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Abstract

Recent years have witnessed rapid advancements in the safety
alignments of large language models (LLMs). Methods such
as supervised instruction fine-tuning (SFT) and reinforcement
learning with human feedback (RLHF) have thus emerged as
vital components in constructing LLMs. While these meth-
ods achieve robust and fine-grained alignment to human val-
ues, their practical application is still hindered by high anno-
tation costs and incomplete human alignments. Besides, the
intrinsic human values within training corpora have not been
fully exploited. To address these issues, we propose ISAAC
(Intrinsically Supervised Alignments by Assessing Corpus),
a primary and coarse-grained safety alignment strategy for
LLMs. ISAAC only relies on a prior assumption about the
text corpus, and does not require preferences in RLHF or
human responses selection in SFT. Specifically, it assumes
a long-tail distribution of text corpus and employs a special-
ized sampling strategy to automatically sample high-quality
responses. Theoretically, we prove that this strategy can im-
prove the safety of LLMs under our assumptions. Empiri-
cally, our evaluations on mainstream LLMs show that ISAAC
achieves a safety score comparable to current SFT solu-
tions. Moreover, we conduct experiments on ISAAC for some
RLHF-based LLMs, where we find that ISAAC can even im-
prove the safety of these models under specific safety do-
mains. These findings demonstrate that ISAAC can provide
preliminary alignment to LLMs, thereby reducing the con-
struction costs of existing human-feedback-based methods.

1 Introduction

Large language model (LLM) enhanced dialogue systems,
such as ChatGPT, have garnered significant attention thanks
to their wide range of real-world applications (Anil et al.
2024; Achiam et al. 2023; Zhang et al. 2023) in chit-
chat, information-seeking, and task-oriented business. How-
ever, they still face the problem of unsafe response gener-
ation (Anwar et al. 2024), which involves generating of-
fensive, politically sensitive, unprofessional, or biased sen-
tences, particularly under adversarial prompts from ill-
intentioned users. For instance, chatbots like Xiaolce, Twit-
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ter bot Tay (Wolf, Miller, and Grodzinsky 2017), Blender-
bot 3.0, and ChatGPT have been reported to produce offen-
sive and racist responses after their release (Zhu, Wang, and
Liu 2024). In the context of task-oriented dialogues (TOD),
some research also focuses on the politeness transfer (Silva,
Semedo, and Magalhaes 2022) within real-world corpora.

Existing research in this field, such as supervised training
and reinforcement learning (RL), detoxifies dialogue models
by the feedback of human annotators. For supervised train-
ing, researchers either train safety classifiers based on an-
notated safety corpora (Sun et al. 2021; Dinan et al. 2019;
Roller et al. 2020; Baheti et al. 2021; van Aken et al. 2018)
to filter unsafe dialogues, or they annotate training samples
with human-crafted responses (Ung, Xu, and Boureau 2022;
Bianchi et al. 2024; Zhong et al. 2024). Based on the detoxi-
fied dataset, they then fine-tune models (Bianchi et al. 2024)
via SFT. Similarly, reinforcement learning with human feed-
back (RLHF) (Ouyang, Wu, and et al. 2022; Bai et al.
2022a), involves collecting a dataset of LLM-interactive di-
alogues, rating each response in the dialogues, and training
a reward model to guide LLMs training with RL algorithms
(e.g. PPO (Schulman et al. 2017)) or directly training the
LLMs (e.g. DPO (Rafailov et al. 2023)).

Though effective, these methods encounter two chal-
lenges. First, they heavily rely on human annotations for
alignment. Second, these methods are often vulnerable to
specific topics if the human-collected subset does not rep-
resent the entire distribution of the training corpus. Conse-
quently, maintainers of LLMs need to recollect new subsets
for emerging safety topics or scenarios due to the adversar-
ial evolution phenomenon (Shachaf and Hara 2010; Dinan
et al. 2019) in interactions. These challenges highlight the
need for a more flexible and evolvable alignment strategy.

To address the above issues, we explore whether there are
potential features (induced bias) in text corpus that naturally
represent human values. In other words, we aim to align
LIMs with human values inherent in the text corpus itself,
rather than injecting human values through additional an-
notations. This task is challenging, as it requires discriminat-
ing the safety of a training sample without label information.



