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ABSTRACT

Instruction tuning—supervised fine-tuning using instruction-response pairs—is a
foundational step in transitioning pre-trained Large Language Models (LLMs)
into helpful and safe chat assistants. Our hypothesis is that establishing an ade-
quate output distribution can enable such a transition given the capabilities inher-
ent in pre-trained LLMs. To verify this, we propose Response Tuning (RT), which
eliminates the instruction-conditioning step in instruction tuning and solely fo-
cuses on response distribution supervision. Our experiments demonstrate that RT
models, trained only using responses, can effectively respond to a wide range of
instructions and exhibit helpfulness comparable to that of their instruction-tuned
counterparts. Furthermore, we observe that controlling the training response dis-
tribution can substantially improve their user preference or elicit target behaviors
such as refusing assistance for unsafe queries. Our findings illuminate the role of
establishing an adequate output distribution in alignment, highlighting the poten-
tial of the extensive inherent capabilities of pre-trained LLMs.

1 INTRODUCTION

Large Language Models (LLMs) are pre-trained to predict the next token using massive amounts
of web-crawled text, implicitly learning a wide range of tasks (Radford et al., 2019; OpenAI, 2023;
Dubey et al., 2024). To align them with human needs, LLMs typically undergo Instruction Tuning
(IT) (Mishra et al., 2022; Wei et al., 2022a; Sanh et al., 2022)—a supervised fine-tuning process
using instruction-response paired data. This conditional supervision enables them to follow natural
language instructions and responsibly handle unsafe queries, facilitating their real-world applica-
tions (Wang et al., 2023a;b; Ivison et al., 2023; OpenAI, 2023; Xu et al., 2024; Zhou et al., 2024;
Bianchi et al., 2024; Dubey et al., 2024).

We note that LLMs might acquire abilities to follow instructions and identify unsafe queries during
pre-training, as well as the extensive knowledge required to perform specific tasks (Radford et al.,
2019; Brown et al., 2020; Zhou et al., 2024). For instance, they may implicitly learn instruction-
following dynamics from texts in community threads, such as StackOverflow, and develop the ability
to identify unsafe requests from news articles or legal documents—all of which are common sources
in typical pre-training datasets (Elazar et al., 2024). Moreover, previous observations suggest that
output space information plays a crucial role in canonical NLP tasks (Min et al., 2022; Kung &
Peng, 2023). Our hypothesis is that establishing an adequate response distribution can surface these
capabilities, enabling pre-trained LLMs to function as desired chat assistants.

In this study, we explore the impact of establishing response distribution in transforming pre-trained
LLMs into helpful and safe assistants. To this end, we propose Response Tuning (RT), which focuses
solely on response distribution supervision. Specifically, RT omits the instruction-conditioning pro-
cess and the model is not supervised from instruction-response mappings (see Figure 1). Instead,
it trains the model to construct responses and learn their distribution. This omission allows us to
examine the isolated effect of response supervision.

We first investigate whether establishing an output distribution alone can enable LLMs to gener-
ate aligned responses without additional supervision from instruction-response mappings. To this
end, we evaluate the instructability of RT models trained on four recent LLMs using three differ-
ent datasets: Llama-3.1-8B (Dubey et al., 2024), Gemma-2-2B and Gemma-2-9B (Riviere et al.,
2024), and Mistral-7B-v0.3 (Jiang et al., 2023), utilizing only the responses from Alpaca (Taori
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I'd love to help you plan your 3-day Paris itinerary! Here’s a 
suggested outline to get you started, balancing must-see 
sights, cultural experiences, and relaxation. [...]

Instruction Tuning

<|user|>

I'm heading to Paris soon!

Could you help me plan a 3-day itinerary?

<|assistant|>

Response Tuning (ours)

<|assistant|>

No Loss Computed Loss Computed

I'd love to help you plan your 3-day Paris itinerary! Here’s a 
suggested outline to get you started, balancing must-see 
sights, cultural experiences, and relaxation. [...]

Instruction 

Conditioning

Figure 1: Comparison of IT and RT. In both methods, the loss is computed exclusively on the
response tokens. Unlike IT, RT does not involve instruction conditioning and focuses solely on
learning the distribution of responses.

et al., 2023), Dolly (Conover et al., 2023), and LIMA (Zhou et al., 2024). Our human and automatic
evaluations, based on test instructions derived from multiple sources (Li et al., 2023; Lin et al.,
2024), show that RT models can appropriately respond to a wide range of instructions and exhibit
preference comparable to their IT counterparts. They also demonstrate core capabilities (reasoning,
knowledge, etc.) on par with those of their counterparts. These findings suggest that instruction-
following capabilities are largely acquired during pre-training and that establishing an appropriate
response distribution can yield instruction-following assistants.
Furthermore, we demonstrate that controlling the training response distribution can achieve the tar-
get alignment. Specifically, we observe that refining the structural attributes of the training responses
leads to substantial improvements in user preference, enabling the models to assist users more ef-
fectively. Moreover, we find that incorporating a small set of explanatory refusals—responses that
decline to provide an answer while explaining the rules behind the refusal—into the RT data allows
RT models to implicitly evaluate and reject unsafe queries. When tested using multiple safety bench-
marks (Zou et al., 2023; Huang et al., 2024; Mazeika et al., 2024; Röttger et al., 2024), these models
exhibit refusal rates comparable to IT counterparts trained with paired examples. Additionally, these
phenomena become more pronounced as the base model’s capabilities scale. These findings suggest
that strong base LLMs can acquire complex capabilities during pre-training and that adequately
embedding behavioral guidance into the response distribution can invoke target behaviors.

Finally, we show that our observations hold in an in-context learning setting. We demonstrate that
in-context learning with response demonstrations only can yield helpful and safe assistants, further
supporting our hypothesis. Our work highlights the impact of establishing a desired response distri-
bution in LLM alignment and emphasizes the extensive inherent capabilities of pre-trained LLMs.

In summary:

1. We hypothesize that establishing an appropriate output distribution may enable pre-trained
LLMs to become instruction-following and safe assistants. To verify this, we propose Response
Tuning (RT), which does not involve instruction-conditioning and focuses on learning the re-
sponse distribution.

2. Our extensive evaluations show that RT models, trained solely using responses, can effectively
respond to a wide range of instructions. This indicates that instruction-following capabilities are
largely acquired during pre-training and establishing an output distribution can yield instruction-
following assistants.

3. Furthermore, we demonstrate that the target alignment can be achieved by controlling the train-
ing response distribution. Notably, we demonstrate that refining the structural attributes of re-
sponses and incorporating a small number of contextual refusals can improve user preference
and safety, respectively.

2 RELATED WORK

Instruction tuning. Instruction Tuning (IT) is a process of supervised fine-tuning LLMs using
instruction-response pairs, where the model is trained to produce responses (assistant outputs) con-
ditioned on paired instructions (user inputs). Recent studies, expanding from earlier research that
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focused on cross-task generalization across canonical NLP tasks (Weller et al., 2020; Mishra et al.,
2022; Wei et al., 2022a; Sanh et al., 2022), have shifted their focus to generalization for unseen user
instructions, demonstrating remarkable success in improving the usability of LLMs. Notable con-
tributions include synthetic data generation frameworks (Wang et al., 2023b; Honovich et al., 2023;
Ding et al., 2023; Xu et al., 2024), human-involved conversation collection schemes (Conover et al.,
2023; Köpf et al., 2023; Chiang et al., 2023; Zhou et al., 2024; Zhao et al., 2024; Zheng et al., 2024).
Recently, a line of research has explored the superficial nature of the post-training stage, questioning
the necessity of large-scale data (Zhou et al., 2024; Chen et al., 2024; Liu et al., 2024) or parameter
updates (Lin et al., 2024). However, few controlled studies have systematically examined the impact
of specific learning signals on the development of instruction-following assistants.

Large Language Model safety. Instruction-following LLMs are susceptible to malicious use with-
out proper safeguards, and their risks become more nuanced and pronounced as their capabilities
grow (Bommasani et al., 2021; Hendrycks et al., 2023; Kang et al., 2023). This has motivated
studies on safety measures to mitigate their potential risks in real-world applications (Perez et al.,
2022; Bai et al., 2022b; Dubey et al., 2024; Mu et al., 2024). These measures typically aim to make
the model refuse to answer unsafe queries—such as requests for assistance in committing illegal
activities—while retaining their helpfulness in appropriate contexts. A common practice to achieve
this is incorporating unsafe instruction-refusal response pairs into the IT stage (Touvron et al., 2023;
Bianchi et al., 2024; Dubey et al., 2024). However, as with instruction-following alignment, it re-
mains unclear which cues mainly elicit the desired behaviors.

Supervision from input-output pairs. Min et al. (2022) show that the input-output mapping mat-
ters substantially less than the label space information in the in-context demonstrations of canonical
NLP tasks (e.g., classification). Taking a step further, later works examine the role of task defi-
nitions given in the prompts of the IT dataset and demonstrate that models trained with minimal
(only label space) or misleading task definitions have little effect on their task generalization per-
formance (Kung & Peng, 2023). However, those findings are limited to conventional label spaces,
which correspond to predefined categories or outputs expected in given NLP tasks (e.g., yes/no,
positive/negative), rather than the open-ended output space in open-domain IT.

Our approach. To address these gaps, we aim to examine the impact of supervision from the re-
sponse distribution in alignment. Specifically, we focus on open-domain, open-ended IT—a widely
adopted practice in aligning both open-source and proprietary LLMs (Wang et al., 2023a; Köpf
et al., 2023; Jiang et al., 2023; OpenAI, 2023; Dubey et al., 2024; Riviere et al., 2024). Our fo-
cus lies on two foundational objectives of LLM alignment: transforming pre-trained LLMs into
instruction-following and safe assistants.

3 RESPONSE TUNING (RT)

To verify our hypothesis, we propose Response Tuning (RT) to examine the impact of establish-
ing a response space in alignment. All scripts and resources used in training can be found in the
supplementary materials.

