to a better understanding of the
mechanisms that govern how LLMs hallucinate, and the principles for controlling these hallucinations.

2 Related Work

A number of works have documented the tendency of LLMs to hallucinate factually incorrect
responses [14} 4} [13,[1]]. Additionally, studies have investigated the conditions under which hallu-
cinations occur and how LLMs behave in such instances. In particular, LLMs tend to hallucinate
more frequently when queried on knowledge that is rarely mentioned in their training data [24, [15].
Furthermore, LLM predictions generally tend to be moderately calibrated [13, 149, |40], and their
internal representations seem to reflect some awareness of model uncertainty [23], 2]. Our work,
which finds that LLM hallucinations mimic the responses associated with its unfamiliar finetuning
examples, extends our understanding of LLM behavior under uncertainty.

Prior work has observed phenomena similar to our observation in standard neural networks (those
without pretraining) [[16, 9]]. These works show that, as inputs become more out-of-distribution,
neural network predictions tend to default towards a predictable value — much like the default
behavior of LLMs when faced with unfamiliar queries. However, because standard neural networks
lack the initial foundation of a pretrained model, the constant prediction reflects the model’s training
distribution rather than the unfamiliar examples encountered during finetuning.

Finally, a number of prior works have similarly sought to address the challenges posed by LLM
hallucinations. Active research areas include hallucination detection [25} 28, 44, [17]], automated
evaluation of factuality [27, 42} |1 1], and mitigation techniques. Common strategies for mitigating
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hallucinations include specialized sampling methods [19, 21} 5} 148]], more reliable input prompts [35],
using retrieval augmentation to incorporate external knowledge [6} 30} 143|146, 134], and, closest to our
work, finetuning models for factuality. In particular, prior works has found that SFT on data where
difficult examples are labeled to abstaining answers [22}145]147]], as well as RL finetuning [33}[7, |39,
38,1314126] can improve the factuality of model generations, which we also observe in our experiments.
While these works propose specific approaches for tackling hallucinations, our work instead aims to
better understand the underlying mechanisms that govern language models hallucinations in a unified
manner. Furthermore, our work investigates the little-studied effects of reward model hallucinations,
which we find to have a large impact on the efficacy of RL factuality finetuning.

3 Problem Setting

Modern LLMs are typically trained in a two-stage process: pretraining on broad-coverage corpora,
followed by finetuning on more specialized instruction-following datasets [29]. These models are
prone to generating undesirable responses when prompted with inputs that are not well represented
in their training data. In particular, models tend to output plausible-sounding but factually incorrect
responses when queried outside its pretraining distribution, and output nonsensical responses when
queried outside its finetuning distribution. We focus on the former regime of hallucinations, where
queries stylistically resemble examples in the finetuning data, but require concepts beyond the
pretrained model’s scope of knowledge. We call this kind of input unfamiliar to the model.

In our experiments, we will use question-answer tasks as a testbed, though our analysis and method
can apply to any prompted generation LLM task. To isolate the effects of distribution shift with
respect to the pretraining data (rather than finetuning data), we will evaluate model predictions on
held-out queries sampled from the same distribution as the finetuning data. To understand how
the behavior of the model changes depending on the unfamiliarity of the test query, our evaluation
will decompose the held-out test set into different levels of unfamiliarity. We will quantify the
unfamiliarity of a query by few-shot prompting the pretrained model with a few examples (sampled
from the same task) along with the query of interest, and measuring the quality of the pretrained
model’s prediction, where the quality of a prediction is quantified using task-specific metrics. We
refer to this metric as the unfamiliarity score of a query. We consider a finetuning example to be
unfamiliar if the unfamiliarity score of its query is above a certain threshold, and familiar otherwise.

4 Understanding How LL.Ms Hallucinate

In this section, we investigate the underlying mechanisms that govern how finetuned LLMs hallucinate.
We hypothesize that, when face with unfamiliar inputs, model predictions mimic the responses
associated with the model’s unfamiliar finetuning examples. We will first present our hypothesis
more precisely, then validate our hypothesis with a series of controlled experiments.