To this end, we propose ISAAC!, a coarse-grained alignment
strategy which can automatically cover the content safety of
a given corpus without human feedback. ISAAC is not in-
tended to replace existing human-feedback-based methods
but to complement them. Inspired by the discovery that un-
safe responses are typically few and semantically different
in the corpus (Tufa, Markov, and Vossen 2024; Founta et al.
2018), ISAAC replaces unsafe responses with their predom-
inantly ordinary neighbors. Specifically, it first clusters ex-
amples with similar contextual information to obtain the re-
sponse distribution for given contexts. This distribution, usu-
ally long-tailed, is then used to sample multiple pseudo re-
sponses based on our proposed adaptively sharpening sam-
pling strategy. We use these pseudo-response labels to fine-
tune LLMs for preliminary alignments or to train a rephras-
ing model that transforms an unsafe response under a given
context.

By evaluating ISAAC on several popular language mod-
els, experiments demonstrate that it produces more diverse
(0.03 in DIST-2 and 0.62 in Entropy) and contextually aware
(2% in perplexity) responses while maintaining safety scores
comparable to existing supervised training methods. Com-
pared to comprehensive alignment, ISAAC improves the
safety score of Claude, Llama3, Qwen2 by 1.4%, 9.5%, and
9.9%, respectively.

2 Related Works

Conversational Als & LLMs. Training general-purpose
language models typically involves two steps, the pre-
training stage, where the model learns general knowledge,
and the fine-tuning stage, where it learns to understand user
intents and to follow instructions. During fine-tuning, di-
alogue contexts (instructions and task inputs), as well as
corresponding responses, are arranged as the text corpus
for maximum likelihood estimation training. These fine-
tuning datasets often combine commonly used and univer-
sal tasks to construct a multi-task dialogue service. For ex-
ample, BlenderBot (Roller et al. 2020), a dialogue model
trained on diverse corpora, has achieved significant im-
provements with increased model parameters and training
data. This trend is further exemplified by LaMDA (Thop-
pilan et al. 2022), which not only expands its training
datasets but also encompasses over 100 billion parame-
ters. Through carefully and comprehensive human eval-
vation, LaMDA demonstrates that it is possible for cur-
rent transformer-based LLMs to achieve real and multi-
turn human-like responses. Subsequent advancements in
conversational Al stem from the use of human-feedback-
based reinforcement learning and instruction tuning. Mod-
els such as InstructGPT (Ouyang, Wu, and et al. 2022),
Sparrow (Glaese, McAleese, and et al. 2022), and ChatGPT
are fine-tuned with a well-annotated subset after the gener-
alized pre-training. High-quality instruction-tuning corpus
have thus been proven (Gunasekar et al. 2023) to signifi-
cantly influence the training of LLMs. Besides, these meth-
ods also benefit from evolutionary training of RLHF. By col-
lecting and annotating their responses to users, LLMs can
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evolve continuously. High-quality SFT and RLHF fully ex-
ploits the potential of LLMs, establishing them as the de
facto state-of-the-art solution. Moreover, incorporating ex-
ternal knowledge (Xu et al. 2020) like retrieval-augmented
generation (RAG) (Gao et al. 2023; Chen et al. 2024a) can
further enhance LLMs’ performance.

Safety of Contents & Value Alignments. As a substan-
tial field of Al security (Zhou et al. 2024; Bai et al. 2024;
Liang et al. 2024a; Li et al. 2023; Xiao et al. 2022; Liang
et al. 2024b; Wang et al. 2024; Zheng et al. 2022), aligning
language models with human values begins with generating
safe responses on dialogue models. Dinan et al. (2019) ex-
plore supervised safe response generation early on. In their
experiments, they inform annotators to produce dangerous
utterances to “trigger” the models into generating unsafe
responses. These dialogues were then collected to create
a training dataset to improve the safety of dialogue mod-
els. Subsequently, an adversarial human-machine interaction
corpus (Roller et al. 2020) were proposed, on which they
remove unsafe samples and fine-tune dialogue models only
with repaired safe responses, known as “baked-in” training.
Other research (Liu et al. 2020) also proposed similar su-
pervised training paradigms, such as GAN-based training
framework, to enhance the fairness of dialogue models in
sensitive categories like gender and racism. Baheti et al. (Ba-
heti et al. 2021) address the issue of incorrect stance in
responses, proposing a controlled-text-generation-based so-
Iution. These strategies have been inherited by supervised
instruction fine-tuning (SFT), and numerous recent stud-
ies (Bianchi et al. 2024; Zhong et al. 2024) construct and
fine-tune LLMs by a carefully dialogue pair selection.

