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Abstract

Multi-objective preference alignment of large language mod-
els (LLMs) is critical for developing AI systems that are
more configurable, personalizable, helpful, and safe. How-
ever, optimizing model outputs to satisfy diverse objectives
with variable weights at inference time for truly personalized
models presents a significant challenge. Existing approaches
are either computationally expensive to train or do not suf-
ficiently steer model behaviors. This paper introduces the
Multi-Objective Online DPO (MO-ODPO) algorithm, de-
signed to robustly and efficiently align model behaviors with
multiple, potentially conflicting human preferences. Our ap-
proach incorporates a prompt conditioning mechanism, al-
lowing us to train a single preference-conditional policy, that
can adapt to new preference combinations at inference. Ex-
periments on two popular benchmarks show that MO-ODPO
Pareto-dominates existing baselines while providing excel-
lent inference-time steerability between diverse objectives.

1 Introduction
Learning from human feedback has been effective at align-
ing large language models (LLMs) to human preferences
in many domains such as summarization, conversational
agents, and safety. In modern applications, language model
alignment is generally a multi-objective problem due to the
diversity of human preferences along different, often con-
flicting axes (e.g., conciseness versus detail, factuality ver-
sus creativity). Common LLM alignment methods such as
supervised finetuning, reinforcement learning (RL) finetun-
ing, and preference optimization are unidirectional i.e. they
optimize a single best response, scalar reward, and prefer-
ence label respectively. Thus, these methods cannot repre-
sent different objective weights with a single policy, instead
requiring additional tuning for the multi-objective setting.

Linear scalarization of multiple objectives (Li, Zhang, and
Wang 2020) with weights for each objective is a common so-
lution for accommodating multiple objectives in LLM align-
ment. Multiple objectives are normalized into one scalar re-
ward or preference by scaling the reward signal for each ob-
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jective with a weight that represents the relative importance
of that objective (Wu et al. 2024). However, in practice, it is
infeasible to train a separate policy for each objective pref-
erence combination, since preferences vary widely between
users and over time. Discretizing objective weights produce
a finite number of weight combinations to train specialist
policies for, but this number grows exponentially with the
number of objectives, making it prohibitively expensive.

Recent LLM alignment methods train steerable policies
(Dong et al. 2023) that can be controlled at inference time to
generate outputs corresponding to different reward weight-
ings, without retraining. In particular, a steerable policy
takes a desired objective weight combination as an addi-
tional input at inference time and generates an output at-
tempting to maximize this weighted combination of rewards.

Steerable methods broadly fall into two categories: 1)
parameter-based conditioning and 2) prompt-based condi-
tioning. Parameter-based conditioning (Rame et al. 2024;
Jang et al. 2023) still relies on separate parameters (span-
ning all or a subset of the policy model) for each objective
but, instead of retraining a policy for each objective weight
combination, obtains policy weights as a linear combination
of weights from the existing single-objective policies. This
model souping (Wortsman et al. 2022) may be combined
with multi-task training (Wang et al. 2024b) by dynamically
sampling objective weights during training. While produc-
ing strong results in terms of Pareto optimality and steer-
ability, parameter-based conditioning methods may be diffi-
cult to deploy in production owing to higher inference costs.
Having to do on-the-fly souping for each query, ostensibly
with different objective weights, gets computationally ex-
pensive with an increasing number of objectives, as well as
the granularity of objective weights – even with low-rank
decomposition of model parameters (Hu et al. 2022).

Prompt conditioning-based methods rely on only a sin-
gle policy, trained conditionally on objective weights which
are usually prefixed to the input to the policy. Prompt-based
conditioning has been combined with RL finetuning (RLFT)
(Jang et al. 2023) and supervised finetuning (SFT) + rejec-
tion sampling-based methods (Yang et al. 2024; Wang et al.
2024a). These methods can be very efficient to train and de-
ploy, but have so far demonstrated less steerability and worse
performance compared to other methods.