4.1 Main Hypothesis

Let us consider an LLM fp, which maps a prompt z to a distribution of responses Py(y|z). We
finetune this model on a dataset D = {(z;, s;) }1<i<n withaloss function >_ . .\ L(fo(2:), 5:),
where s; represents the supervision associated with x;. Depending on the choice of L, this can
represent SFT (where s; is a a target response) or RL finetuning (where s; is a reward function).

While the optimal behavior that an LLM can learn during finetuning is to output the ground-truth
answer to each query, this may not happen in practice for all finetuning examples. For familiar
finetuning examples, the pretrained model’s representations often encode useful associations between
queries and responses, facilitating the finetuning optimization for those examples. However, for
unfamiliar examples, which we refer to as D¢, such helpful associations in the pretrained represen-
tations are largely absent, making it more difficult to model these examples. Nonetheless, while an
LLM may struggle to produce the optimal response for each query in Dy, it can still reduce the
finetuning loss by learning to predict the types of responses associated with unfamiliar examples.
More specifically, the model can minimize the aggregate loss over unfamiliar finetuning examples
by producing an intelligent “blind guess”, Punf(y) = arg minp(y) Z(%Si)epu"f L(P(y), s;), for all

unfamiliar queries. Note that Py,(y) is input-agnostic, and depends only on the model’s unfamiliar
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Figure 2: Prediction behavior of models finetuned with SFT on MMLU (top 2 rows) and TriviaQA
(bottom row). For MMLU plots, only test inputs with a specific ground truth label (A-D) are evaluated
within each column. Solid line represents the average predicted likelihood, and error bars represent
standard deviation within the test set. For TriviaQA plots, each bar denotes the ratio of model outputs
within each category. For all plots in this figure, as inputs become more unfamiliar, model predictions
default towards the distribution of target responses in the model’s unfamiliar finetuning examples.

finetuning examples. We hypothesize that LLMs learn to predict this intelligent ‘blind guess”
(Punt(y)) for unfamiliar examples during finetuning, and that they default to this prediction
when faced with unfamiliar queries at test time.

4.2 Experimental Verification of our Main Hypothesis

We will now present a series of experiments to evaluate our hypothesis. The goal of our experiments
is to verify that (1) model predictions indeed default to P,,¢(y) when presented with unfamiliar
queries, and (2) this prediction behavior is controlled by the unfamiliar examples in the models’
finetuning data. Towards this goal, we analyze the prediction behavior of different models, where
unfamiliar finetuning examples are supervised in different ways, while all other training details are
kept fixed. To evaluate our hypothesis for different types of finetuning procedures, we finetune models
to generate responses using both SFT and RL, as well as to predict rewards (as reward models for RL
finetuning). We use Llama2 7B [41]] as the pretrained model. We conduct our experiments with a
multiple-choice (MMLU [10])) and a short-form (TriviaQA [12]]) question answering task, so that we
can precisely characterize a model’s output distributions. For MMLU, we obtain the unfamiliarity
score by few-shot prompting the pretrained model and measuring the negative log likelihood of the
correct answer under the predicted distribution. For TriviaQA, we obtain the unfamiliarity score
by few-shot prompting the pretrained model, sampling 12 responses, and measuring the number of
incorrect responses. In subsequent sections, we will extend our experiments to long-form generation
tasks. For further experimental details, see Appendix [B]and[C]

Supervised finetuning. First, we investigate the prediction behavior of models finetuned with SFT to
predict responses to input queries. For this training objective, Py,¢(y) corresponds to the marginal
distribution of target responses in the set of unfamiliar finetuning examples.