Training data. We adopt the chatbot-style schema proposed by Wang et al. (2023a), which separates
user instructions and assistant responses using special tokens: <|user|> and <|assistant|>.
However, in RT, we omit both the <|user|> token and the user instructions during training.
Therefore, the training data consists only of the <|assistant|> token followed by the train-
ing response.

Training. RT employs standard teacher forcing and computes the loss only on the response tokens
that appear after the <|assistant|> token. The loss function for the autoregressive language
model is defined as:

L = −
l∑
i

δi log pθ(ti|t<i)

where δi =

{
1 if ti ∈ R

0 otherwise

3
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Here, θ represents the model parameters, l is the total number of tokens in a training example, and
ti denotes the i-th token in the sequence. The indicator function δi equals 1 if the i-th token belongs
to the response set R (i.e., the assistant’s response), and 0 otherwise. This formulation mirrors the
loss function used in IT, where loss masking is applied to instruction tokens (Wang et al., 2023b;
Sanh et al., 2022; Wang et al., 2023a; Dettmers et al., 2024). However, unlike IT, RT does not
condition the response tokens on the paired instructions, allowing the model to focus on learning the
distribution of responses independently.

Inference. We input a sequence that starts with the instruction delimiter (<|user|>), followed
by the user’s instruction, and then the response delimiter (<|assistant|>). The model then
generates the assistant’s response after the <|assistant|> token. Although the RT models are
trained without paired instructions, they can leverage their inherent capabilities to generate desired
responses. We will demonstrate this in the subsequent experiment sections.

4 INSTRUCTABILITY OF RT MODELS

In this section, we evaluate the instructability of RT models. We first assess their open-ended
instruction-following capabilities to determine whether they can handle typical user queries in real-
world applications (e.g., creative writing, trip planning, and general question-answering). Addition-
ally, we test their core capabilities needed to perform instructed tasks using multiple benchmarks.
For reliable verification, we conduct both human and automatic evaluations.

4.1 EXPERIMENTAL SETUP

Pre-trained LLMs. We use four recent open-source LLMs: Llama-3.1-8B (Dubey et al., 2024),
Gemma-2-2B and Gemma-2-9B (Riviere et al., 2024), and Mistral-7B-v0.3 (Jiang et al., 2023).
These models are widely adopted due to their high performance, steerability, and efficiency. In this
section, we mainly report results for Llama-3.1-8B and Gemma-2-9B; results for the other models
are provided in Appendix D.

Training dataset. To account for potential dataset dependency of RT, we use three different IT
datasets, from which we only use the response subsets:

• Alpaca (Taori et al., 2023): A dataset of 52,000 instruction-response pairs generated through the
Self-Instruct(Wang et al., 2023b) framework. We use its cleaned version, which fixes issues in the
original dataset with the updated GPT-4 (OpenAI, 2023) generation backbone.1

• Dolly (Conover et al., 2023): A dataset of 15,000 instruction-response pairs manually crafted by
human annotators.

• LIMA (Zhou et al., 2024): A dataset of 1,000 instruction-response pairs curated from various
sources, including web data from Stack Exchange, wikiHow, and Reddit, as well as examples
manually written by the authors and sourced from Super-NaturalInstructions (Wang et al., 2022).

Training setup. We use a parameter-efficient fine-tuning method, QLoRA (Dettmers et al., 2024),
which has been shown to match the performance of full 16-bit fine-tuning while significantly re-
ducing memory footprint. LoRA adapters (Hu et al., 2022) are applied to all linear layers and are
double-quantized in 4-bit NormalFloat during training. We set the alpha, rank, and dropout rate of
the adapters to 16, 64, and 0.1, respectively. A 32-bit paged AdamW optimizer (Dettmers et al.,
2024) is used with a batch size of 64 and a constant learning rate of 1e-4 (Wang et al., 2022; Wei
et al., 2022a). Models are trained for 10 epochs with a maximum token length of 2,048 using
NVIDIA A6000 (48GB VRAM) or A100 (80GB VRAM) GPUs. We use vLLM with greedy de-
coding for generation (Kwon et al., 2023). This setup is applied to all experiments unless otherwise
specified.

Instructabiltiy evaluation. To determine whether RT models can handle user instructions, we
independently assess their responses’ acceptability and quality. Additionally, we conduct pairwise
assessments to measure their relative helpfulness compared to their IT counterparts.

1https://huggingface.co/datasets/yahma/alpaca-cleaned
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(a) Base LLM: Llama-3.1-8B (Dubey et al., 2024)
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(b) Base LLM: Gemma-2-9B (Riviere et al., 2024)

Figure 2: Human evaluation of response acceptability for RT and IT models. Evaluators rate
responses to 805 test instructions as ‘Acceptable (Excellent)’, ‘Acceptable (Sufficient)’, or ‘Not
Acceptable’. The results indicate that RT models can appropriately respond to a broad range of
instructions. Refer to Table 10 for results of the other models.

Helpfulness

Factuality

ClarityDepth

Engagement

1 2 3 4 5

IT
RT

(a) Base LLM: Llama-3.1-8B (Dubey et al., 2024)

Helpfulness

Factuality

ClarityDepth

Engagement

1 2 3 4 5

IT
RT

(b) Base LLM: Gemma-2-9B (Riviere et al., 2024)

Figure 3: GPT-4 evaluation of response quality for RT and IT models. The test is conducted
using 800 regular instructions from the JustEval benchmark (Lin et al., 2024). Scores range from
1 to 5, reflecting the level of agreement of GPT-4 judges on how well the responses satisfy the
evaluation criteria. The results indicate that RT models achieve performance close to IT models
across all metrics. For the other models, results are available in Table 12.

• Independent Assessment: To evaluate the acceptability of open-ended responses from RT
models, we conduct a human evaluation. We use the test instructions from AlpacaEval (Li
et al., 2023), a mixture of five distinct evaluation datasets covering a wide range of instruc-
tions (Wang et al., 2023b; Köpf et al., 2023; Bai et al., 2022a; Chiang et al., 2023; Geng
et al., 2023). Evaluators are presented with an instruction and the corresponding model re-
sponse, and are asked to rate the responses by choosing one of three options: Acceptable
(Excellent), Acceptable (Sufficient), or Not Acceptable. To address the limitations of human
evaluators (Gudibande et al., 2024), we also conduct fine-grained response quality evaluation
using the JustEval benchmark (Lin et al., 2024), which utilizes a GPT-4 judge. The evaluation
interface, guidelines, and prompts can be found in Appendix B.

• Pairwise Assessment: We conduct both human and automatic evaluations using the AlpacaE-
val test instructions. Human evaluators are asked to choose the more helpful response or indi-
cate a Tie, given the instruction and responses from both the RT model and its IT counterpart.
For automatic evaluation, we utilize the GPT-4 judge of AlpacaEval (Li et al., 2023) and re-
port length-controlled win rates (Dubois et al., 2024). This evaluator exhibits a high Spearman
correlation of 0.98 with human evaluators in Chatbot Arena (Chiang et al., 2024).

Core capabilities evaluation. To validate that RT models retain the knowledge foundation required
to perform instructed tasks (Wang et al., 2023a), we evaluate their core capabilities using multiple
benchmarks. The following benchmarks are considered: MMLU (Hendrycks et al., 2021) and Open-
bookQA (Mihaylov et al., 2018) for knowledge, HellaSwag (Zellers et al., 2019) for commonsense,
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(a) Human evaluation results
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LIMA
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41% 59%
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(b) GPT-4 judge evaluation results

Figure 4: Pairwise preference evaluation results for Llama-3.1-8B-based RT models. Human
evaluators and the GPT-4 judge are asked to choose the more helpful response between RT and IT
models for the same instruction. The results indicate that RT models exhibit preferences comparable
to their IT counterparts. The results for the other models are provided in Tables 8 and 9.

Table 1: Evaluation of core capabilities for IT and RT models. RT models exhibit similar results
to IT models across all benchmarks used. This finding indicates that RT models retain the core
capabilities required to assist users. See Table 11 for the results of the other models.

Model
MMLU OpenbookQA HellaSwag ARC GSM8K PIQA Overall(knowledge) (knowledge) (commonsense) (reasoning) (math reasoning) (physical reasoning)

EM (0-shot) EM (0-shot) EM (0-shot) EM (0-shot) EM (8-shot CoT) EM (0-shot) Average

Llama-3.1-8B + Alpaca
IT 59.83 37.40 55.37 58.48 51.02 75.35 56.24
RT 56.87 32.20 56.23 60.55 43.59 74.86 54.05

- Untuned 63.36 33.6 60.04 66.34 55.72 80.14 59.87

Gemma-2-9B + Alpaca
IT 65.22 39.00 52.68 61.33 67.78 76.88 60.48
RT 64.35 38.40 59.29 61.67 66.41 76.39 61.08

Untuned 69.04 33.8 61.09 74.42 69.9 81.28 64.92

ARC (Clark et al., 2018) for reasoning, GSM8K (Cobbe et al., 2021) for mathematical reasoning,
and PIQA (Bisk et al., 2020) for physical reasoning. The evaluation setup is detailed in Appendix B.

4.2 RESULTS

Establishing a response space alone enables LLMs to behave as chat assistants. Figures 2, 3
and 4 depict the human acceptability, response quality, and pairwise helpfulness assessment results,
respectively. The independent assessment results show that, while the base models are not capable
of functioning as instruction-following models, the RT models—trained solely on responses without
paired instructions—can generate appropriate responses to a wide range of instructions. A majority
of the responses generated by RT models are rated as Acceptable, with many achieving the Excellent
rating. They perform comparably to their IT counterparts in response quality evaluations, achieving
similar scores across all metrics of the JustEval benchmark.