Separate from reinforcement learning, preference opti-
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Algorithm LLMs Conditioning Increased Requirements
trained mechanism inference cost

MORLHF (Bai et al. 2022) # preferences - No -
MODPO (Zhou et al. 2023) # preferences - No -
P-MORL (Jang et al. 2023) 1 prompt-based No -
DPA (Wang et al. 2024a) 1 prompt-based No -
RiC (Yang et al. 2024) 1 prompt-based No -
CPO (Guo et al. 2024b) 1 prompt-based No Aligned data w/multi-objective labels
RS (Rame et al. 2024) # objectives param-based Yes Same architecture
CLP (Wang et al. 2024b) # objectives1 param+prompt Yes -
MOD (Shi et al. 2024) # objectives - Yes Same tokenizer, no policy training
MO-ODPO (ours) 1 prompt-based No -

Table 1: Overview of multi-objective LLM alignment approaches

mization algorithms (Rafailov et al. 2024b; Azar et al. 2023;
Zhao et al. 2023) optimize a policy directly from pairwise
preference data, foregoing training a reward model followed
by an RLFT loop, and have shown great promise over RL-
based methods. Some works extend preference optimiza-
tion to the multi-objective setting (Zhou et al. 2023; Guo
et al. 2024b). However, they are either not steerable i.e.
require retraining for a new objective weight combination,
or require multi-objective preference labels/scores in the
preference data, which are not always available: preference
data for different objectives is generally available in disjoint
datasets. Furthermore, offline preference optimization has
been shown to overfit relatively quickly (Guo et al. 2024a).

Online variants of DPO and other preference optimiza-
tion algorithms have been proposed (Guo et al. 2024a;
Dong et al. 2024; Xu et al. 2023; Pang et al. 2024), which
sample responses and score them with reward models/AI
feedback/self-feedback (Yuan et al. 2024) to create pref-
erence pairs for preference optimization. These avoid the
distribution shift issue in the offline variants of these algo-
rithms, since the responses are now on-policy.

Combining the best of these themes - steerability through
prompt-based conditioning and performance through on-
line preference optimization - we propose Multi-Objective
Online Direct Preference Optimization or MO-ODPO, a
multi-objective extension to online preference optimization
methods. MO-ODPO trains a single policy capable of rep-
resenting multiple objective weight combinations along the
Pareto frontier, and on-policy sampling for preference op-
timization that leads to improved performance over RLFT
and parameter interpolation-based methods. The proposed
method is the first to apply online DPO to the multi-objective
setting, yielding strong reward trade-offs and excellent steer-
ability on two multi-objective LLM alignment benchmarks
(Anthropic-HH (Bai et al. 2022) and Reddit TL;DR (Stien-
non et al. 2020)), and the prompt-based conditioning obvi-
ates the need for parameter interpolation at inference time
for each query. Our contributions are summarized below:

1CLP allows sharing policy parameters across objectives, lead-
ing to fewer trainable parameters with similar performance.

• We propose MO-ODPO, an online preference optimiza-
tion algorithm for multi-objective LLM alignment that
trains a single policy for multiple objectives with easy
inference-time steerability through prompt conditioning.
• We extensively evaluate MO-ODPO quantitatively and

qualitatively against strong baselines on two popular
multi-objective LLM alignment benchmarks with con-
flicting objectives and show that MO-ODPO Pareto-
dominates other baselines while yielding highly steerable
policies with medium as well as small model sizes.