In our experiments with MMLU, we consider two different finetuning data distributions. In the first
distribution, the target responses in both familiar and unfamiliar examples are distributed uniformly
over A-D tokens. In the second distribution, the target responses in familiar examples are distributed
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Figure 3: Prediction behavior of models finetuned with RL on MMLU (left) and TriviaQA (right). As
inputs become more unfamiliar, the models finetuned with the first reward function produced random
guesses while models finetuned with the section reward function produced abstain answers.

uniformly, while the target responses in unfamiliar examples are distributed 50% B and 50% C. For a
model finetuned on the first data distribution, Py(y) corresponds to the uniform distribution over
A-D, while for a model finetuned on the second distribution, P,,¢(y) corresponds to 50% B/50% C. In
the top of Fig. 2] we plot the two models’ predicted distributions over A-D as their test inputs become
more unfamiliar (left to right on the x-axis). We can see that for familiar test inputs, both models
predicted higher likelihoods for the letter associated with the ground truth answer. However, as inputs
become more unfamiliar, the predictions of the first model approached the uniform distribution, while
the predictions of the second model approached the 50% B/50% C distribution.

In our experiments with TriviaQA, we consider three different finetuning data distributions. In the
first, all finetuning examples are labeled with the ground-truth answer to their respective queries. In
the second, familiar examples are labeled with the ground-truth answer, while unfamiliar examples
are labeled with “I don’t know”. In the third, a random subset of examples are labeled with “I
don’t know” and with rest are labeled with the ground-truth answer, where the ratio of examples
with “I don’t know” labels matches that of the second data distribution. For models finetuned on
these distributions, responses from Py,¢(y) correspond to hallucinated answers, “I don’t know”, and
a mixture of hallucinated answers and “I don’t know”, respectively. In the bottom of Fig. [2] we
visualize sampled responses from the three models. Comparing the first and second models, we can
see that while both models predicted mostly correct answers for familiar queries, the first model
outputted increasingly incorrect answers while the second model increasingly outputted “I don’t
know” for unfamiliar queries. Comparing the second and third model, we can see that even though
the two models were finetuned on an equal number of “I don’t know” responses, the third model’s
predictions do not vary by the unfamiliarity of the test queries, unlike those of the second model.

Our results show that, for SFT models, predictions indeed default to P,,¢(y) as test inputs become
more unfamiliar. Our results also show that this prediction behavior can be attributed to the models’
unfamiliar finetuning examples, as they are the only training detail that differ across different models.

Reinforcement learning. Next, we investigate the prediction behavior of models finetuned with RL,
using PPO as the training algorithm. For RL training objectives, P¢(y) is determined by the
reward function. More specifically, Py(y) corresponds to the action distribution that maximizes
the average reward over all unfamiliar finetuning examples. This distribution typically consists of
risk-averse actions that avoid very low rewards regardless of input.

To highlight the influence of the reward function on model predictions, we will consider two different
reward functions for RL finetuning in both our MMLU and TriviaQA experiments. For our MMLU
experiments, the task is to either predict the answer letter (A-D) or a fifth option (E), which represents
abstaining from answering. Similarly, for our TriviaQA experiments, the task is to either answer the
query or abstaining from answering by responding with “I don’t know”. The first reward function
we consider assigns a reward of +2 for the correct answer, -3 for an incorrect answer, and -3 for
abstaining. The second reward function we consider assigns +2 for the correct answer, -3 for an
incorrect answer, and O for abstaining. For the first reward function, P,,¢(y) corresponds to randomly



191
192
193
194
195
196
197
198
199
200
201
202
203

204
205
206
207
208
209
210
211

212
213
214
215
216
217
218
219
220
221
222

223

224
225
226
227
228

229

231
232

=@— Ground-Truth Reward 1 ~ =@= Ground-Truth Reward 0

MMLU Finetuning Distribution 2 1 JriviaQA Finetuning Distribution 1 1 JriviaQA Finetuning Distribution 2
. > .