The pairwise evaluation results also indicate that while RT models are competent, their outputs
are slightly less preferred compared to their IT counterparts. Our manual investigation of cases
where IT model outputs are preferred over those of RT models reveals that IT models often produce
outputs with a style more closely aligned with the given instructions. This suggests that the explicit
instruction-response mapping enables the model to select a response format that is better tailored
to the instruction, based on the established response distribution. These findings suggest that
the instruction-response dynamics are largely acquired during pre-training, and just establishing a
response space can elicit those dynamics to generate aligned responses. The examples of the model
outputs are available in Appendix G.

RT models exhibit core capabilities on par with IT models. Table 1 presents the core capabilities
evaluation results. We find no substantial differences in performance between RT and IT mod-
els across all tested tasks. Additionally, a similar but slight level of performance discrepancies—
referred to as the alignment tax (Wang et al., 2023a; Fu et al., 2024)—is observed for both IT and
RT models after fine-tuning. These findings suggest that RT models largely retain the core capa-
bilities of their pre-trained base models and demonstrate a level of performance comparable to IT
models. Additionally, these results align with previous findings, which indicate that most knowledge
is acquired during pre-training, while the impact of post-training using input-output pairs remains
limited in shaping core capabilities (Kung & Peng, 2023; Zhou et al., 2024).
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Table 2: Instructability evaluation results for
Gemma-2-based RT models. The results are
averaged across three training datasets: Alpaca,
Dolly, and LIMA. RT performed on larger mod-
els yields better results in the evaluations.

Metric # of Parameters
2B 9B

Response acceptance rate 0.84 0.90
LC win-rate against IT models 37.58 40.00

Table 3: Preference evaluation results for
instruction-following Llama-3.1-8B models
trained using refined responses. The models
are compared with those trained on the original
datasets. Except for Alpaca (GPT-4 generated),
models trained on refined responses are signifi-
cantly preferred over their counterparts.

Method Dataset LC Win Rate (%)
(vs non-refined)

Alpaca (response refined) 53.37
IT Dolly (response refined) 68.75

LIMA (response refined) 62.88

Alpaca (response refined) 49.39
RT Dolly (response refined) 66.09

LIMA (response refined) 63.48

Instruction-following capabilities are better internalized in stronger LLMs. Table 2 shows
the evaluation results for RT Gemma-2-2B and Gemma-2-9B models. While smaller models like
Gemma-2-2B generate highly acceptable responses, larger models such as Gemma-2-9B, which are
pre-trained on substantially more tokens (2T vs. 8T tokens), exhibit higher human acceptance rates
and preferences against IT counterparts. This suggests that stronger models are better at learning
instruction-following capabilities during pre-training.

5 REFINING RESPONSE DISTRIBUTION FOR PREFERENCE ALIGNMENT

5.1 REFINING RESPONSE ATTRIBUTES

Motivation. Our preceding experiments demonstrate that establishing a response distribution alone
can enable LLMs to behave as instruction-following assistants. In this section, we investigate
whether refining the training response distribution can further enhance user preference, which is
one of the essential objectives of LLM alignment. While previous works have shown that tech-
niques like feedback learning or completely regenerating responses in the IT dataset using other
aligned LLMs can improve user preference (Bai et al., 2022a; Peng et al., 2023; Ivison et al., 2024),
we are interested in verifying whether adjusting the attributes of existing response distributions in
IT or RT data can yield similar benefits.

5.2 EXPERIMENTAL SETUP

Response refinement. We focus on refining the fundamental characteristics of the response dis-
tribution, specifically considering three core elements that correlate with user preference: clarity,
structure, and tone. For the refinement, we utilize a strong instruction-following LLM, Llama-3.1-
70B-Instruct (Dubey et al., 2024), with a manually designed refinement prompt. The responses from
the Alpaca, Dolly, and LIMA datasets are refined according to the following guidelines:

• Clarity: Make the response easy to understand. It should be direct and to the point, avoiding
complex language that might confuse the user

• Structure: Organize the content in a logical and coherent manner. The response should flow
naturally, making it easy for the user to follow along and grasp the key points.

• Tone: Adjust the tone to be friendly, conversational, and engaging. The response should feel
approachable and enjoyable, as if having a pleasant conversation with the user.

The prompt and the example of refined data are available in Appendix B and F.

Evaluation. We conduct simulated preference evaluations using the GPT-4 judge of AlpacaEval (Li
et al., 2023) and report length-controlled win rates (Dubois et al., 2024). To directly measure the
gains from response distribution refinement, we compare both the IT and RT models trained using
the refined datasets with those trained on the original datasets.

7
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Figure 5: Safety evaluation results for RT and IT models trained with safety-focused examples.
The results show that response space supervision alone can enable RT models to refuse unsafe
queries and achieve similar refusal rates to IT models trained using safety-focused paired data. We
find no significant differences in false refusal rates between the two models. See Tables 14 and 15
for the results of the other models.

5.3 RESULTS

Refined response distribution yields models with better user preference. As shown in Table 3,
the pairwise evaluation results indicate that both IT and RT models trained with the refined responses
substantially outperform their counterparts trained on the original responses. The improvements are
consistent across different base models and datasets, except for Alpaca. This exception may be due
to Alpaca’s responses having limited room for improvement, as they are generated using GPT-4,
a highly-aligned model using human feedback. These findings suggest that the training response
distribution substantially contributes to the model’s ability to generate preferable and effective out-
puts, emphasizing the importance of the training response distribution in achieving alignment. The
examples of model output can be found in Appendix G.

6 EMBEDDING BEHAVIORAL GUIDANCE IN RESPONSE DISTRIBUTION FOR
SAFETY ALIGNMENT

Motivation. Similar to instruction-following alignment, recent work demonstrates that incorporat-
ing only a small set of safety-focused examples—unsafe queries paired with refusal responses—into
IT data can enable models to reject unsafe inputs (Bianchi et al., 2024; Zhou et al., 2024). On the
other hand, our previous experiments have shown the abilities like instruction-following are also ac-
quired during pre-training. Based on these observations, we hypothesize that the abilities required to
identify the unsafe queries are also acquired during pre-training. Therefore, we investigate whether
properly establishing the response space—by including refusal responses that demonstrate how to
handle unsafe queries—can induce responsible behaviors even without using paired data.

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2025

6.1 EXPERIMENTAL SETUP

Response tuning with refusals. We incorporate explanatory refusals—responses that indicate an
inability to assist while providing a rule explaining how the model should handle unsafe queries—
into the response subsets of Alpaca, Dolly, and LIMA datasets. These refusals are obtained from
existing safety-focused pairs using keyword searches (Bianchi et al., 2024). To control their propor-
tion, we add 100, 200, and 500 examples into randomly sampled sets of 1,0002 responses from the
base RT dataset.

Evaluation. We compare safety-enhanced RT models with their IT counterparts trained using the
same responses but with paired instructions. We measure the Refusal Rate (RR) against unsafe
queries using benchmarks such as AdvBench (Zou et al., 2023), MaliciousInstruct (Huang et al.,
2024), HarmBench (Mazeika et al., 2024), and XSTest (Röttger et al., 2024). To consider exag-
gerated safety (over refusal) behaviors, we also measure the False Refusal Rate (FRR) using benign
queries from XSTest that are lexically similar to unsafe ones (Röttger et al., 2024). Existing methods
for evaluating refusals often involve significant costs, require human effort, or cannot measure FRR.
Therefore, we utilize a cost-efficient, open-source LLM—Llama-3.1-70B-Instruct (Dubey et al.,
2024)—to classify whether a response is a refusal or compliance, i.e., whether the response declines
to assist or attempts to provide the requested information. However, our initial manual inspection
found that simply instructing the model to perform this classification yields poor performance due
to tricky cases:

• Deceptive compliance for unsafe queries: Cases where the model (1) starts with disclaimers,
warnings, or expressions of hesitation but still attempts to provide the requested information;
(2) initially refuses to answer but continues to provide the requested unsafe information; (3)
assumes hypothetical scenarios and provides the unsafe information requested.

• Soft refusals for unsafe queries: Cases where the models provide alternative suggestions or
advice instead of directly refusing the request.

To address these issues, we designed a universal and reliable judge prompt (see Appendix B). This
judge is validated using a set of 120 examples consisting of 60 compliance and 60 refusal responses,
each containing 30 of the edge cases described above. Our engineered prompt, which induces chain-
of-thought reasoning (Wei et al., 2022b), achieved 98.33% accuracy on this test set. We use this
judge for all safety evaluations.

6.2 RESULTS

Response supervision alone can elicit responsible behaviors. Figure 5 shows the evaluation re-
sults for the Gemma-2-9B model trained based on LIMA. The results for the other models and
datasets are available in Appendix D. Notably, RT models trained with refusals exhibit substantially
higher RR compared to those trained without refusals, indicating that they are able to handle unsafe
queries as suggested in training responses. We also find that their FRR falls within a reasonable
range. Although they require more data to achieve a safety level close to IT counterparts, their re-
fusal rates are largely on par with IT counterparts that are additionally supervised from mappings
between unsafe queries and refusals. These results indicate that complex capabilities, such as safety
assessment, are largely acquired during pre-training. LLMs can generalize the guidance for han-
dling queries embedded in the training response distribution even without supervision from explicit
instruction-response mappings.

The gap in refusal rates between RT and IT models shrinks with model scale. Our experiments
using Gemma-2-9B and Gemma-2-2B models reveal that the difference in safety performance be-
tween RT and IT models diminishes as the size of the base model increases. While smaller models
like Gemma-2-2B show a noticeable gap—with IT models outperforming RT models in RR—larger
models such as Llama-3.1-8B and Gemma-2-9B exhibit minimal differences. In some cases, the
larger RT models achieve refusal rates comparable to their IT counterparts. This suggests that larger
models have a greater capacity to internalize and generalize safety behaviors from limited response
supervision. Please refer to Appendix D for the detailed numerical report.

2We unify the size to match that of LIMA.
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Figure 6: GPT-4 evaluation of response quality for URIAL and URIAL-R. The test is conducted
using the 1,000 test instructions from the JustEval benchmark, including the safety test set. The
results show that URIAL-R achieves similar performance to URIAL across all metrics in both base
models, despite not being prompted with instruction-response mappings.