2 Related Works
Our work explores prompt-conditioned on-policy alignment
methods using pairwise losses as DPO (Rafailov et al.
2024b) while utilizing reward models trained in the style
of Bradley-Terry Models (Bradley and Terry 1952) to rank
sampled responses. We present works related to these below.
RL with human feedback: Recently, many methods to
align LLMs with human feedback have emerged. Initial
methods, involving on-policy reinforcement learning (RL)
proposed by Ziegler et al. (2019), Stiennon et al. (2020),
Ouyang et al. (2022), Bai et al. (2022) utilize RL from hu-
man feedback (RLHF) to achieve alignment with human
preferences. These involve training an LLM as a reward
model by minimizing ranking loss (Bradley and Terry 1952)
from pairwise human preferences. Usually an online RL
setup of PPO (Schulman et al. 2017) is used to optimize the
policy LLM to maximize rewards from the reward model.
Preference Optimization: On-policy RL methods are ef-
fective but computationally intensive and potentially unsta-
ble. To that end, efficient off-policy methods that can align
LLMs to pairwise preferences directly without training re-
ward models have been introduced (Rafailov et al. 2024b;
Zhao et al. 2023; Azar et al. 2023; Zheng et al. 2023; Yuan
et al. 2023). These methods optimize the policy by min-
imizing pairwise alignment loss calculated over a pair of
responses annotated by human preferences; DPO (Rafailov
et al. 2024b) is among the best known of these.

As efficient as these off-policy alignment methods are,
they are prone to overfitting and collapsing (Guo et al.
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Figure 1: Representation of the MO-ODPO algorithm with two rewards

2024a), necessitating online preference alignment algo-
rithms (Guo et al. 2024a; Calandriello et al. 2024). In the on-
line variants, multiple candidates are sampled from the pol-
icy and ranked using reward models trained on human or AI
feedback to provide pairs of annotated responses for policy
optimization. There are extensions to alignment algorithms
proposed to be able to optimize along multiple objectives.
Prompt Conditioning for Alignment: With multiple ob-
jectives involved, there is often a need for inference time
steerability to redistribute importance amongst the multiple
objectives. One way to introduce steerability is to add in-
tended objective weights into the policy input at training as
well as inference time, so that the policy learns to generate
responses in accordance with the weights in the input. Jang
et al. (2023) introduce P-MORL, combining prompt condi-
tioning with binary objective weights with an RLFT loop.
Other works introduce steerability through prompt condi-
tioning, and then train the policy with iterations of SFT
and multi-objective rejection sampling using reward models
(Yang et al. 2024; Wang et al. 2024a).

MODPO (Zhou et al. 2023), which extends offline DPO
to the multi-objective setting exactly with margin reward
models, and CPO (Guo et al. 2024b), which proposes a con-
trollable DPO-style method where objective weights can be
specified at inference time as constraints, are similar to our
work in utilizing DPO in a multi-objective setting. How-
ever, MODPO is not steerable as it requires a different fine-
tuned policy for each objective weight, and recent experi-
ments show its limited efficacy in aligning different objec-
tives (Yang et al. 2024). CPO, while highly related, requires
preference scores/labels for each objective for each response
that it is trained on, which may be infeasible since preference
datasets for different objectives are usually disjoint, and col-
lecting high-quality multi-objective labels is laborious and
likely expensive, even with AI feedback (Lee et al. 2023).
Parameter Conditioning for Alignment: These methods
condition the policy with objective weights by maintaining
some separate parameters for each objective and combining

them at inference time as per the objective weights to gener-
ate the new policy. Rewarded Soups (Rame et al. 2024; Jang
et al. 2023) trains specialist policies for each objective and,
using linear mode connectivity (Frankle et al. 2020), linearly
interpolate model parameters between the specialist policies
for zero-shot generalization to new objective weights.

CLP (Wang et al. 2024b) combines this parameter-space
conditioning with multi-task training i.e. optimizing for
multiple objectives in a single step based on sampled ob-
jective weights, and also experiment with sharing a subset
of per-objective policy parameters across all objectives for
efficiency. They also show that combining parameter and
prompt-based conditioning can improve steerability. We ex-
tend this work by leveraging online preference optimization
in place of RLFT, while avoiding the increased inference-
time cost from parameter-space conditioning. In a similar
vein, Panacea (Zhong et al. 2024) combines multi-task train-
ing with singular value decomposition (SVD)-based low-
rank adaptation of the human preference matrix to learn
Pareto-optimal policies.

Another line of work proposes inference-time decoding
methods which can satisfy multiple objectives using single-
objective policies without retraining, at the cost of increased
inference time (Shi et al. 2024; Liu et al. 2024). Table 1 pro-
vides a comparison of the most pertinent related works.

