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Abstract

Instruction tuning and preference alignment
have played pivotal roles in recent advances
in large language models (LLMs). Empirical
observations reveal that when provided with
bootstrapping instructions such as “please
generate a better response” following
initial outputs, these models can produce sig-
nificantly enhanced subsequent responses. This
finding highlights the critical role of both ini-
tial outputs and bootstrapping instructions in
preference alignment, while also suggesting the
important connection between abstract prefer-
ence definitions and their concrete textual ex-
pressions. Based on this insight, we propose
Instruction Bootstrapped Preference Optimiza-
tion (IBPO), an innovative approach to refine in-
struction fine-tuning, preference optimization,
and inference steps in LLMs in the form of
plugins. IBPO systematically integrates paired
preference data with bootstrapping instructions
into unified sequences, enabling more effective
utilization of preference data while strengthen-
ing the association between textual expressions
in preference data and preference descriptions
in the instruction. Experiments on multiple
datasets demonstrate that IBPO achieves more
than 10% improvements over several existing
preference alignment baselines. Ablation ex-
periments and mechanistic analysis provide po-
tential explanations for these improvements.

1 Introduction

Recent breakthroughs in large language models
(LLMs) have demonstrated remarkable capabilities
and achieved impressive performance across tasks
ranging from machine translation (Hendy et al.,
2023) to code generation (Ni et al., 2023). A key
factor driving these advances is the integration of
instruction tuning and preference alignment (Zhao
et al., 2023). While base models pretrained on vast
corpora demonstrate broad capabilities, these tech-
niques specifically enhance their ability to interpret

What runs around the whole yard without moving?

é Afence.

Please generate a better response.

é} The answer to this riddle is a fence! A fence runs
around the whole yard, enclosing it and providing a
boundary. A fence is considered to be a continuous
structure, so it can be thought of as something that
"runs around" the yard without actually moving.

Figure 1: LLM augments simple initial response with
detailed explanations after receiving the bootstrapping
instruction. The abstract preference descriptions and
concrete textual expressions are marked in red and blue.

human intent and generate outputs that are accu-
rate, contextually coherent, and aligned with ethical
constraints (Wang et al., 2023). Early alignment
approaches like Reinforcement Learning from Hu-
man Feedback (RLHF) (Ouyang et al., 2022) relied
on reward modeling and reinforcement learning,
while subsequent methods such as Direct Prefer-
ence Optimization (DPO) (Rafailov et al., 2024)
eliminated the need for explicit reward models
through supervised optimization. This evolution
has spurred numerous refined techniques (Azar
et al., 2024; Xu et al., 2024a; Ethayarajh et al.,
2024) addressing diverse alignment challenges.
Among the emerging capabilities of aligned
LLMs, we particularly pay attention to the “boot-
strapping” ability. Specifically, when an LLM pro-
vides an initial response to a query, subsequent
instructions such as “please generate a better
response” enable the model to produce a substan-
tially enhanced output. For example, as shown in
Figure 1, despite being instructed by only a gen-
eral expectation to improve, the model successfully
augments the simple initial response with detailed
explanations. This bootstrapping phenomenon has
been applied in research and practice, including
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Figure 2: Appending the bootstrapping instruction to
the original question as a suffix result in responses better
than initial responses, but inferior to second responses.

data augmentation (Madaan et al., 2023; Liu et al.,
2024a) and code refinement (Woolf, 2025), but its
critical factors and underlying mechanisms remain
unrevealed in existing work.

To address this gap, we conduct experiments
on three models with results illustrated in Fig-
ure 2. First, using a bootstrapping instruction af-
ter the initial response lead to significant improve-
ments, highlighting the importance of the initial re-
sponse. When incorporated into the context, these
responses serve as effective references that guide
the subsequent generation. Moreover, appending
the bootstrapping instruction directly to the origi-
nal question without a second generation still re-
sult in marked improvements, although inferior to
the two-step generations, which underscores the
pivotal role of the instruction itself. Although pre-
vious studies emphasize the benefits of specific
instructions (Madaan et al., 2023), our experiments
demonstrate that even generic instruction consis-
tently elicits quality improvements. This suggests
that aligned LLMs have established a connection
between abstract preferences descriptions in boot-
strapping instructions and concrete textual expres-
sions (marked red and blue in Figure 1).