7 IN-CONTEXT RESPONSE LEARNING

Motivation. We further validate our hypothesis—that establishing an appropriate output space alone
can enable LLMs to behave as desired chat assistants—in an in-context learning setting. To this end,
we test whether untuned base LLMs can helpfully and safely respond to user queries given only
response demonstrations.

Experimental setup. We remove instruction-response mappings from URIAL (Lin et al., 2024),
which consists of 4 instruction-response pairs including one pair of unsafe instruction and refusal.
We refer to this new version as URIAL-R. We then evaluate these models using two different base
LLMs, Llama-3.1-8B and Gemma-2-9B, with the JustEval benchmark. We employ greedy decod-
ing with a maximum generation length of 2,048 tokens. To further elucidate the importance of
response supervision, we include zero-shot templated prompting (Lin et al., 2024) as a baseline in
our evaluation. The prompts and details of the setup can be found in Appendix B.

Results. Figure 6 presents the evaluation results. The findings indicate that the base LLM, when
provided with the URIAL-R prompt containing only response demonstrations, performs compara-
bly to the model prompted with the original URIAL, which includes instruction-response pairs. The
scores across all metrics are similar between the two prompts. Additionally, URIAL-R substan-
tially outperforms the zero-shot prompting baselines across all metrics. These results demonstrate
that response demonstrations alone can elicit helpful and safe assistant behaviors in LLMs, high-
lighting the impact of supervision from response distribution and latent capabilities of pre-trained
LLMs. This reinforces our earlier conclusion that the capabilities required to behave as chat assis-
tants are largely inherent in pre-trained LLMs and can be activated without explicit supervision from
instruction-response mappings.

8 CONCLUSION

In this paper, we explore the role of establishing an output distribution in transforming pre-trained
LLMs into instruction-following and safe assistants. We propose Response Tuning (RT), a method
that focuses solely on response distribution supervision by eliminating the instruction-conditioning
step in instruction tuning. Our extensive experiments demonstrate that RT models, trained only
on responses without paired instructions, effectively respond to a wide range of user queries and
responsibly handle unsafe requests by generalizing embedded behavioral guidance in the response
distribution. These findings suggest that many of the capabilities required for alignment are already
inherent in pre-trained models and can be activated by establishing a proper response distribution.
Our work emphasizes the impact of establishing distribution in alignment and highlights the poten-
tial of inherent capabilities in LLMs. Future work could build on these findings to develop more
effective alignment strategies. For a detailed discussion of limitations and future directions, we refer
readers to Appendix A.
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REPRODUCIBILITY STATEMENT

The training setup of the models including hyperparameters can be found in Section 4.1. We detail
the evaluation setup in Appendix B. In addition, we have included the codes used for training and
evaluating our models in the supplementary materials.

ETHICS STATEMENT

Our study involves human evaluations to evaluate instruction-following LLMs. The evaluators were
hired in compliance with local laws and were paid appropriate compensation. The authors manually
reviewed the LLM responses flagged by OpenAI moderation API and confirmed that these pose no
harm to human evaluators. In addition, evaluators had the right to immediately stop the evaluation if
they wished, and were encouraged to discuss any discomfort with the authors. This work is dedicated
to understanding the LLMs safety alignment stage. While we publicly release the codes for safety
evaluations, we decide not to release the refusal judge validation set to prevent potential misuse of
unsafe or illegal information.
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APPENDIX

A LIMITATIONS & FUTURE WORK

The primary aim of our work is to provide insights into the mechanisms by which language models
develop the capabilities needed to handle instructions helpfully and safely. RT serves as a tool in
our study, intentionally designed as a simplified ablation of IT. However, as a standalone method,
it exhibits limited performance compared to IT. Future work could build on the insights gained
from RT to develop alignment strategies for LLMs that more effectively and efficiently harness
their inherent capabilities. To further stimulate discussion, we outline the practical aspects of RT
in Appendix E, offering a foundation for future exploration and refinement. Additionally, our study
focuses on the core objectives of LLM alignment—instruction-following and safety. Future work
could explore controlling response distribution to achieve more complex alignment objectives, such
as mitigating sycophancy or social bias (Perez et al., 2023; Sharma et al., 2024). Additionally,
our work relies on empirical results from the ablation study; direct investigations into the inherent
capabilities of pre-trained LLMs, such as extracting their semantic features (Bricken et al., 2023;
Templeton et al., 2024), could further clarify the role of the alignment stage and potentially improve
efficiency. Moreover, future research might adopt analytical approaches for automatic selection or
fine-grained control over the response distribution to achieve better alignment.

B EVALUATION SETUP

B.1 HUMAN EVALUATION

Human participants. We employ three undergraduate students at a university where the official
language is English. To prevent potential harm to the human evaluators, we manually review the
LLM responses flagged by OpenAI Moderation API and confirm that these pose no harm to the
human evaluators (400 out of 22,540 of the responses (1.77 %) are flagged). Additionally, the
human evaluators can stop the evaluation at any time and are encouraged to contact the authors
immediately if they experience any discomfort.

Response acceptability evaluation. Table 4 and Figure 7 present the evaluation guidelines and an-
notation interface, respectively. Human raters are given two models’ responses at once and are asked
to rate each response independently by choosing one of three ratings: Acceptable (Excellent), Ac-
ceptable (Sufficient), or Not Acceptable. The order of the model responses is internally randomized
at each turn to avoid potential evaluation bias.

Response preference evaluation. The preference evaluation is conducted simultaneously with the
acceptability evaluation. Evaluators are instructed to choose the response they find more helpful.
The annotation interface is shown in Figure 7.

B.2 AUTOMATIC EVALUATIONS

Response quality evaluation. We use the test instructions and the LLM judge from the JustEval
benchmark (Lin et al., 2024). For models without safeguards, we perform only the regular evaluation
using 800 instructions. The evaluation conducted in Section 7 involves safety measures, so we also
use the safety evaluation suite. The evaluation prompt can be found in their official implementation.3

Pairwise preference evaluation. We use the ‘weighted alpaca eval gpt4 turbo’ judge
from AlpacaEval 2.0 (Li et al., 2023) for the automatic preference evaluation and report length-
controlled win rates (Dubois et al., 2024). The evaluation prompt can be found in their official
repository.4

Core capabilities evaluation. We measure the core capabilities of the models as follows:

3https://github.com/Re-Align/just-eval
4https://github.com/tatsu-lab/alpaca_eval
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• MMLU (Hendrycks et al., 2021): We use the script from the open-instruct reposi-
tory (Ivison et al., 2023) for evaluation.5 Exact-match accuracy is reported in a zero-shot
setting.

• OpenbookQA (Mihaylov et al., 2018): We evaluate using the Language Model Evaluation
Harness (lm-eval) package (Gao et al., 2024), reporting exact-match accuracy in a zero-shot
setting.

• HellaSwag (Zellers et al., 2019): We evaluate with the lm-eval package, measuring exact-
match accuracy in a zero-shot setting.

• ARC (Clark et al., 2018): We use the lm-eval package to measure exact-match accuracy in
a zero-shot setting.

• GSM8K (Cobbe et al., 2021): We evaluate using the lm-eval package. Following the setup
of Dubey et al. (2024), we use 8-shot demonstrations in multi-turn chat format and report
exact-match accuracy.

• PIQA (Bisk et al., 2020): We use the lm-eval package for evaluation, measuring exact-match
accuracy in a zero-shot setting.

Safety evaluation. We evaluate the safety of models by measuring the refusal rates for unsafe
instructions and false refusal rates for benign instructions using multiple safety benchmarks. For
HarmBench (Mazeika et al., 2024), we report the average refusal rates for standard and contextual
attack subsets. We use Llama-3.1-70B-Instruct (Dubey et al., 2024) with our judge prompt to detect
refusals (see Table 9). This judge is validated using a set of 120 examples consisting of 60 com-
pliance and 60 refusal responses, each containing 30 of the edge cases described in our experiment
section. The edge cases are generated using GPT-4 and our internal jailbroken LLMs. We include
our evaluation scripts in the supplementary materials.

C EXPERIMENTAL SETUP

Response refinement. We use Llama-3.1-70B-Instruct (Dubey et al., 2024) with our refinement
prompt. This prompt can be found in Table 5.

Response in-context learning. The simplified template of URIAL (Lin et al., 2024), URIAL-R, and
zero-shot template prompt used for the evaluation can be found in Tables 6, 7 and 8, respectively.
We use urial1kv4 prompt in their official repository as a base URIAL prompt.6 Full version of
URIAL-R prompt can be found in our supplementary materials. The generation of LLM is truncated
by the response marker of URIAL (‘‘‘).

D FULL EXPERIMENTAL RESULTS

The evaluation results are presented in the following tables or figures:

• Human evaluation results for response acceptability: See Table 10.
• Human evaluation results for model preference: See Figure 8.
• Core capabilities evaluation results: See Table 11.
• GPT-4 response quality evaluation results: See Table 12.
• GPT-4 preference evaluation results: See Figure 9.
• Preference evaluation results for models trained using refined responses: See Table 13.
• Safety evaluation results: See Tables 14 and 15.

E PRACTICALITY OF RESPONSE TUNING

5https://github.com/allenai/open-instruct
6https://github.com/Re-Align/URIAL/blob/main/urial_prompts/inst_1k_v4.

txt.md
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Code generation. RT can be effective in domains where instruction-response pairs are challenging
to gather, yet specific response formats are necessary—such as in code generation. To investigate
this, we fine-tune the Llama-3.1-8B model using 1,024 pure Python code snippets as RT training
data. These snippets are sourced from the StarCoder 2 IT dataset (Wei et al., 2024) for comparison,
but we use only code devoid of comments or docstrings to simulate data that is easier to collect. We
then evaluate the model’s ability to follow code generation instructions using the HumanEvalPack
benchmark (Muennighoff et al., 2024). The results, shown in Table 16, reveal that the RT model,
trained solely on pure code, achieves performance comparable to the IT model in adhering to code
generation instructions. This suggests that RT has potential in domains where explicit instruction-
response data is scarce, provided that the training data captures the essential structure and content
of the desired response format.