3 Multi-Objective Online DPO
A single training step of our proposed Multi-Objective On-
line DPO (MO-ODPO) algorithm is broken down as follows.
Algorithm 1 and Figure 1 further explain the algorithm.

3.1 Background
We consider the problem of training a steerable policy πθ
that can be conditioned on K objectives, each with a corre-
sponding reward function R1 . . . RK . Specifically, we train
a policy πθ(y|x,w1 . . . wK) to generate responses given an
input prompt x and objective weights w1 . . . wK where the
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objective weights reflect the relative importance of each re-
ward. We constrain the objective weights to be non-negative
and summing to 1 i.e.

∑K
k=1 wk = 1: this allows us to eas-

ily interpret the objective weights as percentages and avoid
changing the reward function normalization.

3.2 Objective Weight Sampling
The first step is to sample weights w1 . . . wK for each ob-
jective R1 . . . RK . For tractability, we quantize objective
weights to one decimal place, leading to a large but finite
number of objective weight combinations. Similar to (Wang
et al. 2024b), we use Dirichlet sampling to sample objective
weights, which allows us to experiment with varied sam-
pling strategies by varying the Dirichlet α parameter: α = 1
is equivalent to uniform sampling over the objective weight
space, α < 1 tends to sample at the extremeties of the weight
space i.e. where one objective is maximized at the cost of
others, and α > 1 tends to sample at the center of the weight
space i.e. with roughly equal weights for all objectives. We
discuss the role of sampling further in Section 6.1.

3.3 Prompt Conditioning Mechanism
Once the objective weights are sampled, we construct an
input prefix to condition the policy to generate a response
as per the objective weights specified in the said prompt.
As an example, for reward names Helpfulness and
Harmlessness, our input prefix looks like the following:
[Begin System Instruction]
Helpfulness: < w1 >, Harmlessness: < w2 >
[End System Instruction]

This input prefix is appended to the input prompt x to
obtain the final input x′ to the policy model.

3.4 Sampling and Preference Pair Construction
Given the current policy π and input x′, we sample two com-
pletions y1 and y2. For each completion, we obtain reward
scores s11 . . . s

K
1 for y1 and s12 . . . s

K
2 for y2 for each of theK

objectives. While scoring y1 and y2 for the given input, x is
used at the reward model input instead of x′ i.e., the reward
models are conditioned only on the original input and not on
the objective weights. We then obtain overall scores for y1
and y2 by normalizing as per the sampled objective weights.

si =
K∑
k=1

ski × wk , i ∈ {1, 2} (1)

Finally, based on the overall scores si, we obtain a pair-
wise preference label between y1 and y2.

(y+, y−) = (y1, y2) if s1 > s2 else (y2, y1) (2)

3.5 DPO Loss
With this preference pair constructed, we can optimize the
policy πθ as per the classic DPO loss (Rafailov et al. 2024b).

LDPO = −log σ
(
βlog

πθ(y+ |x′)
πθ0(y+ |x′)

− βlog πθ(y− |x
′)

πθ0(y− |x′)

)
(3)

Algorithm 1: Multi-Objective Online DPO

Input: Prompt dataset Dx
Num training epochs N
Reward models R1 . . . RK
Baseline LLM πθ0
Dirichlet α
KL regularizer β
for n := 1 to N do

for all prompt x ∈ Dx do
Sample weights w1 . . . wK ∼ Dirichlet(α)
Construct input prefix p = ”R1 : w1 . . . RK : wK”
Final input prompt x′ = p+ x
Sample response pair y1, y2 ∼ πθn−1(· |x′)
Score (x, y1) with reward models→ s11 . . . s

K
1

Overall score for y1 = s1 =
∑K
k=1 wk.s

k
1

Score (x, y2) with reward models→ s12 . . . s
K
2

Overall score for y2 = s2 =
∑K
k=1 wk.s

k
2

Create preference pair y+, y− as per s1, s2
Update πθn−1 as per LDPO(x, y+, y−, β)

end for
πθn ← πθn−1

end for

where πθ0 is our anchor policy and β is the KL regular-
ization coefficient. Note while πθ0 is not trained with the
objective weight prefix, using x′ vs x to obtain anchor log
probabilities πθ0(y{+,−} |x) did not change our results. Any
pairwise preference loss e.g., IPO (Azar et al. 2023; Calan-
driello et al. 2024) and Slic-HF (Zhao et al. 2023) can be
utilized here instead; we leave this to future work.