In contrast to supervised training, human feedback can
also be used to train reward models, which provides re-
inforcement learning signals to LLMs. Specifically, these
methods (Ouyang, Wu, and et al. 2022; Glaese, McAleese,
and et al. 2022) guide annotators to check the pre-defined
safety rules or follow generalized human values, aligning
LLMs to these values via reinforcement learning algorithms
with binary feedback. Besides, recent studies (Rafailov et al.
2023) attempt to integrate the training procedure of reward
models and LLMs to build a direct preference optimiza-
tion (Rafailov et al. 2023), where the training target of LLMs
is to maximum the difference in likelihoods between pos-
itive and negative user-annotated responses. Unlike to su-
pervised fine-tuning, RL-based approaches allow LLMs to
learn preferences among different kinds of responses even
without “standard answers”, enabling more flexible and
powerful model alignments. Inspired by them, some works
also explore the potential of self-criticism in LLMs, aim-
ing to enable self-improvement without human annotations,
by thecniques like reinforcement learning with Al feedback
(RLAIF) (Bai et al. 2022b), self-correction (Welleck et al.
2023), or self-play (Chen et al. 2024b). However, the self-
improvement ability of these methods has recently been
questioned (Huang et al. 2023; Shumailov et al. 2024).

In summary, current studies focus on using external hu-
man annotations or exploring the potential within LLMs.
However, the intrinsic distribution information of text cor-
pora as well as its usage have not been thoroughly explored.
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Figure 1: The sampling procedure of ISAAC, which aims to produce multiple potentially safer responses (bottom left) for
each context-response pair (upper left). This is achieved through a two-step clustering (upper center) and adaptive sharpening

methods (right).

3 ISAAC: Aligning with Text Corpus

In this section, we detail the method of extracting intrinsic
alignment information contained in a text corpus and align-
ing language models accordingly. We first define the prob-
lem in Section 3.1, then discuss the deduction of intrinsic
human values in Section 3.2, and finally describe the train-
ing procedure in Section 3.3.

3.1 Problem Definition

Given a text corpus Dy = {(uy,7;)}s, Where each pair
(u;,7;) consists of the user context u; and its corresponding
response 7;, the model Py may learn to generate a unsafe
response 7, because r; in Dy, is not fully aligned with hu-
man values. Therefore, value alignment usually refers to the
transformation of LLMs from p(7}|u;, 8,) to p(7{|u;, 8p), in
which r}, the response that well meets human values, should
also be context-related to the inputs u;.

Current methods either fine-tune the model parameters ¢,
using human-crafted safe responses r?, i.e., (u;, 7}, 7¢) in
SFT, or with a binary feedback y; € {0, 1}, to train reward
models, i.e. (u;, 74, y;) in RLHF. Our method, however, han-
dles this problem with the raw pairs (u;, ;) without know-
ing whether r; is safe or not. Complementarily, ISAAC re-
lies on a basic and intuitive assumption about Dy,.: the num-
ber of safe responses is larger than that of unsafe responses
for a given task. Section 3.2 details how to strictly define
this assumption and amplify the influences of safe responses
within the corpus.

3.2 Sampling Potentially Safer Responses

We first propose a primary pseudo-label sampling strategy
to obtain a potentially safer response for a given dialogue
context u;.
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Given a dataset D;,., we first cluster dialogues {(u;,7;)};
based on their context information to gather responses with
similar topics. Specifically, for a given dialogue turn (u;, 7;),
we mine its neighbors R, = {(uj;,7;)}; that are se-
mantically similar to the text representation of the dia-
logue context u;. We use a pre-trained NLU model (e.g.,
RoBERTa (Liu et al. 2019)) to obtain these representa-
tions. Meta-information, such as intent-slot combinations in
TODs, can also be included to build R .. Once we obtain R,
a second clustering step is introduced to separate it based on
the semantic representations of responses. This process re-
sults in a cluster set C = {Ry, Ra, ..., RN, }, where each
cluster Ry, represents a collection of responses that exhibit
high semantic similarity. The goal of response sampling is to
select a specific cluster Ry, from C, thus obtaining a potential
safer response ¥ € Ry, for each given (u;, ;).