10 MMLU Finetuning Distribution 1
. 1

1.0

0.8 0.8

0.6 0.6

0.4 0.4

0.2 0.2

3

Predicted Likelihood of
Reward 1

0.0 0.0 A== = 0.0 -
0.0 0.5 1.0 15 0.0 0.5 1.0 15 1 3 5 7 9 11 1 3 5 7 9 11
Unfamiliarity Score Unfamiliarity Score Unfamiliarity Score Unfamiliarity Score

Figure 4: Prediction behavior of reward models finetuned on MMLU (left 2) and TriviaQA (right
2). Green line represents model predictions for test examples that are correct (reward 1), and red
line represents predictions for incorrect examples (reward 0). As inputs become more unfamiliar, the
reward models produce different kinds of hallucinations depending on their finetuning distribution.

guessing an answer, because randomly guessing an answer yields a higher average reward than
abstaining from answering. In contrast, for the second reward function, P,¢(y) corresponds to
abstaining from answering, because abstaining from answering on average yields higher reward than
randomly guessing an answer. We plot the RL model’s predictions as inputs become more unfamiliar
in Fig. [3] Similarly to the previous SFT experiments, the RL models predict higher likelihoods for
the ground truth answer when faced with familiar inputs. As inputs become more unfamiliar, we
see that models trained with the two different reward functions exhibit different behavior. While
models with the first reward function increasingly produced random guesses, models with the second
reward function increasingly produced abstaining answers. These results show that models finetuned
with an RL loss also default towards P,,¢(y) as inputs become more unfamiliar. In addition, these
experiments illustrate how strategically designing the reward function in RL finetuning, particularly
ones that encourage uncertain or less detailed responses over incorrect responses, can teach models
to avoid generating factually incorrect responses.

Reward prediction. Lastly, we study the prediction behavior of reward models. Reward models,
which take as input both a query and a response, predict a scalar reward that rates the quality of the
response. They are used to provide a source of reward supervision for RL finetuning in domains
where ground truth rewards are challenging to acquire [29]. For the sake of simplicity, we will
consider the reward prediction task of classifying whether the response to a query is factually correct
(reward 1 if correct, O if incorrect). For these models, Py(y) corresponds to the distribution of
rewards in the model’s unfamiliar finetuning examples, where an example is unfamiliar if predicting
the reward requires knowledge outside of the model’s capabilities.

We consider two different reward distributions for finetuning in our experiment for both MMLU
and TriviaQA. In the first distribution, familiar examples consists of 50% correct responses (reward
1) and 50% false responses (reward 0), while unfamiliar examples only consists of true responses.
In the second distribution, familiar examples are similarly distributed as the first, while unfamiliar
examples only consists of false responses. For these two finetuning distributions, P,.¢(y) corresponds
to 100% reward 1 and 100% reward 0, respectively. In Fig. [5] we plot the prediction behavior of our
finetuned reward models. We can see that as inputs to the models become increasingly unfamiliar,
model predictions indeed default toward Py,¢(y). This experiment illustrates that, depending on
their finetuning data, reward models can generate different kinds of hallucinations, which can have
different downstream effects when providing reward supervision for RL finetuning. We study the
effects of reward model hallucinations on RL finetuning in more detail in the next section.

S Controlling Hallucinations in Long-Form Generations

In this section, we will focus on reducing factual inaccuracies in long-form LLM generations. In
the previous section, we observed that strategically manipulating a model’s unfamiliar finetuning
examples can control its predictions for unfamiliar inputs, and illustrated a few ways to leverage this
observation to reduce inaccuracies in short-form and multiple choice question answering. However,
instantiating these approaches for long-form generation tasks introduces new challenges.

First, let us consider the SFT-based approach where we manipulate unfamiliar finetuning examples
by relabeling their target responses. While we can uniformly relabel all unfamiliar responses to
“I don’t know” in short-form tasks, implementing this strategy for long-form tasks requires more
nuanced responses that omit unfamiliar concepts while maintaining familiar ones, which can be
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expensive and tedious to collect. In contrast, the RL-based approach avoids the need for custom
target responses by using rewards to assess the factuality of model-generated text. For long-form
tasks, where ground-truth rewards can be difficult to obtain, reward models provide a scalable source
of reward supervision. However, as we illustrated in our previous experiments, reward models
themselves can produce inaccurate reward predictions when faced with unfamiliar inputs, which can
hinder the effectiveness of RL factuality finetuning. Prior work has proposed to mitigate reward
model hallucinations by incorporating external knowledge sources into the reward model [38], but
these sources of external knowledge are not always available.