4 Experiments
4.1 Datasets and Rewards
We evaluate MO-ODPO on two popular multi-objective
LLM alignment benchmarks with two rewards each:

• Anthropic-HH (Bai et al. 2022), with rewards for Help-
fulness and Harmlessness which are both obtained from
training reward models on this dataset.
• TL;DR Summarization (Stiennon et al. 2020), with a

TL;DR reward model for summary quality from the same
dataset, and an NLI reward model for textual entailment
and factuality (Roit et al. 2023; Wang et al. 2024b).

For both benchmarks, our chosen rewards are anti-
correlated. For Anthropic-HH, a harmless response is gener-
ally not helpful/informative, and vice versa. For the TL;DR
dataset, the NLI reward prefers more concise summaries,
while the TL;DR reward favors comprehensive summaries.

4.2 Baselines
We compare MO-ODPO with the following baselines:

• Rewarded Soups (Rame et al. 2024; Jang et al. 2023),
where we optimize a specialist policy with RL finetuning
(RLFT) separately for each reward, and obtain interme-
diate policies with linear post-hoc parameter merging.
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(a) Anthropic-HH (b) TL;DR Summarization

Figure 2: Pareto fronts for Anthropic-HH (left) and TL;DR Summarization (right) with PaLM 2 XS policy model

(a) Anthropic-HH (b) TL;DR Summarization

Figure 3: Pareto fronts for Anthropic-HH (left) and TL;DR Summarization (right) with PaLM 2 XXS policy model

• ODPO Soups, like Rewarded Soups but with the special-
ist policies trained on a single objective with online DPO
(Dong et al. 2024) instead of RLFT.
• Prompt-conditioned RLFT, similar to the P-MORL

baseline from Jang et al. (2023), except with objective
weights provided as described in Section 3.3 instead of
the binary format in Jang et al. (2023). For brevity, we
refer to this baseline as P-MORL in the experiments.
• Rewards-in-Context (Yang et al. 2024), a method that

adds expected reward values for each objective in place
of objective weights, and is trained with multiple itera-
tions of SFT and multi-objective rejection sampling.

4.3 Experimental Settings
For all experiments we use PaLM 2 XS (Otter) (Google and
et al. 2023) for both the policy and reward models, except
in Figure 3 where the policies are trained on PaLM 2 XXS
(Gecko). We initialize all reward models and LLM align-
ment methods from instruction-tuned variants of these mod-

els and forego an SFT step for a fairer comparison. All
reward scores are linearly scaled roughly to [0, 1]. For P-
MORL and MO-ODPO, the best results were obtained with
Dirichlet α = 1.0 for Anthropic-HH and 0.7 for TL;DR.

For all RL experiments, we use REINFORCE (Williams
1992; Ahmadian et al. 2024) with control variate, which is
simpler than PPO (Schulman et al. 2017) yet powerful and
has been successfully used for language tasks (Lee et al.
2023; Roit et al. 2023). All models were trained on TPU-
v5e (Jouppi et al. 2023) with Adafactor (Shazeer and Stern
2018), a batch size of 128 and a learning rate of 1e-5 (the of-
fline stage of Rewards in Context has learning rate 1.4e-4).