Building on these insights, we propose Incremen-
tal Bootstrapping Preference Optimization (IBPO),
an innovative method that enhances LLM align-
ment in the form of plugins throughout instruc-
tion tuning, preference optimization, and inference.
IBPO introduces two key innovations: 1) integra-
tion of chosen and rejected responses into joint
sequences as contextual references and training tar-
gets, enhancing the utilization of paired preference
data; 2) strategic incorporation of bootstrapping
instructions as semantic bridges between chosen
and rejected responses, allowing nuanced prefer-
ence learning from their interplay rather than con-

ventional probability comparison. IBPO demon-
strates improvements over baseline alignment meth-
ods through dual mechanisms. Contextually, ini-
tial responses reduce the distributional gaps be-
tween model generations and target outputs, en-
abling focused learning on preference signals. Ar-
chitecturally, bootstrapping instructions leverage
pretrained semantic representations to guide pref-
erence learning, with their preference semantics
serving as both training objectives and consistency
constraints across diverse preference pairs.

Our contributions can be summarized as follows:

e First systematic analysis of LLM bootstrap-
ping to our best knowledge, identifying the
critical roles of contextual responses and in-
structions and extending it to training;

e Development of IBPO, a novel and flexible
plug-in suitable for any alignment stage that
enhances paired preference data utilization
and strengthens connections between prefer-
ence descriptions and textual expressions;

e Comprehensive empirical validation across
multiple datasets and baseline methods, sup-
ported by the ablation study and mechanistic
analysis elucidating improvement sources.

2 Related Work

Preference Alignment RLHF significantly im-
proves the preference alignment of LLM (Bai et al.,
2022). Recent alignment approaches fall into
two main branches. RL-based methods such as
PPO (Schulman et al., 2015), GRPO (Ramesh et al.,
2024) can explore diverse responses and optimize
through reward models, but are complex to train.
DPO simplifies training by incorporating the re-
ward model policy in the closed-form solution with
the Bradley-Terry (BT) model. However, DPO
only focuses on the relative values of the implicit
rewards of chosen and rejected samples, resulting
in a decrease in the prediction probability of chosen
samples (Xiao et al., 2024). The problems of DPO
also include ignoring the importance differences be-
tween tokens (Liu et al., 2025) and the biased favor
of out-of-distribution responses (Xu et al., 2024b).
Thus, a series of variants (Saeidi et al., 2024) such
as [PO (Azar et al., 2024), CPO (Xu et al., 2024a),
ORPO (Hong et al., 2024), and KTO (Ethayarajh
et al., 2024) try to optimize these problems. IBPO
proposed by us can improve the effectiveness of
these existing methods with the bootstrapping in-
struction from a vertical perspective.
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Figure 3: IBPO extends the alignment pipelines by three plug-ins: i) After standard instruction fine-tuning phase,
LLM is additionally fine-tuned by enhanced data with the bootstrapping instruction and rejected response in context.
ii) After standard preference optimization phase, LLM is further optimized by paired data where two responses
combined by the bootstrapping instruction. iii) During inference phase, the bootstrapping instruction is appended to
the question as a suffix. These three plugins can be used individually or in combination.

Alignment with Instruction In the mentioned
work, the preference data is merely divided into
two parts: preferred and dispreferred, without con-
sidering establishing an association with specific
instruction semantics. DLMA (Liu et al., 2024a)
expressed binary preference as semantics like “fol-
low strict ethical guidelines™ and “ignore ethical
principles”, comparing response probabilities for
opposite semantic instructions to boost the gen-
eration of preferred response. Recently, Chain of
Hindsight (Liu et al., 2024b) was proposed. By con-
ditioning LLM on generation feedback sequences,
it can learn error and negative attribute correction.
Incorporating this idea, we construct paired pref-
erence alignment data into a joint sequence and
introduce bootstrapping instruction, strengthening
the LLM alignment with bootstrapping.

LLM Bootstrapping LLMs inherently possess
the potential for continuous self-improvement.
Bootstrapping through appropriate prompts or in-
structions can stimulate this potential (Madaan
et al., 2023). Recently, DeepSeekV3 (DeepSeek-
Al et al., 2024) generated long thought chains
through multi-round reinforcement learning with-
out fine-tuning of the long-thought-chain task,
showing the bootstrapping potential of LLM. In
human-preferred alignment, methods like Chen
et al. (2024a); Pang et al. (2024); Li et al. (2024) al-
ternate between bootstrapping alignment data and
refining LLM to exploit the self-improvement po-
tential. Different from these studies, we use boot-
strapping instructions in training to directly activate
the self-improvement potential.

3 Proposed Method

In this section, we elaborate on the implementa-
tion of IBPO, which extends standard alignment
pipelines by three plug-ins as shown in Figure 3.
The conventional alignment workflow first fine-
tunes a pretrained base model 7y by supervised fine-
tuning (SFT) to obtain 7, s, then optimizes it with
a paired preference dataset D = {(z;,vy;", y; )},
to produce the final aligned model 7., where x
denotes inputs, ¥ and y~ represent chosen and
rejected responses. IBPO extends this workflow by
integrating the bootstrapping instruction i1 across
stages. With instruction-augmented data, 7, ¢; un-
dergoes additional fine-tuning (§3.1) and 7y, is
further refined (§3.2), while inference prompts also
include bootstrapping instructions as suffix (§3.3).
These procedures reduce distribution mismatches
between model generations and target responses
while strengthening the connection between prefer-
ence descriptions and their textual expressions.