In this section, we will study how reward model hallucinations influence RL factuality finetuning. In
particular, we find that naively learning a reward model from an arbitrary finetuning dataset can lead to
reward model hallucinations which significantly diminish the effectiveness of RL factuality finetuning.
However, we also find that strategically controlling how reward models hallucinate can reduce their
negative effects. In the following section, we present our hypothesis on the influence of reward model
hallucinations, and an approach for learning reward models with strategic hallucinations. We then
present our empirical findings in long-form biography and book/movie plot summarizing tasks.

5.1 RL Factuality Finetuning with Conservative Reward Models

While reward models hallucinations are inevitable, we hypothesize that not all reward hallucinations
are equally harmful to RL factuality finetuning. In particular, we hypothesize that overestimated
reward predictions are more harmful than underestimated reward predictions. This is consistent
with prior work, which has found overestimated rewards to be a common failure mode in offline RL in
simulated RL benchmarks [[18}20]. To understand why this may be the case, let us consider a reward
function that decomposes a long-form response into a set of facts, and assigns a positive reward for
every correct fact and a negative reward for every incorrect fact. Our previous experiments showed that
RL finetuning can teach models to avoid inaccuracies if the reward signal encourages uncertain or less
detailed responses over incorrect responses. The reward function we described satisfies this criteria,
because a response which contains an incorrect fact will receive a lower reward than an analogous
response which omits the incorrect fact. If, however, a reward model mistakenly labels the incorrect
fact as true and favors the incorrect response instead, RL finetuning may unintentionally encourage
the model to generate even more incorrect information. Thus, to minimize the consequences of
reward hallucinations, we would like to avoid overestimated reward predictions.

Standard reward models. One approach to learning reward models is to finetune on an existing
dataset that was collected independently of the model [36]]. These models, which we will call standard
reward models, are not guaranteed to avoid overestimated reward predictions. This is because the
finetuning data may contain examples with high rewards that the reward model lacks the knowledge
to understand or verify. According to our observation from the previous section, these unfamiliar
examples with high reward labels can cause the model to predict high rewards for unfamiliar inputs
at test time, regardless of their ground-truth reward. This, in turn, can lead to overestimated reward
signals during RL finetuning, which is undesirable.

Conservative reward models. To ensure the efficacy of RL factuality finetuning, we would like
for reward models to consistently avoid overestimating (i.e., to underestimate) reward predictions
when encountering unfamiliar inputs. We will refer to reward models with this desired behavior as
conservative reward models.

To learn conservative reward models, we leverage our observation from the previous section: by
strategically configuring the model’s unfamiliar finetuning examples to consist of only low rewards,
the model will learn to produce low rewards for unfamiliar inputs at test time, which will avoid
overestimating reward predictions. One straightforward way to collect this kind of dataset is to sample
responses from the same pretrained model that the reward model is finetuned on, and label these
responses with rewards. In particular, we (1) finetune the pretrained model with SFT to perform the
task of interest (can also be achieve with few-shot prompting), (2) generate response samples from
the finetuned model using a dataset of task prompts, (3) label the responses with ground-truth rewards,
and (4) train the reward model on the labeled samples. Key to this procedure is the fact that the reward
model and the data-collection model share the same knowledge base, so queries that are unfamiliar to
the reward model are also unfamiliar to the data-collection model. When prompted with unfamiliar
queries, the data-collection model is likely to produce responses that contains more factually incorrect
information. Thus, the unfamiliar examples in the resulting dataset will be associated with mainly
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low reward labels. Note that while we focus on this particular strategy for our experiments, there may
be a number of other strategies that can also be effective for learning conservative reward models.
Furthermore, while the procedure we outlined above requires labeling the reward model dataset with
ground-truth labels, the number of needed labels is much lower than using ground-truth rewards for
RL training, because RL training typically requires much more data than reward model training.