We conceptualize this problem as the task of distribution-
based sampling. Incorporating the distribution d.
{|Rk|/|Rec|}k=1.2,... N of Rk, we aim to develop a sam-
pling function f,(d.) — d, that accurately determines the
probability of each cluster being selected. Our target is to en-
sure that the probability of sampling “potentially safe sam-
ples” increases after employing fs. Unfortunately, random
sampling may fall short in addressing this problem, as shown
in Theorem 1:

Theorem 1 (Invariance of Random Sampling). Suppose the
unknown probability of unsafe responses occurring in re-
sponse clusters C is P, the probability of unsafe responses
occurring in the sampled response 7; is P.. Let f,.(d.) de-
note random sampling and ps denote the probability of sam-
pling safe responses. Then the probability of sampling un-
safe responses will not change, i.e. ]30’ = P! for random
sampling.



Algorithm 1: Response Sampling of ISAAC.

Input: Training dataset Dy, sampling temperature 7, filtering pa-
rameter k and p, tiny number €, pseudo label number M, pre-
trained language model fp, and representation model f;.

Output model fp

: Initialization: D

o, r_un21p(Dt,n)

uzfr (ll),

E.=f(r);

: // pseudo label sampling

: for (u,r) € Dy, do
E. & fo(u):

// context clustering

R. < TopKUtterance(E.,E,,,u,r);

// obtain the representation of
selected responses

11: E%_ < Subset(E,, R.);

12: // content clustering

13: C < DBScan(E7%_);

14: d. < getClustersDistribution(C);

15: // Top-K & Top-p filtering

16: d. < clipTopKNum(d., k);

17: d. <« clipTopPProbability(d., p);

< 0,C < 0

O@PPE'O\U‘:‘?H’N’—

—

18: // calculate the sensitive coefficient
19: s = dc[0]—d,[1] .
. R maz(dc[0]—dc[—1],€)
20: d. + 0;
21: // warp the distribution
22: for d € d. do
23: de —GE
’ >, exp(elily”
24: d. + d.U{d};
25: end for

26: rf « sampleFromDistribution(Elc, r,M);
27: Dy < Dp U{(u,r,12)};

28: end for

29: f, « train(Dp, fp);

30: return f,;

Therefore, we introduce a definition and a theorem to pro-
pose an expected sampling strategy named convex sampling.

Definition 1 (A = B). For number series A and B with
their sorted permutation series A and B, let Ny and Npg
denote their series lengths. We define A = B if and only if
1. NA Z NB, and
2. for any i-th element b;
Ali] such that b; < a;.
Theorem 2 (Convex Sampling). YRz € Dy, let C' C C
denote the subset of unsafe response clusters in C, and let
C\C', its complementary set, denotes the subset of those safe

clusters. Let d,, and d.. \ d’, denote the cluster distributions
of these two subsets Given the assumption d.\d., > d, and

the condition 5d f = > 0, we can derive the conclusion that

= BJi] there always exists a; =

P! < P!, ie. the sampled response has a higher probability
of bemg safe than before.

In essence, Theorem 2 suggests that a convex sampling
function that fulfills f > 0 can improve the probability
of obtaining a potentially safer response if safe responses
occupy the majority of the corpus, i.e. d. \ d, > d.. As

discussed in Section 1, this assumption assumes the unsafe
dialogues are distributed in the tail and are semantically dis-
tinct. This premise might not be fulfilled in some special
situations, which we discuss in Section 4.

Based on Theorem 2, ISAAC employs two normalized
functions to transform the distribution d. into a sampling
distribution d.. to enhance the distinction between potential
safe and unsafe response clusters. These functions include a
temperature-based softmax and the max function.

By sampling a pseudo response label 72 ; ~ R¢ under d,
as the expected response, the standard superv1sed training
task can be formatted as:

N
= Zlog pﬁ(rf,i|ui) = Z Zlogpe(xi,dumffi,q),
i i t=1

where x;; denotes the ¢-th token of 7, and N is the se-

quence length of training samples.