3.1 Instruction Fine-tuning

Instruction fine-tuning serves as the foundational
step for the preference alignment of LLM. Start-
ing from a pretrained base model 7, this pro-
cess utilizes a subset of paired preference data
Dyt = {(xi,y;")}¥,, where inputs z; are paired
with chosen responses ™ for the next-token pre-
diction training by cross-entropy loss, yielding the
initial aligned model 7, ; as follows:

[’SFT = _E($7y+)NDsft [log ) (y+ | SU)] . (1)



While this stage partially aligns the model genera-
tion distribution with target responses, it inherently
neglects rejected responses 4, as these outputs are
what the model should avoid.

To address this limitation, the instruction boot-
strapped SFT creatively incorporates y~ by a struc-
tured two-turn dialogue format: samples are re-
formulated as ({z,y~,i"),y"), where (z,y~,i")
forms a new prompt, and y* serves as the training
target. To avoid overfitting to the fixed structure
of T, these augmented samples are mixed with
standard SFT data, forming a composite dataset
Dipge = {(zi,y), ((,y7,"),y™)}L,. This hy-
brid dataset fine-tunes 7, into ¢, enabling the
model to directly learn the distributional shift from
rejected 4~ to chosen y responses.

LigrT = — ]E(J:’,yJF)N'Dibft [log o (?/+ | xl)] )
o ef{xy U {{z,y,iN}. (2)

By explicitly contrasting y~ and y™ within
instruction-guided dialogues, this step not only
leverages previously discarded negative responses,
but also establishes an explicit association between
preference data and the bootstrapping instruction.
This dual mechanism prepares the model for sub-
sequent preference optimization by simultaneously
narrowing the distribution gap and grounding align-
ment objectives in concrete textual patterns.

3.2 Preference Optimization

Preference optimization constitutes the second criti-
cal phase in standard LLM alignment. Based on the
SFT-tuned model 7 ft, this stage uses paired prefer-
ence data D = {(=;,y;",y; )}, with specialized
loss functions and produces 7p... For example,
the widely used DPO loss amplifies the probabil-
ity gap between generating preferred responses y ™
and rejected responses y~ for each prompt z, thus
steering the model’s generation preferences.

Lppo = —E(Lyﬁyf)wp[loga
o (y* | x) o (y~ | x) ﬂ
log———= — flog———= | |.
(ﬂ e 1) P o)
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However, DPO and similar methods face a per-
sistent challenge: the distributional gap between
model generations and target preferences can im-
pede effective alignment. It is possible that the
model outputs marginally favor 4 over ¢y~ but are
far from the targets, which undermines preference

learning. Although SFT phase partially mitigates
this issue, residual discrepancies remain.

IBPO addresses this limitation by extending
the bootstrapping instruction to preference op-
timization. Through the reformulated chosen
sequences ((z,y7,41),y") and the rejected se-
quences ((z,y*,4"),57), where (x,3,4') and
(z,yT,iT) serve as contextual prompts, the method
leverages the inherent distributional similarity be-
tween y* and y~ and further optimizes 7, to
Tib-pre- By embedding half of responses as contex-
tual anchors, this approach reduces the effective
generation space, guiding the model toward target
distributions more efficiently.

Ligpo = _E[(<x,y+,ﬁ>,y_);((%y—’iT>7y+)]ND
mo (y* | (w,y,i1))
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Another key advantage of IBPO lies in its ability
to integrate y and ¥~ into a unified sequence via
i, enabling the model to contrast their token-level
details directly during training. Unlike DPO, which
treats y ™ and y~ as isolated sequences and merely
compares their generation probabilities, IBPO fa-
cilitates fine-grained preference learning by expos-
ing the model to explicit textual contrasts between
chosen and rejected responses. This granular com-
parison allows the model to better discern subtle
alignment patterns, improving data efficiency.

Rewriting the IBPO loss as follows offers addi-
tional insight. The derivation is in Appendix B.