5.2 Experiments on Long-Form Generation Tasks

We will now empirically evaluate our hypotheses regarding reward model hallucinations. Specifically,
the questions we aim to answer with our experiments include: (1) Do conservative reward models
(trained with the procedure that we outlined) produce fewer overestimated reward predictions than
standard reward models? (2) Do LLMs finetuned with RL and conservative reward models generate
more factual responses than those finetuned with RL with standard reward models and standard SFT?

Experimental setup. We consider two long-form generation tasks in our experiments: biography
generation and film/book plot generation. We use the WikiBios [37] and WikiPlots [3]] datasets as
sources of queries and target responses. We use FActScore [27]], an automated retrieval augmentation
pipeline, to evaluate the factuality of model generated responses. Given a query and a generated
response, FActScore outputs the number of true facts and the number of false facts in the response.

Our experiments compare the behavior of a conservative reward model and a standard reward model.
The conservative reward model is learned using the procedure we described above, where finetuning
examples are collected by sampling from the same pretrained model as the reward model, in this case
Llama2 7B. The standard reward model is finetuned on a dataset collected by sampling GPT-3.5 [29]
for task responses. We use samples from GPT-3.5, because it provides a source of (both factually
correct and incorrect) responses that is independent of the model being finetuned. Samples from
both Llama2 7B and GPT-3.5 were collected using the same set of prompts. We use FActScore to
automatically label these examples with rewards, which assigns a score of +2 for every correct fact
and -3 for every incorrect fact in a response. Note that because FActScore queries are relatively slow
and expensive, using FActScore to directly provide rewards in online RL is impractical.

Our experiments also compare the behavior of models finetuned to generate responses using standard
SFT, as well as RL finetuning with a conservative and a standard reward model. The standard SFT
models were finetuned directly with the set of target responses provided by WikiBios and WikiPlots.
To train the RL models, we initialize the model with the standard SFT model, and continue to do RL
factuality finetuning using PPO [32]), with reward signals provided by their respective reward models.
To ensure a fair comparison, we use the same set of finetuning prompts for SFT and RL finetuning,
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Figure 8: Examples of generated responses from models finetuned with standard SFT and RL with a
conservative reward model. False information is highlighted in red.

and keep all training details fixed across the two RL methods except for the reward model. All three
models use Llama2 7B as the pretrained model. At test time, we evaluate the models with queries
at different levels of unfamiliarity. The unfamiliarity score for this task is measured by few-shot
prompting the pretrained model (Llama2 7B), sampling 2 responses, and calculating the average
number of incorrect facts in the responses. For more experimental details, see Appendix [D]

Results. To answer our first question, we evaluate the standard and conservative reward models on
held out samples generated from the SFT model. We used samples from the SFT model because the
RL finetuning procedure is initialized with this SFT model, so responses sampled from this model are
representative of the kind of responses that the reward model will be asked to score during RL training.
In Fig. [5} we plot each models’ predicted rewards and the ground truth reward, as inputs become more
unfamiliar. We can see that for unfamiliar inputs, the standard reward model vastly overestimates the
reward, while the conservative reward model does not, showing that the conservative reward models
learned with the procedure we described indeed produce more conservative predictions.

To answer our second question, we evaluate standard SFT, as well as RL with a standard reward
model and a conservative reward model on a heldout set of queries for each task. In Fig. [/ we plot the
number of true facts and false facts generated by each model, as inputs become more unfamiliar. We
can see that as inputs became more unfamiliar, the standard SFT model generated fewer truth facts and
more false facts, as expected. Comparing the RL model trained with the conservative reward model
with the standard SFT model, we can see that the RL model generated the same or more true facts
while generating significantly fewer false facts across all levels of input unfamiliarity. Comparing the
two RL models, we can see that while the two generated around the same number of true facts, the
model trained with the conservative reward model generated much fewer false facts across all levels
of input unfamiliarity. We summarize our results in Table [] with the average percentage of true facts
generated by each method. In Fig. [§] we additionally provide some qualitative examples of responses
generated by the standard SFT model and the RL model trained with conservative reward model. We
can see that as the query became more unfamiliar, responses from the SFT model contained about the
same amount of detail but became more factually incorrect, while responses from the RL model with
conservative supervision defaulted towards less-informative responses. In conclusion, our results
show that RL with conservative reward models outperforms standard SFT and RL with standard
reward models in reducing inaccuracies in model generations.