CZ’

3.3 Supervised Fine-tuning for ISAAC

Based on the response sampling strategy described in Sec-
tion 3.2, we now explore the training procedure of ISAAC.
Adaptively Sharpening. While Theorem 2 guides us in
sampling safer dialogue responses, we are yet to address
the differences among response clusters C. Intuitively, if the
head cluster contains most of the samples in R, we can re-
lax the sharpening to provide more diversity for responses,
as there is already sufficient sampling probability for the
head cluster. In contrast, if the distribution does not show
significant differences among head clusters, we may need
to sharpen this distribution more intensively, to ensure the
safety of responses. To this end, we propose a sensitive indi-
cator S1:

N; — N
I= 2 (1)
max(N; — N_1,¢€)
where N1, No and N_; denote the size of top-2 and last
clusters, and ¢ = 1072 is a small number. Then, we can

modify the original softmax sampling to the following for-
mation with ST and the temperature 7:

dc ) _ exp( ST- 7-)
SI-t Zj exp( SI'T)

Training Procedure. Inspired by curriculum learning (So-
viany et al. 2022; Wang, Chen, and Zhu 2022), we divide the
fine-tuning procedure into a series of sub-training stages. At
each substage, we sample different responses for the same
context to ensure the models learn generalized ability rather
than memorizing specific sampled pseudo responses. We
call this strategy as tempering training. Our other discovery
in the fine-tuning process is that the language models can be
trained and converge stably even with complex and conflict-
ing texts. Based on this, we propose multi-target training
for our alignment, which aims to force dialogue models to
fit multiple different responses rather than a single one, en-
couraging the model to generate a generalized, non-specific

féa:p(dC) =

softmax (

(@)




Method Entropyt B-PPL] Safety 1
Test Set 8.649 82.26 0
+random 7.051 84.03 52.30
+Detoxify 7.681 82.85 45.71
+PersAPI 7.616 82.88 54.09
+BBF 7.416 82.99 55.49
+BAD 7.471 82.97 51.90
+ISAAC-S eps=0.22 4.577 84.71 78.24
+ISAAC-S eps=0.42 8.103 83.25 29.74
+ISAAC-S w.o. AS 5.384 84.04 50.30
+ISAAC-M 5.124 85.00 61.88
+ISAAC-H 5.953 84.85 43.71
+GPT-4 9.75 77.37 77.64
+GPT-4+ISAAC 9.20 80.50 84.83
+Claude 10.61 75.80 74.25
+Claude+ISAAC 9.18 81.07 75.64
+Llama3(8B) 8.34 79.21 48.50
+Llama3(8B)+ISAAC 7.64 84.07 58.08
+Qwen2(7B) 9.98 72.58 78.64
+Qwen2(7B)+ISAAC 9.06 81.45 88.62
+Phi-3(3.8B) 8.56 80.90 93.61
+Phi-3(3.8B)+ISAAC 8.41 83.78 93.61

Table 1: Alignment comparison between ISAAC and the
alignments of LLMs.

response. Formally, the original training task can be modi-
fied as:

M
1 1 .
Lmp = M Ez Ly = M EZ El log Pe(rc,i,z|“i>7’i)v 3

where ¥ . | denotes the [-th target pseudo response of r; and
M denotes the number of targets.

4 Experiments
4.1 Experimental Settings

Datasets. We use DiaSafety (Sun et al. 2021), a comprehen-
sive dialogue safety dataset, as our evaluation benchmark.
It consists of 11K safety-relevant instruction-response pairs
across 7 unsafe categories sampled from Reddit, making
it both comprehensive and challenging for evaluation. Be-
sides, we construct a poisoned version of MultiWoz 2.1 (Eric
et al. 2020) to quantify the information missing problem
in our coarse-grained alignments. MultiWoz 2.1 is a task-
oriented benchmark that contains structured dialogue data.
These structured data, referred to as dialogue actions and
slots, are well-suited for evaluating whether information is
missing in the alignments.

Baselines. We compare ISAAC to both current supervised
detoxification methods and value-aligned LLMs. For the
former, our baselines include the Detoxify API 2 Perspec-
tive API (Lees et al. 2022), BBF (Dinan et al. 2019), and
BAD (Roller et al. 2020). For the latter, we compare ISAAC
with models such as GPT-3.5, Claude, GPT-4 (Achiam et al.