£1epo = “E(((oytit)y-) (e it)wt) D

[loga (ﬁ logm — Blog m
7 1"%;(52 > y++>>’ ﬁw %) )
—Mog%ﬁjé?y yy ) | :chl;g)ﬂ ®

In this format, IBPO loss can be decomposed into
two components: one optimizing the initial re-
sponse (same as the DPO objective) and another
jointly refining both initial and bootstrapped re-
sponses. This formulation ensures that the model
enhances subsequent outputs without excessively
compromising the quality of initial generations, ef-
fectively leveraging its self-improvement capability



Base Model Bootstrapping  OASST UltraBin SHP HH Mean A
I II III Score Win% Score Win% Score Win% Score Win% Score Win%
X X x 276 565 216 417 139 448 0.89 44.0 - -
v x x 281 591 225 429 155 49.6 1.08 454 982% 2.52
x v ox 279 612 234 427 156 513 1.09 449 11.14% 3.30

Pythia-2.8B X x v 274 577 229 414 135 463 095 421 228% 0.13
v v o x 287 628 240 448 1.62 525 120 49.1 16.51% 5.58
v x v 282 613 231 416 1.55 514 129 48.1 16.39% 3.86
x v v 284 63.6 238 432 159 535 1.14 474 14.05% 5.20
v v v 287 664 248 46.1 1.64 541 140 53.0 23.53% 8.17
X x x 314 761 261 640 195 710 1.21 56.7 - -
v x x 324 781 267 642 209 775 132 582 528% 2.56
x v x 314 810 268 642 2.01 747 145 59.6 635% 294

Llama3-8B x x v 325 767 278 64.6 194 715 129 571 390% 0.53
v v x 341 815 278 662 221 79.7 152 61.7 13.40% 5.32
v x v 336 814 269 658 207 774 149 586 9.67% 3.85
x v v 334 816 278 656 205 744 1.64 633 1327% 4.25
v v. v 346 853 3.00 668 222 803 172 64.2 20.15% 7.21

Table 1: Results of IBPO based on DPO with two base models on four public datasets. Results show that the
instruction bootstrapping is effective in all stage of instruction fine-tuning (I), preference optimization (II) and
inference (III) and bootstrapping in the earlier stage can facilitate subsequent stages.

to bootstrap performance during training. Crucially,
this dual optimization underscores the necessity of
robust initial alignment in 7., since the model’s
ability to iteratively refine outputs depends on a
well-tuned foundational distribution.

3.3 Inference

After the fine-tuning and optimization steps are
completed, the LLM 7. Or 7 pre is ready for
inference. For every input prompt z, the model
generates an output y. As illustrated in Figure 2,
the IBPO method appends the bootstrapping in-
struction i' as a suffix to x, enhancing the quality
of LLM generation as ¢’ without increasing the
computational cost of inference.

4 Experiment

4.1 Experiment Setup

In this subsection, we introduce the setup of exper-
iments. More details can be found in Appendix A.

Datasets We conduct experiments on four pub-
lic datasets for preference alignment: OpenAssis-
tant Conversations Dataset (OASST) (Kopf et al.,
2024), UltraFeedback Binarized Dataset (Ultra-
Bin) (Cui et al., 2024), Stanford Human Prefer-
ences Dataset (SHP) (Ethayarajh et al., 2022), and

Anthropic Helpful and Harmless Dataset (HH) (Bai
et al., 2022). We preprocess these datasets fol-
lowing Ethayarajh et al. (2024), and then convert
them into the paired preference data format of
TRL library (von Werra et al., 2020). We use the
instruction | = “please generate a better
response”, which is simple but effective.

Baselines and Models We select four typical
preference optimization methods as baselines to
evaluate the improvement effects of our method,
including DPO, KTO, CPO, and ORPO. All meth-
ods employ two base models of different sizes:
Pythia-2.8B (Biderman et al., 2023) and Llama3-
8B (Al@Meta, 2024).

Evaluation Metrics Following prior works (Xu
et al., 2024b; Liu et al., 2024a), we use two metrics
to evaluate the quality of the model responses: the
scores from a public reward model released by
OpenAssistant (2023) and the win rate versus the
chosen responses judged by GPT-4.

4.2 Main Results

Table 1 shows the experimental results of IBPO
based on DPO with two base models on four pub-
lic datasets, where the best results are in bold and
the second best results are underlined. Our IBPO



Bootstrapping Methods MeanA
I 1 1T KTO CPO ORPO

X X x 346 359 279 -

v X x 357 358 285 1.68%
x v x 343 364 325 5.67%
X x v 347 364 283 1.04%
v v o x 364 366 336 9.19%
v x v 362 370 3.03 543%
x v v 363 381 346 11.69%
v v v 371 382 355 13.62%

Method MMLU GSMS8K HumanEval Mean
SFT 0.627 0.332 0.372 0.444
DPO 0.629 0.334 0.402 0.455
+Boots.  0.630 0.356 0.427 0.471
CPO 0.638 0.337 0.439 0.471
+Boots.  0.630 0.353 0.433 0.472
ORPO 0.640 0.339 0.433 0.471
+Boots.  0.631 0.336 0.427 0.464
KTO 0.639 0.346 0.439 0.475
+Boots.  0.636 0.365 0.427 0.476

Table 2: Score of IBPO based on other optimization
methods with Llama3-8B and OASST dataset, demon-
strating its general effectiveness across base methods.

method demonstrates significant and consistent im-
provements across all datasets. In the Pythia-2.8B
model, IBPO achieves average increases of 23.53%
in reward model scores and 8.17 percentage points
in GPT-4 evaluation win rates, while producing
respective improvements of 20.15% and 7.21 per-
centage points in the Llama3-8B model. These
results substantiate the effectiveness of IBPO.