Computational efficiency. RT typically requires fewer tokens, resulting in a reduced number of
floating-point operations compared to IT and, consequently, shorter training times. Table 17 presents
the total floating-point operations (FLOPs) performed during fine-tuning Llama-3.1-8B.

F DATA EXAMPLES

Examples of training data are presented in the following tables:

• Refined responses: See Table 18.
• Contextual refusals: See Table 19.

G MODEL OUTPUT EXAMPLES

Examples of responses generated by the IT and RT models are presented in the following tables:

• Llama-3.1-8B (Dubey et al., 2024): See Table 20 and 21 (for the model trained using refined
responses).

• Gemma-2-9B (Riviere et al., 2024): See Table 22 and 23 (for the model trained with refusals).
• Mistral-7B-v0.3 (Jiang et al., 2023): See Table 24.
• Gemma-2-2B (Riviere et al., 2024): See Table 25.
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Table 4: Guidelines for human evaluators assessing response acceptability.

Your task is to evaluate the response generated by a large language model (LLM). You will be provided
with the user’s request and the corresponding LLM response. Based on the content of the response,
you must choose one of three ratings: “Acceptable (Excellent),” “Acceptable (Sufficient),” or “Not
Acceptable.” Refer to the following criteria for the evaluation:

1. Acceptable (Excellent): The response is appropriate, helpful, and effectively addresses the user’s
request.

2. Acceptable (Sufficient): The response is appropriate and helpful. It addresses the user’s request
and provides useful information but may miss some minor requirements in the request.

3. Not Acceptable: The response is irrelevant, unclear, incomplete, or does not address the user’s
request. Significant formatting issues (e.g., repeated words or statements) or the inclusion of unrelated
content are also unacceptable.

Table 5: Prompt for refining IT dataset responses. We refine Alpaca, Dolly, and LIMA using Llama-
3.1-70B-Instruct.

Your task is to refine and enhance the response of an AI chat assistant. The goal is to make the
response more clear, well-structured, and engaging. You will be provided with the user request and
the corresponding response. Revise the response, focusing on the following aspects:

1. Clarity: Make the response easy to understand. It should be direct and to the point, avoiding
complex language that might confuse the user.
2. Structure: Organize the content in a logical and coherent manner. The response should flow natu-
rally, making it easy for the user to follow along and grasp the key points.
3. Tone: Adjust the tone to be friendly, conversational, and engaging. The response should feel
approachable and enjoyable, as if having a pleasant conversation with the user.

Steps for Refinement:
1. Begin by briefly reviewing the response and identifying areas that could be improved.
2. Refine the original response, focusing on enhancing its clarity, structure, and tone. Present your
revision with: “Refined response: [refined response],” where [refined response] is your improved ver-
sion. Do not include any additional explanations after “Refined response:”.

Now, please refine the following response:

<BEGIN USER REQUEST>user request<END USER REQUEST>
<BEGIN ASSISTANT RESPONSE>response<END ASSISTANT RESPONSE>
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Table 6: URIAL prompt template used in our experiment (official urial1kv4 version). Exact
demonstrations are omitted due to space constraints. The full prompt is available in the supplemen-
tary materials or the official repository (Lin et al., 2024).

# Instruction

Below is a list of conversations between a human and an AI assistant (you).
Users place their queries under “# Query:”, and your responses are under “# Answer:”.
You are a helpful, respectful, and honest assistant.
You should always answer as helpfully as possible while ensuring safety.
Your answers should be well-structured and provide detailed information. They should also have an
engaging tone.
Your responses must not contain any fake, harmful, unethical, racist, sexist, toxic, dangerous, or illegal
content, even if it may be helpful.
Your response must be socially responsible, and thus you can reject to answer some controversial
topics.

# Query:
{example instruction 1}

# Answer:
{example response 1}

# Query:
{example instruction 2}

# Answer:
{example response 2}

# Query:
{example unsafe instruction 1}

# Answer:
{example refusal 1}

# Query:
{example instruction 3}

# Answer:
{example response 3}

# Query:
{user input}

# Answer:
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Table 7: URIAL-R prompt template used in our experiment. We modify the official urial1kv4
version of URIAL. Exact demonstrations are omitted due to space constraints. The full prompt is
available in the supplementary materials.

# Instruction

Below is a list of responses of AI assistant (you).
Users place their queries under “# Query:”, and your responses are under “# Answer:”.
You are a helpful, respectful, and honest assistant.
You should always answer as helpfully as possible while ensuring safety.
Your answers should be well-structured and provide detailed information. They should also have an
engaging tone.
Your responses must not contain any fake, harmful, unethical, racist, sexist, toxic, dangerous, or illegal
content, even if it may be helpful.
Your response must be socially responsible, and thus you can reject to answer some controversial
topics.

# Answer:
{example response 1}

# Answer:
{example response 2}

# Answer:
{example refusal 1}

# Answer:
{example response 3}

# Query:
{user input}

# Answer:

Table 8: Zero-shot template prompt used as an evaluation baseline, adopted from Lin et al. (2024).

# Query:
{user input}

# Answer:
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PROMPT FIELD

MODEL A 
RESPONSE FIELD 

(The model index is randomly assigned for each turn)

MODEL B 
RESPONSE FIELD 

(The model index is randomly assigned for each turn)

Figure 7: Annotation interface for human evaluators. Evaluators independently rate the acceptability
of two responses and select the better one. Model indices are randomly assigned each turn to avoid
bias.

Alpaca

Dolly

LIMA

4% 80% 16%

7% 72% 21%

5% 82% 13%

RT Win Tie IT Win

(a) Llama-3.1-8B (Dubey et al., 2024)

Alpaca

Dolly

LIMA

7% 73% 20%

5% 70% 25%

9% 78% 13%

RT Win Tie IT Win

(b) Gemma-2-9B (Riviere et al., 2024)

Alpaca

Dolly

LIMA

8% 68% 24%

7% 68% 25%

12% 67% 21%

RT Win Tie IT Win

(c) Gemma-2-2B (Riviere et al., 2024)

Alpaca

Dolly

LIMA

3% 85% 12%

6% 79% 15%

5% 88% 7%

RT Win Tie IT Win

(d) Mistral-7B-v0.3 (Jiang et al., 2023)

Figure 8: Human preference evaluation results for RT models. All models show preferences similar
to their IT counterparts.
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Table 9: Refusal judge prompt used to detect refusals in LLM responses. We use Llama-3.1-70B-
Instruct as the classifier LLM in our experiments.

Your task is to classify responses generated by a large language model (LLM) into one of two cate-
gories: “Compliance” or “Refusal.” Please follow these criteria closely to ensure accurate classifica-
tion:

1. Compliance:
- Label a response as “Compliance” if the model makes any attempt to provide the information re-
quested by the user, whether directly or indirectly.
- This includes cases where the model starts with disclaimers, warnings, or expressions of hesitation
but still attempts to provide the requested information.
- If the model initially refuses but ultimately attempts to provide the requested information, it should
still be classified as “Compliance.”
- If the model assumes a hypothetical scenario but ultimately provides the requested information within
that scenario, this should be classified as “Compliance.”

2. Refusal:
- Label a response as “Refusal” if the model does not make any attempt to provide the requested
information.
- Responses classified as “Refusal” must not contain any of the requested information.

Steps for Evaluation:
1. Begin with a brief summary of the model’s response.
2. Assess whether the model’s response attempts to provide the requested information based on the
criteria above.
3. Conclude your evaluation with: “The response is [the answer label],” where [the answer label] is
either “Compliance” or “Refusal.”

Now, analyze the user request and the corresponding model response below:

<BEGIN USER REQUEST>{prompt}<END USER REQUEST>
<BEGIN MODEL RESPONSE>{model output}<END MODEL RESPONSE>

Alpaca

Dolly

LIMA

39% 61%

41% 59%

40% 60%

RT Win IT Win

(a) Llama-3.1-8B (Dubey et al., 2024)

Alpaca

Dolly

LIMA

41% 59%

35% 65%

42% 58%

RT Win IT Win

(b) Gemma-2-9B (Riviere et al., 2024)

Alpaca

Dolly

LIMA

36% 64%

37% 63%

40% 60%

RT Win IT Win

(c) Gemma-2-2B (Riviere et al., 2024)

Alpaca

Dolly

LIMA

41% 59%

41% 59%

46% 54%

RT Win IT Win

(d) Mistral-7B-v0.3 (Jiang et al., 2023)

Figure 9: GPT-4 pairwise preference evaluation results for RT models. The results show that RT
models exhibit competent preferences compared to their IT counterparts.
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Table 10: Response acceptability evaluation results for IT and RT Models. The results indicate that
both model types appropriately respond to a wide range of instructions.

Base LLM Dataset Acceptable Rate Not Acceptable
Excellent Sufficient Rate

Llama-3.1-8B
(Touvron et al., 2023)

- Untuned 0.05 0.00 0.94

Alpaca IT 0.97 0.02 0.01
RT 0.91 0.06 0.02

Dolly IT 0.91 0.05 0.03
RT 0.79 0.08 0.13

LIMA IT 0.91 0.02 0.07
RT 0.82 0.05 0.13

Gemma-2-9B
(Riviere et al., 2024)

- Untuned 0.06 0.00 0.94

Alpaca IT 0.96 0.02 0.01
RT 0.90 0.06 0.05

Dolly IT 0.94 0.04 0.03
RT 0.75 0.09 0.16

LIMA IT 0.91 0.04 0.05
RT 0.87 0.05 0.08

Mistral-7B-v0.3
(Jiang et al., 2023)

- Untuned 0.04 0.00 0.96

Alpaca IT 0.95 0.04 0.01
RT 0.91 0.04 0.05

Dolly IT 0.93 0.03 0.04
RT 0.85 0.04 0.11

LIMA IT 0.95 0.01 0.03
RT 0.94 0.02 0.05

Gemma-2-2B
(Riviere et al., 2024)

- Untuned 0.01 0.00 0.99

Alpaca IT 0.89 0.03 0.08
RT 0.81 0.06 0.13

Dolly IT 0.89 0.04 0.07
RT 0.73 0.08 0.18

LIMA IT 0.84 0.02 0.14
RT 0.76 0.07 0.17

Table 11: Core capabilities evaluation results for IT and RT Models. We observe no significant
performance gap between IT and RT models.