*https://github.com/unitaryai/detoxify
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2023), Qwen-2 (Yang et al. 2024), and Llama-3 (Grattafiori,
Dubey, and et al. 2024).

Evaluation Metrics. We evaluate ISAAC across three di-
mensions, safety, text quality, and informativeness.

For unseen responses generated by LLMs with differ-
ent alignments, we have to evaluate their safety either by
human evaluation or some approximated methods. To ad-
dress the prohibitively high cost of manually annotating
all generated responses, we first train a safety classifier
based on the DiaSafety dataset. Specifically, we fine-tune
a RoBERTa model, achieving an accuracy of 80.88%. The
error of this classifier can be estimated by |(P - N,, + (1 —

Py) - %7% |, where P is the precision of the classifier,
R False Positive
Pf " True Negative+False Positive and N and N“ denote the total

and unsafe number of samples in the test set, respectively.
In DiaSafety, with N = 1095 and N,, = 501, assuming
P = Py = 0.8, we calculate the error to be 1.7%. This sug-
gests that while a standalone classifier evaluation is indeed
useful, it may not be sufficiently accurate for detailed analy-
sis. Therefore, we introduce human evaluation to assess the
safety of responses flagged as “unsafe” by the classifier, us-
ing 5 annotators. We find this approach achieves a favorable
trade-off between the evaluation accuracy and cost.

In terms of response quality, we use Entropy and DIST-
N as metrics of diversity, and employ the training check-
points of COLA (Warstadt, Singh, and Bowman 2019) and
SST (Socher et al. 2013) to evaluate the acceptance and the
engagingness of responses, respectively.

For informativeness, inspired by BARTScore (Yuan, Neu-
big, and Liu 2021), we propose two averaged logarith-
mic perplexity indicators to estimate the correlation be-
tween contexts and responses. Specifically, we introduce
the Forward-Perplexity (F-PPL) metric, where the model is
trained with contexts as inputs and original responses as out-
puts. Conversely, for Backward-Perplexity (B-PPL), the in-
puts are responses and the outputs are contexts. Besides, we
adopt the success rate, a commonly used metric for evalu-
ating the informativeness of task-oriented dialogue models,
and BLEU-4 (Papineni et al. 2002) to estimate the quality
of generated sentences, following previous research (Peng
et al. 2020). We also propose two simple metrics to measure
the safety of task-oriented dialogue models: unsafe response
rate at the turn level (RPR) and the task level level (DPR),
based on our poisoned corpus, respectively.

4.2 Implementation Details

For the rephrasing version of ISAAC, we use TS5 (Raffel
et al. 2020) as the backbone model, trained with a learn-
ing rate of 3e — 5 and a batch size of 4. The model is
trained for 500 steps in information-missing experiments
and 50000 steps in LLM experiments, following the imple-
mentation of Huggingface Transformers (Wolf, Debut, and
Sanh 2020). We use DB-SCAN as the clustering algorithm
used in ISAAC, setting the nearest neighbor number to 150
and epsilon to 0.22. All experiments are conducted on 8 x
Nvidia Tesla V100 GPUs with 32GB of memory each. For
LLMs and safety detection APIs, we use the default hyper-
parameters.