Table 1 further presents the results from apply-
ing bootstrapping methods individually or combi-
natorially during instruction fine-tuning (I), prefer-
ence optimization (II), and inference (III) phases.
All six partial combinations exhibit improved av-
erage metrics across both models, indicating that
the bootstrapping instruction contributes to prefer-
ence alignment regardless of the implementation
stage. This also validates that the bootstrapping
phenomenon observed during inference can be ef-
fectively extended to training stages.

Notably, when separately applied to individual
stages, inference-stage bootstrapping yields the
least improvement, significantly underperforming
fine-tuning or optimization implementations. This
suggests that parameter updating through training-
phase bootstrapping offers greater efficacy than
contextual utilization during inference. Further-
more, combining bootstrapping across multiple
stages produces superior results compared to single-
stage applications. This demonstrates that knowl-
edge acquired through earlier-stage bootstrapping
can be effectively transferred to subsequent stages,
facilitating progressive preference learning. These
findings underscore the necessity of holistic im-
provements across all three alignment phases to
achieve comprehensive preference optimization.

Table 3: Accuracy of IBPO on knowledge, math, and
code benchmark with different optimization methods.

4.3 Improvement based on Other Methods

To validate the generalizability of the IBPO method
across different base optimization methods, we re-
placed the DPO method in our main experiments
with three established variants: KTO, CPO, and
ORPO. Table 2 presents the reward model scores of
IBPO implementations based on these optimization
methods, evaluated on the OASST dataset using
Llama3-8B as the base model. Detailed descrip-
tions of these methods and additional experimental
results are provided in Appendix C.

The results demonstrate that IBPO achieves an
average improvement of 13.62% across all three
methods, conclusively establishing its broad effec-
tiveness beyond DPO-specific enhancements. No-
tably, despite KTO, CPO, and ORPO each having
distinct methodological improvements over DPO
from different perspectives, the consistent perfor-
mance gains indicate that IBPO universally en-
hances preference alignment through an orthogonal
mechanism. This systematic improvement suggests
that IBPO addresses a fundamental limitation com-
mon to these methods. Specifically, while all four
approaches (including DPO) process the chosen
and rejected responses in separate sequences, one
of the key innovations of IBPO lies in its integrated
contrastive utilization of both preference responses
within unified sequences. This architectural ad-
vancement enhances granular data utilization and
preference learning efficiency, as previously ana-
lyzed in our method discussion.

4.4 General Ability Evaluation

We further evaluated the impact of IBPO on gen-
eral LLM capabilities when implemented with dif-
ferent optimization methods, employing MMLU,
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Figure 4: Winning rates competing with GPT4-Turbo
on AlpacaEval2 with different optimization methods.
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Figure 5: Cross domain experiment results across four
datasets: OASST(OA.), UltraBin(UB.), SHP, and HH.
The results prove that the improvement stem from uni-
versal preference optimization rather than overfitting.

GSMS8K and HumanEval benchmarks to assess
knowledge retention, mathematical reasoning and
coding proficiency, respectively. The results shown
in Table 3 reveal that although various preference
optimization methods slightly enhance general ca-
pabilities compared to the SFT baseline, their over-
all effects remain marginal. Similarly, IBPO ex-
hibits minor positive or negative variations across
different optimization methods and capability di-
mensions, yet consistently outperforms SFT. This
observation aligns with the previous study (Etha-
yarajh et al., 2024) that preference alignment and
capability maintenance constitute relatively inde-
pendent aspects of model behavior.

Furthermore, we assessed helpfulness preference
using AlpacaEval2, a benchmark designed to eval-
uate instruction-following capability through tar-
geted instruction sets. The framework compares
the model responses against the GPT-4-Turbo out-
puts to calculate competitive win rates. As shown
in Figure 4, all preference alignment methods im-
prove instruction-following performance over the
SFT baseline, with IBPO achieving further substan-
tial improvements. These results confirm the ef-
fectiveness of IBPO in enhancing the alignment of
helpfulness preference while suggesting the critical
role of bootstrapping instructions in this process.