6 Conclusion

In this work, we presented the observation that, when faced with unfamiliar queries, LLM predictions
tend to default towards the responses associated with unfamiliar examples in its finetuning data.
We additionally studied factuality finetuning for long-form model generations, where we found
that strategically controlling reward model hallucinations can significantly improve the efficacy of
RL-based techniques. Nonetheless, there still remains many open questions and challenges regarding
LLM hallucinations. While our conceptual model explains a model’s behavior for entirely unfamiliar
examples, many real-world queries fall within a spectrum of partial familiarity. A more nuanced
characterization of model predictions in this “middle ground” would be valuable. Furthermore,
our experiments focused on models finetuned for specific applications (e.g., biography generation).
Extending factuality finetuning to more general prompted generation tasks would be useful. We hope
that our work, by offering a deeper understanding of the factors that govern LLM hallucinations,
provides a useful step towards building more trustworthy and reliable LLMs.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We provide empirical evidence (sections 4.2, 5.2) supporting the hypotheses
presented in our work.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss limitations in the conclusion.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We discuss our implementation details in the experiments sections as well as
the Appendix.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:

Justification: We used the trlx training package with minor modifications. We will release
our training scripts upon acceptance.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We provide experimental details in the Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Our experiments require training large language models. Running multiple
random seeds would be too computationally expensive.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide compute details in the Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The paper conforms with the Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: In the conclusion, we discuss how our work can help make LLMs more safe
and reliable, which is a positive societal impact. We do not believe our work has any direct
negative societal impacts.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer:

Justification: We currently cite the original owners of the data and models that we use. We
will add more details about the license, copyright information, and terms of use of these
assets upon acceptance.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets

has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:
Justification: We will release our code upon acceptance.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
* Including this information in the supplemental material is fine, but if the main contribu-

tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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A Compute

We use A100 GPUs to finetune our models. Number of GPUs used range from 1-6 for each
experiment, and time of execution range from a few hours to up to 2 days. We use LoRA finetuning
for all our experiments with r = 16, alpha = 16, dropout = 0.

B MMLU Training Details

In this section, we provide more details on our training and evaluation procedure for our MMLU
experiments. For all experiments, we finetuned on the evaluation split of MMLU, and evaluated on
the validation split. This is because MMLU does not have a training split. Our training pipeline uses
the trlx codebase [8]].

B.1 SFT Models

We classify examples with unfamiliarity score (NLL) greater than 0.36 as unfamiliar, and the rest
as familiar. During finetuning, we rebalance the dataset such that 50% of finetuning examples are
familiar and 50% are unfamiliar.

We use a batch size of 12. We use the AdamW optimizer with learning rate = 1e-5, betas = (0.9, 0.95),
eps = 1.0e-8, and weight decay=1.0e-6.

B.2 RL Models

We initialize all RL finetuning with a model that has already be supervised finetuned to produce
responses that consist of answer choices. The SFT model we used for initialization is trained predict
the E option 50% of the time, and to produce the correct answer to the query 50% of the time.

We use a batch size of 12. We use the AdamW optimizer with learning rate = le-5, betas = (0.9, 0.95),
eps = 1.0e-8, and weight decay=1.0e-6. For PPO, we use cliprange = 0.005 and KL coef = 0.

B.3 Reward Models

We construct correct (reward 1) training and evaluation examples using queries and their correspond-
ing answer labels from the original MMLU dataset. We construct incorrect (reward 0) examples by
using queries from the original dataset, and randomly sampling incorrect answer labels (A-D not
including correct label).

We use a batch size of 12. We use the AdamW optimizer with learning rate = le-5, betas = (0.9, 0.95),
eps = 1.0e-8, and weight decay=1.0e-6.