Qualit Informativeness

Model Safetyl —xccep+ Engage. T Angeny T DIST2T Entropy T | F-PPL] B-PPL |
Raw Test Set 54.25 3541 4235 14.64 0.63 9.14 | 45.78 79.51
+Detoxify 75.16 89.55 27.62 13.35 0.53 830 | 43.89 79.98
+PersAPI 76.80 90.64 26.31 13.20 0.51 8.15 43.26 80.05
+BBF 79.63 90.83 25.53 13.21 0.51 8.08 4339 80.09
+BAD 77.99 90.58 26.78 13.12 0.52 8.17 43.14 80.04
+Detoxify+ISAAC (ours) | 73.70 38.74 16.67 14.06 0.55 879 | 40.75 79.76
+BBF+ISAAC (ours) 77.17 89.68 48.75 14.12 0.52 8.68 39.68 79.81
+BAD+ISAAC (ours) 76.16 90.61 49.90 14.06 0.53 8.69 39.85 79.80
Blenderbot 54.79 39.07 65.74 2.08 0.54 722 18.35 830.73
+Detoxify 63.47 89.55 45.29 4.26 0.27 4.67 23.75 81.03
+PerAPI 63.93 92.56 41.95 4.49 0.24 4.39 24.54 81.09
+BBF 64.02 92.51 41.10 4.48 0.24 4.29 24.57 81.10
+BAD 63.65 91.78 4357 432 0.26 4.51 24.00 81.06
+Detoxify+ISAAC (ours) | 59.27 91.18 68.36 3.19 0.43 6.86 17.42 80.82
+BBF+ISAAC (ours) 57.90 91.51 68.12 3.26 0.41 6.79 17.13 80.84
+BAD+ISAAC (ours) 59.91 91.34 68.11 321 0.42 6.79 17.32 80.83
DialoGPT 7351 95.67 34,74 9.49 0.26 6.80 1841 80.48
+Detoxify 73.42 89.55 26.22 8.84 0.23 6.18 23.28 80.81
+PerseAPI 73.79 95.84 25.08 8.76 0.22 6.03 23.76 80.85
+BBF 73.42 95.90 23.46 8.66 0.21 5.85 24.61 80.91
+BAD 73.70 95.89 24.50 8.68 0.22 5.98 23.82 80.86
+Detoxify+ISAAC (ours) | 75.80 95.47 4051 953 0.25 6.99 19.53 80.62
+BBF+ISAAC (ours) 76.89 95.42 4123 9.58 0.24 6.95 19.81 80.66
+BAD+ISAAC (ours) 75.98 96.12 45.75 9.53 0.25 6.96 19.57 80.64

Table 2: Experiments integrating ISAAC with safety APIs.

4.3 Safety Evaluation

We first compare the safety of ISAAC with existing LLMs,
related safety methods, and APIs. To integrate ISAAC with
existing closed-source LLMs, we train a rephrasing model
following the implementation detailed in Section 4.2.

As shown in Table 1, we collect all unsafe samples in the
DiaSafety test set and compute the safety score of ISAAC
models. We categorize the unsafe response examples in the
training set into three degrees, Simple (-S), Medium (-M),
and Hard (-H) with fractions of 0.04, 0.1, and 0.3, respec-
tively. These categories represent a higher fraction of unsafe
examples compared to those in commonly used pretraining
and supervised fine-tuning corpora.

From Table 1 we see that ISAAC enhances safety when
trained on the raw corpus, with adaptively sharpening (AS)
playing a crucial role in this alignment. Moreover, Table 1
demonstrates that safety can be balanced with response di-
versity by adjusting the clustering threshold e. After integrat-
ing ISAAC with existing LLMs, we observe a surprising and
significant improvement across all models. Specifically, with
only a minimal reduction in diversity and informativeness,
ISAAC leads to meaningful enhancements, particularly in
Qwen2 and LLaMa-3.

Besides, we also incorporate ISAAC with some popular
safety detection methods to evaluate whether ISAAC leads
to statistically obvious drops in text quality compared to su-
pervised fine-tuning. Table 2 presents the results on both
the test set and various basic models. The improvements in
DIST and Entropy indicate that ISAAC mitigates the issue of
trivial response generation commonly found in template re-

27460

placements used by safety APIs. Furthermore, the decrease
in both F-PPL and B-PPL suggests that ISAAC enhances the
correlation between responses and contexts. In addition, im-
provements in regular sentence metrics such as Acceptabil-
ity and Engagingness, further coincides with this analysis.

4.4 Information-missing Experiments

We then explore the information-missing problem that arises
from our proposed safety alignment strategies. To clearly
compare the information-missing evaluation, we use task-
oriented dialogue (TOD) as the primary evaluation task,
since it includes several information-relevant metrics (e.g.,
Success) that effectively quantify the performance of ISAAC.
Three TOD models, SimpleTOD (Hosseini-Asl et al. 2020),
SOLOIST (Peng et al. 2020), and AuGPT (Kulhanek et al.
2021) are included as the base model. As described in Sec-
tion 3.2, we experiment two sampling strategies, namely the
max function (i.e., winner-take-all, WTA) and the softmax
function (i.e., exp). We evaluate them under both low (0.04)
and high (0.1) poisoning fractions.