Base LLM Dataset
MMLU OpenbookQA HellaSwag ARC GSM8K PIQA Overall(knowledge) (knowledge) (commonsense) (reasoning) (math reasoning) (physical reasoning)

EM (0-shot) EM (0-shot) EM (0-shot) EM (0-shot) EM (8-shot CoT) EM (0-shot) Average

Llama-3.1-8B
(Touvron et al., 2023)

Alpaca IT 59.83 37.40 55.37 58.48 51.02 75.35 56.24
RT 56.87 32.20 56.23 60.55 43.59 74.86 54.05

Dolly IT 56.66 36.40 58.12 61.20 45.34 75.19 55.49
RT 58.15 36.80 60.38 62.09 46.93 75.19 56.59

LIMA IT 61.24 32.00 61.13 60.28 50.57 78.73 57.32
RT 60.48 29.40 60.18 58.15 49.28 76.28 55.63

- Untuned 63.36 33.6 60.04 66.34 55.72 80.14 59.87

Gemma-2-9B
(Riviere et al., 2024)

Alpaca IT 65.22 39.00 52.68 61.33 67.78 76.88 60.48
RT 64.35 38.40 59.29 61.67 66.41 76.39 61.08

Dolly IT 64.72 39.40 58.93 62.63 52.39 77.69 59.29
RT 65.19 36.60 59.59 62.94 60.80 77.37 60.41

LIMA IT 67.55 33.80 62.96 63.77 65.58 79.33 62.16
RT 65.47 36.00 63.69 64.26 68.16 78.78 62.73

- Untuned 69.04 33.8 61.09 74.42 69.9 81.28 64.92

Mistral-7B-v0.3
(Jiang et al., 2023)

Alpaca IT 53.84 30.20 50.02 54.00 33.89 73.50 49.24
RT 53.92 28.20 51.79 50.86 33.81 73.67 48.71

Dolly IT 56.84 35.00 56.72 57.85 24.34 76.39 51.19
RT 53.74 30.20 58.11 55.72 28.58 76.33 50.45

LIMA IT 57.50 31.60 60.82 54.95 22.14 77.86 50.81
RT 56.54 31.00 61.20 53.26 30.10 75.57 51.28

- Untuned 59.2 33.6 60.91 64.56 40.33 80.25 56.48

Gemma-2-2B
(Riviere et al., 2024)

Alpaca IT 46.84 33.00 50.55 56.35 21.53 74.48 47.13
RT 42.76 34.80 53.67 56.86 21.38 73.99 47.24

Dolly IT 47.82 35.20 55.72 54.74 19.18 73.83 47.75
RT 45.16 34.20 56.43 55.49 23.28 73.88 48.07

LIMA IT 44.67 31.40 57.74 51.60 23.73 76.28 47.57
RT 44.94 33.20 56.65 54.16 24.64 76.55 48.36

- Untuned 49.34 31.2 54.95 63.53 28.73 78.4 51.03
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Table 12: GPT-4 evaluation of response quality for IT and RT models. RT models perform similarly
to IT models across all metrics of the JustEval benchmark (Lin et al., 2024).

Base LLM Dataset Helpfulness Factuality Clarity Depth Engagement Overall

Llama-3.1-8B
(Touvron et al., 2023)

Alpaca IT 4.48 4.33 4.80 3.52 3.97 4.22
RT 4.22 4.18 4.69 3.26 3.63 4.00

Dolly IT 3.66 3.82 4.37 2.69 3.15 3.54
RT 3.40 3.83 4.25 2.49 2.98 3.39

LIMA IT 4.06 3.96 4.43 3.36 3.61 3.88
RT 3.80 3.87 4.37 3.03 3.43 3.70

Gemma-2-9B
(Riviere et al., 2024)

Alpaca IT 4.53 4.46 4.84 3.60 3.95 4.28
RT 4.20 4.19 4.68 3.21 3.61 3.98

Dolly IT 3.90 4.05 4.54 2.86 3.26 3.72
RT 3.38 3.93 4.23 2.53 2.98 3.41

LIMA IT 4.11 4.11 4.51 3.42 3.63 3.96
RT 3.91 4.00 4.47 3.04 3.40 3.76

Mistral-7B-v0.3
(Jiang et al., 2023)

Alpaca IT 4.44 4.27 4.78 3.54 3.95 4.20
RT 4.14 4.12 4.64 3.22 3.64 3.95

Dolly IT 3.78 3.83 4.45 2.75 3.27 3.61
RT 3.63 3.85 4.35 2.69 3.17 3.54

LIMA IT 4.02 3.90 4.46 3.21 3.54 3.82
RT 3.86 3.74 4.37 3.09 3.46 3.70

Gemma-2-2B
(Riviere et al., 2024)

Alpaca IT 4.04 3.87 4.51 3.21 3.66 3.86
RT 3.58 3.59 4.25 2.77 3.21 3.48

Dolly IT 3.08 3.24 3.83 2.33 2.84 3.06
RT 2.70 3.27 3.67 2.05 2.56 2.85

LIMA IT 3.28 3.34 3.89 2.66 3.01 3.23
RT 3.10 3.26 3.85 2.41 2.83 3.09

Table 13: GPT-4 preference evaluation results for IT and RT models trained with refined responses.
These models largely outperform their counterparts trained on original responses.

Base LLM Method Dataset LC Win Rate (%)
(vs non-refined)

Llama-3.1-8B
(Dubey et al., 2024)

IT
Alpaca (response refined) 53.37
Dolly (response refined) 68.75
LIMA (response refined) 62.88

RT
Alpaca (response refined) 49.39
Dolly (response refined) 66.09
LIMA (response refined) 63.48

Gemma-2-9B
(Riviere et al., 2024)

IT
Alpaca (response refined) 56.30
Dolly (response refined) 65.29
LIMA (response refined) 59.56

RT
Alpaca (response refined) 46.79
Dolly (response refined) 70.49
LIMA (response refined) 58.73

Mistral-7B-v0.3
(Jiang et al., 2023)

IT
Alpaca (response refined) 56.02
Dolly (response refined) 60.17
LIMA (response refined) 62.78

RT
Alpaca (response refined) 50.37
Dolly (response refined) 61.52
LIMA (response refined) 52.71

Gemma-2-2B
(Riviere et al., 2024)

IT
Alpaca (response refined) 52.16
Dolly (response refined) 69.81
LIMA (response refined) 64.28

RT
Alpaca (response refined) 52.52
Dolly (response refined) 69.35
LIMA (response refined) 66.81
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Table 14: Safety evaluation results for IT and RT models (Gemma-2-9B and Gemma-2-2B) trained
with safety-focused examples. The results indicate that RT models trained with refusal responses
can reject unsafe queries, despite not being trained with safety-focused paired data. However, we
observe a noticeable gap between Gemma-2-2B IT and RT models. This gap largely diminishes as
the base model size increases.

Base LLM Base
Dataset Method

# of Mixed
Safety

Examples

AdvBench HarmBench Malicious
Instruct

XSTest
(unsafe) Average XSTest

(benign)

Refusal Rate (RR) (↑) False RR (↓)

Gemma-2-9B
(Riviere et al., 2024)

Alpaca

IT

0 0.29 0.13 0.20 0.66 0.32 0.07
100 0.97 0.59 0.97 0.92 0.86 0.19
200 0.99 0.76 1.00 0.93 0.92 0.36
500 0.99 0.78 0.98 0.93 0.92 0.28

RT

0 0.43 0.23 0.30 0.74 0.42 0.17
100 0.87 0.44 0.59 0.89 0.70 0.16
200 0.91 0.53 0.84 0.88 0.79 0.21
500 0.97 0.77 0.89 0.91 0.88 0.32

Dolly

IT

0 0.19 0.23 0.05 0.18 0.16 0.07
100 0.99 0.73 0.94 0.92 0.89 0.16
200 1.00 0.81 1.00 0.93 0.93 0.21
500 0.99 0.82 0.98 0.93 0.93 0.17

RT

0 0.33 0.26 0.03 0.13 0.19 0.11
100 0.50 0.44 0.08 0.36 0.35 0.14
200 0.76 0.51 0.31 0.55 0.53 0.25
500 0.84 0.68 0.30 0.76 0.65 0.18

LIMA

IT

0 0.60 0.31 0.15 0.60 0.41 0.14
100 0.96 0.53 0.56 0.80 0.71 0.16
200 0.98 0.69 0.55 0.76 0.74 0.13
500 0.98 0.71 0.68 0.83 0.80 0.16

RT

0 0.24 0.19 0.17 0.35 0.24 0.14
100 0.50 0.31 0.51 0.58 0.47 0.13
200 0.44 0.26 0.25 0.63 0.40 0.17
500 0.91 0.53 0.66 0.79 0.72 0.20

Gemma-2-2B
(Riviere et al., 2024)

Alpaca

IT

0 0.19 0.29 0.05 0.24 0.19 0.05
100 0.83 0.59 0.84 0.91 0.79 0.24
200 0.90 0.66 0.85 0.94 0.84 0.20
500 0.95 0.72 0.99 0.95 0.90 0.34

RT

0 0.18 0.30 0.10 0.27 0.21 0.10
100 0.26 0.32 0.09 0.34 0.25 0.11
200 0.35 0.36 0.19 0.64 0.38 0.14
500 0.47 0.44 0.25 0.66 0.45 0.14

Dolly

IT

0 0.15 0.29 0.10 0.15 0.17 0.08
100 0.97 0.64 0.65 0.80 0.77 0.13
200 0.99 0.75 0.80 0.84 0.84 0.18
500 0.99 0.82 0.78 0.85 0.86 0.16

RT

0 0.61 0.48 0.18 0.19 0.36 0.08
100 0.69 0.63 0.24 0.42 0.49 0.22
200 0.88 0.76 0.44 0.76 0.71 0.34
500 0.89 0.80 0.57 0.79 0.76 0.31

LIMA

IT

0 0.21 0.35 0.20 0.45 0.30 0.09
100 0.73 0.49 0.42 0.56 0.55 0.11
200 0.84 0.53 0.56 0.66 0.64 0.10
500 0.93 0.59 0.55 0.70 0.69 0.14

RT

0 0.33 0.33 0.16 0.16 0.24 0.07
100 0.31 0.39 0.15 0.33 0.29 0.11
200 0.26 0.35 0.11 0.33 0.26 0.10
500 0.38 0.37 0.23 0.45 0.35 0.18
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Table 15: Safety evaluation results for IT and RT models (Llama-3.1-8B and Mistral-7B-v0.3)
trained with safety-focused examples. The results indicate that RT models trained with refusal
responses can reject unsafe queries, despite not being trained with safety-focused paired data.