Bootstrapping OASST SHP

I I II Base —y Base —y
X X X 3.14 - 1.95 -
v X X 324 318 209 197
X v X 3.14 314 201 1.87
X X v 325 - 1.94 -
v v X 341 326 221 2.05
v X v 336 331 207 202
X v v 334 323 205 186
v v v 346 338 222 2.06

Table 4: Ablation results of removing context responses,
showing its importance in preference learning.

4.5 Cross Domain Evaluation

We evaluated the cross-domain generalization of
IBPO through a cross-dataset evaluation by inter-
changing training and test sets across four datasets.
Figure 5 illustrates the reward model score increase
of DPO-trained and subsequent IBPO-enhanced
models relative to the SFT baseline, with train-
ing sets on the horizontal axis and test sets on the
vertical axis. The results demonstrate that IBPO
consistently achieves significant performance en-
hancements even in cross-domain configurations,
confirming its robust generalization across varying
data distributions. This systematic improvement
indicates that the gains of IBPO stem from uni-
versal preference optimization rather than domain-
specific overfitting. The observed cross-domain ef-
ficacy aligns with the implementation mechanism
of IBPO, which systematically integrates half of
the paired preference data into the context during
training, as theoretically analyzed in our method.

4.6 Ablation Study

To investigate the individual contributions of boot-
strapping instructions and context responses in the
fine-tuning and optimization processes of IBPO,
we conduct ablation experiments. Due to the in-
coherent natural semantics produced when remov-
ing bootstrapping instructions while retaining con-
text responses, our study instead remove context
responses while preserving bootstrapping instruc-
tions. Table 4 presents the ablation results on
the OASST and SHP datasets using LLlama3-8B
as the base model. The significant performance
decline after removing context responses under-
scores their critical role in the preference learning
of IBPO. This finding supports our hypothesis that
IBPO learns specific preferences through direct



What runs around the whole yard without moving ?

What around | the mm ? A fence . Please generate a better res ###ponse .
What are some ways to torture a small animal ?

What are some ways to . small animal ? Do you want to make them feel pain or ? Please...

Figure 6: Variation of attention weights after IBPO of harmlessness and helpfulness case. The white tokens draw
much more attention in IBPO than DPO, which are important to the preference.

Prompt DPO DPO + Boost.

x|y “7(0.799) “<eot_id>" (0.110)  “!” (0.025) “” (0.806) “<eot_id>" (0.123)  “does” (0.010)
(z,y) |y “is” (0.299) “does” (0.139) “can” (0.091) “is” (0.304) “does” (0.125) “surrounds” (0.090)
(z,i" |y “7(0.503) “” (0.127) “around” (0.105) “” (0.537) “around” (0.087) “might” (0.080)
(z,y,i") |y “may” (0.214) “surrounds” (0.165) “might” (0.161)  “might” (0.299) “may” (0.261) “surrounds” (0.188)

Table 5: Distributions of the next token prediction with different prompts and models. Bootstrapping reduces the
probability of simple ending and increases the probability of detailed explanations.

comparisons between context responses and tar-
get responses, while simultaneously establishing
connections to the abstract preference descriptions
embedded in the bootstrapping instruction.

5 Case Study

To investigate how IBPO modifies LLM outputs,
we analyzed two representative examples targeting
harmlessness and helpfulness:
e x : What are some ways to torture a
small animal?
y : Do you want to make them feel pain
or fear?
e x : What runs around the whole yard
without moving?
y: A fence.

Attention Analysis We append the bootstrapping
instruction 7 to each example and compute the rela-
tive proportion of average attention weights from
the final layer in models trained with DPO and
IBPO. The result is visualized in Figure 6 and each
row in the figure represents the attention distribu-
tion to generate the next token after receiving z
or (z,y,i'). For the harmlessness example, the
tokens more focused by IBPO model than DPO
model are “torture” and “fear”, while for the help-
fulness example, the tokens about solving the rid-
dle such as “runs” and “whole yard without mov-
ing” draw much more attention. This indicates that
IBPO enhances the model’s capacity to focus on
the tokens relevant to preference. In contrast, atten-
tion patterns after x for initial response generation
show minimal differences between models, high-
lighting the pivotal role of bootstrapping instruc-

tions in driving these improvements. Additional
details are provided in Appendix C.

Prediction Analysis We compared token prob-
ability distributions for responses following “A
fence” across four prompt variations (with/without
y and ¢) in DPO and IBPO models in Table 5. When
vy is omitted, both models tend to generate termina-
tion tokens (e.g., “.”). Including y increases the like-
lihood of detailed explanations, while adding ¢ fur-
ther amplifies this tendency. Notably, explanation-
related tokens achieve higher rankings in IBPO
distribution than in DPO, demonstrating the effec-
tiveness of IBPO in promoting detailed responses
to enhance helpfulness. These observations corrob-
orate the critical function of bootstrapping instruc-
tions in steering preference-aligned generation.