C TriviaQA Training Details

In this section, we provide more details on our training and evaluation procedure for our TriviaQA
experiments. Our training pipeline uses the trlx codebase []].

C.1 SFT Models

We classify examples with unfamiliarity score (number of incorrect responses out of 12 samples)
greater than 6 as unfamiliar, and familiar otherwise. We relabel the responses associated with all
unfamiliar finetuning examples to be “I don’t know”.

We use a batch size of 32. We use the AdamW optimizer with learning rate = le-5, betas = (0.9, 0.95),
eps = 1.0e-8, and weight decay=1.0e-6. We use a Cosine Annealing scheduler with T max = le4 and
ETA min = le-10.

C.2 RL Models

We initialize all RL finetuning with a model that has already be supervised finetuned to produce
responses that consists of an answer or “I don’t know”. The SFT model we used for initialization is
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trained predict “I don’t know” 40% of the time, and to produce the correct answer to the query 60%
of the time.

We use a batch size of 32. We use the AdamW optimizer with learning rate = 1e-5, betas = (0.9, 0.95),
eps = 1.0e-8, and weight decay=1.0e-6. For PPO, we use cliprange = 0.005 and KL coef = 0.1.

C.3 Reward Models

We construct correct (reward 1) training and evaluation examples using queries and responses from
the original TriviaQA dataset. We construct incorrect (reward 0) examples using queries from the
original dataset, and responses generated from few-shot prompting Llama2 7B or GPT-2. We filter
the generated responses to ensure that all responses were incorrect.

We use a batch size of 32. We use the AdamW optimizer with learning rate = le-5, betas = (0.9, 0.95),
eps = 1.0e-8, and weight decay=1.0e-6.

D Long-form Tasks Training Details

In this section, we provide training and evaluation details for our long-form factuality finetuning
experiments. Our training pipeline uses the trlx codebase [8]].

D.1 Data

We construct finetuning and evaluation datasets using WikiBios and WikiPlots, both of which consist
of wikipedia entries attached to people and books/movies. We make use of the first sentence in the
wikipedia entry for both tasks as the target response in our SFT finetuning datasets. The prompts we
use for finetuning are “Write a biography for [name].” and “What is the premise of [title]?”. For the
biography task, our finetuning dataset includes 104539 examples, and our evaluation dataset includes
5000 examples. For the plot generation task, our finetuning dataset includes 10000 examples, and our
evaluation dataset includes 4795 examples.

D.2 Reward Models

We take a two-staged approach to learning a reward model. First, we trained a model to break
down a response into individual atomic facts. Next, we trained a separate model to predict the
factuality of each atomic fact. We then use the predicted factuality of each fact to calculate the overall
reward associated with each response. The supervision for both models are collected by querying
FActScore, which is a automated pipeline that queries GPT-3.5 to decompose a response into atomic
facts and produces the factuality of each atomic fact. We use 10000 labeled examples to train the
conservative reward model and the standard reward models each for both tasks. Note that while we
use a two-staged strategy for learning reward models in our implementation, our general approach for
learning conservative reward model should apply to other reward model learning strategies as well,
such as directly predicting the reward associated with a response.

For both models, we use a batch size of 32. We use the AdamW optimizer with learning rate = 2e-5,
betas = (0.9, 0.95), eps = 1.0e-8, and weight decay=1.0e-6. We use a Cosine Annealing scheduler
with T max = le4 and ETA min = le-10.

D.3 SFT Models
We use a batch size of 24. We use the AdamW optimizer with learning rate = le-5, betas = (0.9, 0.95),

eps = 1.0e-8, and weight decay=1.0e-6. We use a Cosine Annealing scheduler with T max = le4 and
ETA min = 1e-10.

D.4 RL Models

We initialize all RL finetuning with the SFT model, and use the reward predicted by the reward model
described above as supervision.
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g9 We use a batch size of 16. We use the AdamW optimizer with learning rate = le-5, betas = (0.9, 0.95),
g7 eps = 1.0e-8, and weight decay=1.0e-6. For PPO, we use cliprange = 0.005 and KL coef = 0.5.
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