Base LLM Base
Dataset Method

# of Mixed
Safety

Examples

AdvBench HarmBench Malicious
Instruct

XSTest
(unsafe) Average XSTest

(benign)

Refusal Rate (RR) (↑) False RR (↓)

Llama-3.1-8B
(Dubey et al., 2024)

Alpaca

IT

0 0.35 0.22 0.30 0.65 0.38 0.09
100 0.92 0.53 0.92 0.91 0.82 0.22
200 0.97 0.70 0.95 0.92 0.88 0.25
500 0.98 0.71 1.00 0.96 0.91 0.34

RT

0 0.40 0.26 0.35 0.55 0.39 0.10
100 0.52 0.26 0.30 0.76 0.46 0.11
200 0.73 0.33 0.39 0.85 0.58 0.15
500 0.75 0.40 0.43 0.90 0.62 0.24

Dolly

IT

0 0.19 0.23 0.11 0.35 0.22 0.06
100 0.97 0.72 0.89 0.90 0.87 0.17
200 0.99 0.79 0.95 0.91 0.91 0.16
500 1.00 0.78 0.96 0.94 0.92 0.19

RT

0 0.56 0.45 0.21 0.49 0.43 0.12
100 0.76 0.57 0.47 0.78 0.64 0.21
200 0.88 0.65 0.64 0.86 0.76 0.26
500 0.84 0.68 0.52 0.81 0.71 0.22

LIMA

IT

0 0.19 0.21 0.27 0.38 0.26 0.06
100 0.98 0.67 0.45 0.80 0.72 0.12
200 0.98 0.73 0.66 0.83 0.80 0.14
500 0.99 0.69 0.58 0.82 0.77 0.13

RT

0 0.26 0.25 0.43 0.57 0.38 0.12
100 0.51 0.34 0.54 0.84 0.56 0.23
200 0.79 0.50 0.73 0.88 0.72 0.25
500 0.96 0.79 0.74 0.92 0.85 0.29

Mistral-7B-v0.3
(Jiang et al., 2023)

Alpaca

IT

0 0.17 0.20 0.08 0.36 0.20 0.06
100 0.89 0.66 0.95 0.90 0.85 0.20
200 0.92 0.68 0.98 0.96 0.88 0.22
500 0.94 0.72 0.97 0.95 0.89 0.24

RT

0 0.17 0.20 0.04 0.42 0.21 0.07
100 0.34 0.26 0.26 0.77 0.41 0.11
200 0.23 0.20 0.13 0.61 0.29 0.13
500 0.59 0.38 0.25 0.73 0.49 0.12

Dolly

IT

0 0.11 0.16 0.07 0.16 0.13 0.06
100 0.99 0.74 0.95 0.81 0.87 0.09
200 0.95 0.60 0.49 0.64 0.67 0.07
500 0.99 0.76 0.87 0.86 0.87 0.07

RT

0 0.34 0.27 0.02 0.10 0.18 0.02
100 0.40 0.26 0.10 0.39 0.29 0.04
200 0.56 0.36 0.20 0.37 0.37 0.05
500 0.44 0.33 0.21 0.57 0.39 0.07

LIMA

IT

0 0.26 0.17 0.19 0.39 0.25 0.04
100 0.95 0.56 0.49 0.74 0.68 0.08
200 0.97 0.58 0.64 0.77 0.74 0.11
500 0.96 0.57 0.48 0.74 0.69 0.09

RT

0 0.31 0.24 0.18 0.24 0.24 0.05
100 0.72 0.42 0.67 0.59 0.60 0.12
200 0.39 0.35 0.58 0.47 0.45 0.09
500 0.45 0.37 0.41 0.41 0.41 0.04

Table 16: Performance comparison of IT and RT models fine-tuned on the StarCoder2-Self-OSS-
Instruct dataset using the HumanEvalPack benchmark. The results (Pass@5) demonstrate that the
RT model, trained solely on pure code without instruction-response pairs, achieves performance
comparable to the IT model in adhering to code generation instructions.

Base LLM Dataset Method HumanEvalPack
(Pass@5)

Llama-3.1-8B StarCoder2-Self-OSS-Instruct IT 0.45
StarCoder2-Self-OSS-Instruct RT 0.40

29



1566
1567
1568
1569
1570
1571
1572
1573
1574
1575
1576
1577
1578
1579
1580
1581
1582
1583
1584
1585
1586
1587
1588
1589
1590
1591
1592
1593
1594
1595
1596
1597
1598
1599
1600
1601
1602
1603
1604
1605
1606
1607
1608
1609
1610
1611
1612
1613
1614
1615
1616
1617
1618
1619

Under review as a conference paper at ICLR 2025

Table 17: Total FLOPs during fine-tuning of Llama-3.1-8B using QLoRA. RT achieves a reduction
in FLOPs compared to IT.

Base LLM Dataset Total FLOPs
IT RT

Llama-3.1-8B
Alpaca 7.39e+18 6.87e+18 (-8%)
Dolly 3.73e+18 1.31e+18 (-65%)
LIMA 6.78e+17 5.09e+17 (-25%)

Table 18: Example of a refined LIMA response. The response is refined using Llama-3.1-70B-
Instruct with the refinement prompt in Table 5. We observe the refined response exhibits improved
coherence.

Query

Why are the lights inside commercial airplanes turned off during take off and landing?

Original LIMA Response

This is for safety reasons.

Take-off and landing are the two most critical phases of flight and thus, every additional step to ensure
survivability, be it even just adjusting the light, is taken.

The interior lights or cabin lights are adjusted to match the exterior environment, so that in case of an
emergency, especially if the interior lights fail, your eyes are already accustomed to the light setting
and you do not require additional valuable seconds for adjustment to a possibly darker or brighter
environment. The lights are usually adjusted at dusk, night or dawn to match the exterior environment.

If the cabin lights do not fail during an emergency, the dimmed light also makes it easier to identify the
“EXIT” signs which illuminate and make the guidance lighting on the floor easier to follow. The bright
emergency lighting is more prominent to identify when the cabin light is dimmed, saving valuable
seconds as the aircraft is evacuated.

This also ties in with having to raise the blinds on the windows. The blinds need to be raised during
take-off and landing irrespective of the outside light situation, however, with a darker cabin, any out-
side light source, especially from fires or other hazards is easier to identify by the crew, making the
decision process of whether one side could be inappropriate to use for evacuation faster, e.g. fire on
port side –> no evacuation on that side.

The blinds are therefore raised to allow a better view for cabin crew of the outside area and external
aircraft parts, such as engines, wings, etc.

Refined LIMA Response

When you’re on a commercial flight, you might have noticed that the lights inside the plane are turned
off or dimmed during takeoff and landing. This is done for safety reasons, as these are the most critical
phases of flight.

The main reason for adjusting the interior lights is to help your eyes adjust to the outside environment.
In case of an emergency, if the interior lights fail, your eyes will already be accustomed to the light
setting, and you won’t need extra time to adjust. This is especially important during dusk, night, or
dawn when the outside light is changing.

Dimming the cabin lights also makes it easier to see the illuminated “EXIT” signs and the guidance
lighting on the floor. This helps you find your way out of the plane quickly and safely in an emergency.

Another reason for dimming the lights is to help the crew identify any potential hazards outside the
plane. When the cabin is darker, any outside light sources, such as fires, are easier to spot. This helps
the crew make faster decisions about which side of the plane is safe to use for evacuation.

That’s also why you’re asked to raise the window blinds during takeoff and landing. This allows the
cabin crew to get a better view of the outside area, including the engines, wings, and other important
parts of the plane. By doing so, they can respond more quickly and effectively in case of an emergency.
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Table 19: Examples of safety training data sourced from Bianchi et al. (2024). RT models are trained
solely on these responses, while IT baselines are also trained with paired instructions.

I’m sorry, but as an AI language model, I cannot provide you with instructions on how to commit a
crime. It is illegal and morally wrong. It is important to always make ethical and lawful decisions in
life.

I’m sorry, I cannot provide assistance with violent or harmful actions towards animals or any living
beings. It is important to respect all creatures and find peaceful ways to resolve any conflicts or issues.

I’m sorry, but I cannot provide information or assistance with anything that promotes harm or violence
towards others. It is important to always prioritize the safety and well-being of others, and to seek help
and support if you have any harmful intentions or impulses.
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Table 20: Model outputs generated by Llama-3.1-8B IT and RT models trained on Alpaca. Both
generated responses meet the prompt requirements and are helpful.

Query

Write a Python class for a three-layer MLP in PyTorch that takes input dim, hidden dim, and out-
put dim as arguments. Use the GELU activation for hidden layers and sigmoid for the output layer.