6 Conclusion

This paper studies the bootstrapping phenomenon
in LLM inference, establishing the critical roles of
context responses and bootstrapping instructions in
preference alignment. Building on these insights,
we propose Instruction Bootstrapped Preference
Optimization, a method that systematically inte-
grates these components into the fine-tuning, opti-
mization, and inference stages of LLM alignment.
This approach enhances the utilization of paired
preference data while reinforcing the model’s fo-
cus on concrete preference expressions through ab-
stract preference descriptions, thereby significantly
improving preference learning efficacy. Extensive
experiments across multiple datasets validate the
effectiveness of the method, with analytical experi-
ments and case studies further advancing the theo-
retical understanding of its operational principles.



Limitation

The evaluation in this study demonstrates the ef-
fectiveness of IBPO, yet the experiments were con-
ducted under limited configurations regarding base
model varieties, baseline optimization methods,
and dataset selections. Expanding experimental
settings might reveal divergent phenomena. Fur-
thermore, the results exhibit notable sensitivity to
specific hyperparameters, necessitating careful se-
lection and tuning.

Another limitation lies in the evaluation metrics,
which, despite being widely adopted in existing
research, may not fully align with genuine human
preferences, such as longer responses tend to re-
ceive higher ratings.

Finally, the performance improvements achieved
through our approach require computational costs
equivalent to those of baseline optimization meth-
ods. This inherent trade-off between performance
gains and computational expenditure could con-
strain the broader practical adoption of the pro-
posed methodology.
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A Experiment Setup Details

A.1 Dataset Details

We conduct experiments on four public datasets
for preference alignment: OpenAssistant Conver-
sations Dataset (OASST) (Kopf et al., 2024), Ul-
traFeedback Binarized Dataset (UltraBin) (Cui
et al., 2024), Stanford Human Preferences Dataset
(SHP) (Ethayarajh et al., 2022), and Anthropic
Helpful and Harmless Dataset (HH) (Bai et al.,
2022). Prior to the experiments, we verified
through the datasets’ release documentation that
they do not contain personal privacy information,
although they include offensive content for research
purposes. All experiments were conducted in com-
pliance with the datasets’ licenses and intended
uses. The statistical details of each dataset are pre-
sented in Table 6.

A.2 Training Details

We conduct our training using version 2.5.1 of the
PyTorch framework, version 4.46.1 of the Trans-
formers library, and version 0.12.0.dev0 of the
TRL (Transformers Reinforcement Learning) li-
brary. Hyperparameters are selected on the ba-
sis of existing studies (Xiao et al., 2024; Chen
et al., 2024b; Saeidi et al., 2024; Wu et al., 2024)
and adjust through preliminary experiments to en-
sure representative results. During training, we set
the batch size per GPU to 4, resorting to gradient
accumulation when encountering memory limita-
tions. In the instruction fine-tuning phase, a learn-
ing rate of 5e-7 is applied for models trained on the
HH dataset, while a rate of 5e-6 is used for other
datasets, with training carried out over 1 epoch.
For the preference optimization phase, a uniform
learning rate of Se-7 is used across all datasets for
1 epoch. The model’s maximum sequence length
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is capped at 4096 tokens. Other hyperparameters,
including optimization algorithms and learning rate
schedules, are left at their default settings as pro-
vided by the TRL library.

The training is executed on a server equipped
with 8 NVIDIA A100 GPUs. For a 2.8 billion
parameter Pythia model, each batch during the in-
struction fine-tuning phase requires approximately
1.5 seconds, whereas the preference optimization
phase necessitates about 3 seconds per batch. In
comparison, an 8 billion parameter Llama3 model
demands around 3 seconds per batch in the instruc-
tion fine-tuning phase and roughly 6 seconds per
batch during the preference optimization phase.

A.3 Inference Details

Following Ethayarajh et al. (2024), we utilize
vLLM (Kwon et al., 2023) for text generation with
a temperature setting of 0.7, a top_p value of 0.95,
and a maximum token number of 2048. The re-
ward model used in the evaluation can be accessed
via https://huggingface.co/OpenAssistant/
oasst-rm-2-pythia-6.9b-epoch-1.

For GPT-4 evaluations, we adopted the Al-
paca (Li et al., 2023) along with its prompt template
of alpaca_eval_gpt4_turbo_fn. In cases where
the test set exceeded 2000 samples, we selected
the first 2000 samples for GPT-4 testing. Reported
results represent the average of three runs with dif-
ferent random seeds.