As shown in Table 3, TOD models using our reISAAC can
reduce the risk of generating unsafe responses at the task
level (i.e., DPR)by at least 69%, with only a slight cost of
1% in success rate and BLEU-4. This demonstrates that the
information loss introduced by ISAAC is minimal and ac-
ceptable. However, as Theorem 1 reveals, our experiments
show that ISAAC with a random sampling strategy does
not improve response safety especially under a high poi-
soned fraction. In addition, ISAAC (exp) sometimes tends
to sample unsafe responses, leading to a higher unsafe rate



Low Fraction

High Fraction

Model Success % (1) BLEU %(?1) D-Unsafe(]) Success %(1) BLEU %(?1) D-Unsafe(])
AuGPT 71.48 18.04 0.0072 68.18 18.05 0.1624
+ISAAC(exp)  70.92 (1 0.56) 1697 (| 1.10)  0.0004 (] 95%) 66.80 (| 1.38)  15.46 (] 2.59)  0.2922 (| 80%)
+ISAAC(wta)  71.18 (1 0.30) 17.17 ([ 0.87)  0.0018 ([ 75%) 67.78 (1 0.40)  17.08 (1 0.97)  0.0438 (| 93%)
SOLOIST 71.96 17.86 0.0090 69.42 18.08 0.1350
+ ISAAC(exp) 71.00 (4 0.96) 16.82 (] 1.04) 0.0020 (J 78%) 67.72 (1 1.70)  15.52 (] 2.56) 0.2682 (1 98%)
+ ISAAC(wta) 71.52 (1 0.44) 17.16 (J 0.70) 0.0028 (1 69%) 69.16 ({ 0.26) 17.06 (4 1.02) 0.0248 (| 80%)
+ISAAC(rand) 7143 (} 0.53) 17.09 (1 0.77) 0.0038 (| 58%) 67.12 ( 2.30) 1635 ( 1.73)  0.1376 (1 1.9%)
SimpleTOD 69.90 18.01 0.0070 66.98 17.82 0.1730
+ISAAC(exp)  64.07 (] 5.83) 16.67 (] 1.34) 0.0000 (J 100%) 6528 (| 1.70)  16.69 (| 1.13)  0.0846 (| 51%)
+ISAAC(wta)  67.96 (] 1.94)  17.01 (| 1.00)  0.0000 (| 100%) 65.62 (| 1.36)  17.29(10.53)  0.0304 (| 82%)
Table 3: Information-missing experiments for ISAAC.
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Figure 2: t-SNE visualization of ISAAC’s content clustering.

than before. For instance, SOLOIST with ISAAC (exp) has
a much higher probability of replying impolitely than vanilla
SOLOIST. This occurs because a highly poisoned corpus vi-
olates the strict safety majority assumption outlined in Theo-
rem 2, where a hard max function (i.e., WTA) produces safer
results than a temperature-based softmax.

4.5 Visualization of Pseudo Response Sampling

We then visualize how our ISAAC selects a “ potentially
safer” response in the content clustering. In detail, we use
t-SNE to approximate the representation of each response
and mark the top 3 clusters in blue, orange, and green, with
other clusters in red. Safe responses are denoted by circles,
while unsafe ones are marked with crosses. Only the top 10
content clusters are displayed in visualization.

Figure 2 illustrates the visualization result of eight con-
text clusters in ISAAC. We divide them into two situa-
tions, a simple situation (sub-figures a to d) where most re-
sponses are safe, and a difficult situation (sub-figures e to h)
where unsafe sentences dominate. As depicted in Figure 2,
in the hard situation, the head cluster (circled by a gray line)
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is, generally safer than others, confirming our assumption
about the sampling distribution. Consequently, our adap-
tive sharpening sharpens the distribution in balanced clus-
ters (e.g., sub-figure h) to guide ISAAC toward sampling the
safe head responses, while relaxing the sharpening in peak
distributions (e.g., sub-figures a and d) to strive for more re-
sponse diversity.

5 Conclusion

This paper explores the alignment of LLMs with human
values using only the information inherently contained
within the raw training corpus. Specifically, we present a
human-feedback-free alignment method, ISAAC, designed
to achieve coarse-grained safety alignments. ISAAC identi-
fies potentially safer responses for each instruction-response
pair through a dynamically sharpened sampling strategy
and fine-tunes LLMs using a carefully crafted multi-target
and tempering learning paradigm. Extensive experiments
demonstrate the superiority of ISAAC over existing safety
models and highlight its potential application scenarios.
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