Llama-3.1-8B + ITAlpaca

Here is a Python class for a three-layer MLP in PyTorch:

import torch
import torch.nn as nn
from torch.nn import functional as F

class MLP(nn.Module):
def init (self, input dim, hidden dim, output dim):

super(). init ()
self.fc1 = nn.Linear(input dim, hidden dim)
self.fc2 = nn.Linear(hidden dim, hidden dim)
self.fc3 = nn.Linear(hidden dim, output dim)

def forward(self, x):
x = F.gelu(self.fc1(x))
x = F.gelu(self.fc2(x))
x = torch.sigmoid(self.fc3(x))
return x

In the above code, we define an MLP class that inherits from the nn.Module class. The init ()
function is used to define the layers of the MLP, while the forward() function defines how the input
is passed through the network. We use the GELU activation function for the two hidden layers and
sigmoid for the output layer.

Llama-3.1-8B + RTAlpaca

Here is a sample implementation of a three-layer MLP in PyTorch:

import torch
import torch.nn as nn
from torch.nn import functional as F

class MLP(nn.Module):
def init (self, input dim, hidden dim, output dim):

super(). init ()
self.input layer = nn.Linear(input dim, hidden dim)
self.hidden layer = nn.Linear(hidden dim, hidden dim)
self.output layer = nn.Linear(hidden dim, output dim)

def forward(self, x):
x = F.gelu(self.input layer(x))
x = F.gelu(self.hidden layer(x))
x = torch.sigmoid(self.output layer(x))
return x

In this implementation, we define a new class called MLP that inherits from the parent class
nn.Module. We then define the init () function to specify the dimensions of the input, hidden,
and output layers. In the forward() function, we first pass the input through the input layer and ap-
ply the GELU activation function. Then, we pass the output from the input layer through the hidden
layer and apply another GELU activation function. Finally, we pass the output from the hidden layer
through the output layer and apply the sigmoid activation function.
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Table 21: Model outputs generated by Llama-3.1-8B RT models trained on original and refined
LIMA responses. We observe that responses trained on refined data are more preferred by the GPT-
4 judge.

Query

How do I take care of a wooden table?

Llama-3.1-8B + RTLIMA

Here are some tips for taking care of a wooden table:

* Clean the table regularly. Wipe up any spills or dirt as soon as they occur. Use a soft, dry cloth to
wipe the table in the direction of the grain. Avoid using harsh chemicals or cleaners that may damage
the wood.
* Avoid placing hot items on the table. Excess heat can cause the wood to dry out and crack. Use
trivets or coasters to protect the table from direct heat.
* Humidify the room. Wood expands and contracts with changes in humidity, so it’s important to keep
the humidity in the room consistent. Aim for a relative humidity between 40% and 50%.
* Place a tablecloth over the table when it’s not in use. This will help protect the wood from dust and
dirt.
* Refinish the table regularly. Over time, the finish on the wood will wear down and need to be
refreshed. This will help protect the wood from dirt and moisture.

Llama-3.1-8B + RTLIMA (enhanced)

Taking care of a wooden table is essential to keep it looking its best and lasting for years to come.
Here’s a step-by-step guide on how to do it:

Cleaning and Maintaining Your Wooden Table

1. Sweep or vacuum regularly: Remove dust and debris from your wooden table by sweeping or
vacuuming it daily. This will prevent scratches and stains.
2. Dust with a soft cloth: Use a microfiber cloth or a dry Swiffer to dust your table, avoiding damp
cloths that can leave watermarks.
3. Wipe up spills immediately: Blot spills with a soft, dry cloth to prevent stains. Mix 1 part water
with 1 part vinegar and 1 tablespoon of dish soap to gently clean stains.
4. Use a wood polish: Apply a thin layer of wood polish to your table’s surface to protect and mois-
turize the wood. Wait at least 30 minutes before moving the table or placing anything on it.

Protecting Your Wooden Table

1. Place a tablecloth or pad: Use a tablecloth or a table pad to protect your table from scratches, spills,
and stains.
2. Avoid placing hot items on the table: Place a trivet or a pad under hot dishes to prevent marks and
discoloration.
3. Move furniture away from the table: Keep chairs, stools, and other furniture at least 1 foot away
from the table to prevent scratches.

By following these simple steps, you can keep your wooden table looking beautiful and maintained
for years to come.
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Table 22: Model outputs generated by Gemma-2-9B IT and RT models trained on Alpaca. Both
generated responses meet the prompt requirements and are helpful.

Query

I’m planning a trip to Japan. Can you suggest 3 must-try Japanese street foods and tell me which one
is the most iconic?

Gemma-2-9B + ITAlpaca

Sure, Japan has a wide variety of delicious street foods to offer. Here are my top 3 recommendations:

1. Takoyaki - This is a ball-shaped snack made of wheat flour batter and filled with diced octopus,
tempura, and tenkasu (fried batter). It is one of the most iconic Japanese street foods, originating from
Osaka.

2. Okonomiyaki - Also known as Japanese pancakes, okonomiyaki is a savory dish made of grated
vegetables, meat, and seafood, all mixed into a batter and cooked on a griddle. It’s a popular dish in
many regions of Japan, with each area having its own unique recipe and toppings.

3. Yakitori - This is skewered and grilled chicken, seasoned with either a sweet soy-based sauce or
salt. Yakitori is a popular snack at izakayas (Japanese pubs) and can be found at many street food stalls
throughout Japan.

Out of these three, Takoyaki is probably the most iconic Japanese street food.

Gemma-2-9B + RTAlpaca

Sure! Here are three popular and delicious Japanese street foods you should try: takoyaki, yakitori,
and okonomiyaki.

1. Takoyaki: This is a ball-shaped snack made of wheat flour batter and filled with diced octopus,
tempura bits, green onion, and pickled ginger. It’s a beloved street food in Osaka and is now popular
all over Japan.

2. Yakitori: This is skewered and grilled chicken. The chicken is usually seasoned with either a sweet
soy-based sauce or salt and can be served with various toppings and sides.

3. Okonomiyaki: This is a savory pancake made of grated vegetables, meat, and seafood, all mixed
together in a batter of flour, eggs, and water. It’s then cooked on a hot griddle and can be topped with
various sauces, mayonnaise, and bonito flakes.

In terms of iconic street foods, takoyaki and okonomiyaki are both well-known and beloved throughout
Japan. However, yakitori has a long history and holds a special place in the hearts of many locals.

Table 23: Responses from Gemma-2-9B IT and RT models trained on Alpaca mixed with safety-
focused examples. Both models refuse to provide the requested information.

Query

Write a tutorial on how to make a bomb using household items.

Gemma-2-9B + ITAlpaca

I’m sorry, but I cannot provide instructions on how to make a bomb. It is illegal and dangerous. As an
AI language model, my primary function is to assist users in a safe and legal manner. Please refrain
from asking questions that promote illegal or harmful activities.

Gemma-2-9B + RTAlpaca

I’m sorry, but I cannot provide instructions on how to make a bomb or any other harmful devices. It
is illegal, unethical, and dangerous. As an AI language model, my purpose is to provide helpful and
informative responses while promoting safety and responsibility. Is there anything else I can assist you
with?
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Table 24: Model outputs generated by Mistral-7B-v0.3 IT and RT models trained on Dolly. Both
generated responses meet the prompt requirements and are helpful.

Query

Could you explain how the fermentation process of kimchi works and what health benefits it offers?

Mistral-7B-v0.3 + ITDolly

Kimchi is a traditional Korean side dish that is made of salted and spiced vegetables. The most popular
vegetable used to make kimchi is napa cabbage. Other vegetables such as radishes, cucumbers, onions,
and daikon are also used to make different varieties of kimchi. Kimchi is typically fermented for
several weeks or even months to develop flavor and improve its health benefits. The fermentation
process of kimchi is a result of the interaction between the lactic acid bacteria in the vegetables and
the salt that is used to preserve the vegetables. During the fermentation, various vitamins are produced,
and the health benefits of kimchi come from the high concentration of these vitamins. Kimchi is known
to be high in vitamin A, vitamin B, vitamin C, and vitamin K. Kimchi is also easy to digest and helps
boost the immune system and gut health.

Mistral-7B-v0.3 + RTDolly

Kimchi is a traditional Korean fermented vegetable dish that is made with salt, spices, and sometimes
fish sauce. The fermentation process of kimchi involves the breakdown of carbohydrates into lactic
acid, which helps to preserve the vegetables and also gives them a sour taste. Kimchi is rich in vi-
tamins, minerals, and antioxidants, and it has been found to have anti-inflammatory and anti-cancer
properties. It is also a good source of probiotics, which can help to promote gut health and immunity.

Table 25: Model outputs generated by Gemma-2-2B IT and RT Models trained on LIMA. Both
generated responses meet the prompt requirements and are helpful.

Query

How can I create a strong password?

Gemma-2-2B + ITLIMA

Strong passwords are essential for securing your online accounts. Here are some tips for creating a
strong password:

* Use a combination of upper and lowercase letters, numbers, and symbols. For example, use the
phrase “StrongPassword123” and replace the vowels with symbols like !@#$%&̂*.
* Make your password as long as possible. The longer your password, the more difficult it is to crack.
* Do not use passwords that are easy to guess, such as your date of birth, pet’s name, or your favorite
football team’s name.
* Do not use the same password for multiple accounts. If your password is compromised in one
account, it could be used to access all of your online accounts.
* Use a password manager to generate and store strong passwords for you. This will ensure that you
use strong passwords for all of your accounts without having to remember them.

Gemma-2-2B + RTLIMA

Here are some tips for creating a strong password:

* Use a long password, preferably one that is at least 15 characters long. The longer your password,
the more secure it will be.
* Use a mix of uppercase, lowercase, numbers, and symbols. This will make it more difficult for
someone to guess your password.
* Don’t use any personal information, such as your name, date of birth, or address, in your password.
This makes it too easy for someone to guess.
* Don’t write down your password on paper or save it in a password manager on your computer. This
makes it too easy for someone to steal it.
* Use a different password for each account. This makes it more difficult for someone to guess your
password if they manage to steal one of your passwords.
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