B Mathematical Derivation

The derivation of the IBPO loss rewriting is as
Formula 6.

C More Experiments

C.1 Improvement based on Other Method

Table 7 illustrates the additional experimental re-
sults of IBPO, using KTO, CPO, and ORPO as
baseline methods.

C.2  General Ability Evaluation

We evaluate our IBPO method on three bench-
marks in the 1-shot setting: MMLU (Hendrycks
et al., 2021), GSM8K (Cobbe et al., 2021), and
HumanEval (Chen et al., 2021). The results on
MMLU and GSMSK are reported in terms of ac-
curacy under the Exact Match condition, while the
result on HumanEval is given by the pass@1 rate.
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Datasets  Train / Val / Test URL
OASST 84.4k / 4.4k / - https://huggingface.co/datasets/OpenAssistant/oasst1
UltraBin 61.1k/-/2k https://huggingface.co/datasets/HuggingFaceH4/ultrafeedback_binarized
SHP 349k / 18.4k /18.4k https://huggingface.co/datasets/stanfordnlp/SHP
HH 161k / -/ 8.55k https://huggingface.co/datasets/Anthropic/hh-rlhf
Table 6: Statistics of the four alignment datasets.
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C.3 Attention Analysis 'Gsome’,  ’Gways’, ’'Gto’, ’Gtorture’, ’Ga’,
. . . . + Gsmall’, ’Ganimal’ A "<leot_id|>’,
In this attention analysis experiment, the (z,y,7') . ,
R R '<|start_header_id|>’, ’assistant’,
sequences are fed into the model to obtain the log- ) iy . .
. R ’<|end_header_id|>’, ’CC’, ’Do’, ’Gyou’, ’Gwant’,
arithm of the average attention scores across all . . . . . .

. . ’Gto’, ’Gmake’, ’Gthem’, ’Gfeel’, ’Gpain’, ’Gor’,
heads in the final layer (a small epsilon was added . ) .

i R ’Gfear’, ’?’, ’<|eot_id|>’, ’<|start_header_id|>’,
to avoid zero values). The result of the model prior s user” <|end_header_id|>’ ‘60 please’
to IBPO training is then subtracted from that of the . ' . . o ’

. . ’Ggenerate’, ’Ga’, ’Gbetter’, ’Gres’, ’ponce’,
model trained with IBPO. ) .
’L, ’<|eot_id|>’, ’<|start_header_id|>’,
The complete token sequences for helpfulness ..., | '<lend_header_id[>’, '¢C’]

are as follows:

[’<|begin_of_text|>’, ’<|begin_of_text|>’,

’<|start_header_id|>’, ‘user’,
’<|end_header_id|>’, e, ’What’, "Gruns’
’Garound’ *Gthe’, ’Gwhole’ *Gyard’
"Gwithout’, *Gmoving’, i '<|eot_id|>?,
’<|start_header_id|>’, ’assistant’,
<|end_header_id|>’, ¢e, AT, 'Gfence’,
’L, "<|eot_id|>’, ’<|start_header_id|>’,
‘user’,  ’<|end_header_id|>’, ’CC’, ’Please’,
'Ggenerate’, ’Ga’, ’Gbetter’, ’Gres’, ’ponce’,
T, "<leot_id|>’, ’<|start_header_id|>’,
’assistant’, ’<|end_header_id|>’, ’CC’]

The complete token sequences for harmlessness
are as follows:
[’<|begin_of_text|>’,
’<|start_header_id|>’,
’<|end_header_id|>’, ¢er,

’<|begin_of_text|>’,
‘user’,

"What’, 'Gare’,

Figure 7 presents the full attention matrices for
both examples.

D AI Assistant Usage

The writing of this paper is optimized with the
assistance of GPT-40 and Deepseek-R1.
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Bootstrapping OASST Pythia-2.8B HH Pythia-2.8B HH Llama3-8B

I I 1 KTO CPO ORPO KTO CPO ORPO KTO CPO ORPO

256 284 220 119 093 073 1.06 140 0.87
258 287 227 133 113 078 131 1.53  0.87
268 29 250 134 121 1.07 164 175 1.33
261 281 223 122 087 078 1.15 148 1.03
293 246 220 152 140 1.08 1.80 182 1.36
273 294 238 145 127 099 151 1.61 1.01
268 298 263 133 118 1.17 1.84 192 1.63
3.00 302 260 164 160 131 206 194 1.58

NX NS X X SN X
NN X N X N X X
NN ASAX N X X X

Table 7: Score of IBPO based on other optimization methods with more models and datasets.

whole yard without moving
torture

" (OO O Y

o

Figure 7: Variation of attention weights after IBPO of harmlessness (left) and helpfulness (right) case.
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