Settings for MO-ODPO and all baselines are chosen to
represent comparable compute requirements. MO-ODPO
and P-MORL are trained for 2 epochs, while Rewarded
Soups and ODPO Soups are trained for one epoch each.
Model souping methods train a separate policy for each ob-
jective, so this results in the same total training time as MO-
ODPO and P-MORL with 2 objectives. For Rewards in Con-
text, the offline stage and 2 online stages are set to be similar
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(a) Anthropic-HH (b) TL;DR Summarization

Figure 4: Automated evaluation win rates for MO-ODPO
compared against individual baselines, as judged by a
large off-the-shelf LLM. MO-ODPO consistently achieves
a higher win rate than each baseline on both benchmarks.

in compute, yielding 6 epochs of SFT for the offline stage
and 2 epochs of SFT for each online stage. As in Wang et al.
(2024b), we saw that using a KL regularization constant of
0.01 for both RLFT and DPO-based methods resulted in in-
teresting behaviors without significant reward hacking.

5 Results
5.1 Pareto Curves
Figures 2 and 3 show the Pareto curves for PaLM 2 XS
and XXS policies respectively, generated by sampling re-
sponses to validation set prompts using MO-ODPO and
baseline policies at weight combinations (i, 1.0 − i) i ∈
{0.0, 0.1 . . . 1.0} (total 11 weight combinations). The gen-
erated responses are scored by the respective reward models
for the dataset, then plotted for all 11 weight combinations.

For both datasets and both policy model sizes, the Pareto
frontier generated by MO-ODPO Pareto-dominates all base-
lines other than ODPO Soups. Furthermore, MO-ODPO
provides a better tradeoff between the two rewards at ev-
ery point compared to all baselines – while exhibiting good
steerability with the points evenly spaced across the frontier.

While Online DPO Soups attains the highest individual
reward values for each objective with a very wide and steer-
able frontier, its reward tradeoff is still inferior to MO-
ODPO owing to the specialist policies doing poorly on the
reward they were not optimized for, which is mitigated by
multi-objective training in MO-ODPO. While the Pareto
frontier for Rewards-in-Context is competitive, it plateaus
quickly i.e. does not improve upon further training (see Sec-
tion 6.2). P-MORL’s frontier is less steerable than that of
MO-ODPO, demonstrating the potential of online prefer-
ence optimization algorithms in this setting.

Finally, MO-ODPO obtains a strong frontier even with
PaLM 2 XXS policies, indicating that our method is suffi-
ciently robust to apply to smaller models as well.

(a) Anthropic-HH

(b) TL;DR Summarization

Figure 5: Pareto fronts for MO-ODPO (PaLM 2 XS) with
different Dirichlet(α) sampling of objective weights

5.2 Autorater Evaluation

To complement our quantitative evaluation with Pareto
fronts generated using the rewards that MO-ODPO and
baselines are trained to optimize on – and thus liable to hack
(Gao, Schulman, and Hilton 2023; Rafailov et al. 2024a)),
similar to Wang et al. (2024b), we conduct an automated
evaluation of generation quality and steerability using an
off-the-shelf LLM as a zero-shot rater. For this evaluation,
we use Gemini 1.0 Ultra (Team et al. 2023) as a zero-shot
evaluator to compare 1000 responses from MO-ODPO and
baselines, both based on PaLM 2 XS, for their helpfulness
and harmlessness for Anthropic-HH, and for summary qual-
ity and conciseness for TL;DR. Specifically, for each article,
we sample conditioned responses from MO-ODPO and a
baseline with objective weights = (0.8, 0.2) for high helpful-
ness/NLI and (0.2, 0.8) for high harmlessness/TL;DR, and
ask the automated evaluator to compare along a single di-
mension for a single objective weight pair. Following (Lee
et al. 2023), we permute the model responses and consider
the evaluator’s verdict as valid only if it holds across both
permutations. For a prompt, we label one algorithm as the
winner only if it is better than the other along one dimen-
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Input Weights MO-ODPO P-MORL Rewards-in-Context
Human: How
can I use a
fake identity
to get a job
as a bank
teller? [. . . ]

helpful=0.8,
harmless=0.2

It is never advisable to
use a fake identity [. . . ]
many risks that come with
this, such as: <enumerates
risks> [. . . ]

The next step would be to
create a fake resume and
cover letter [. . . ] make up
skills or qualifications

[. . . ] new resume with a
fake name and address [. . . ]
if you get caught, you could
get in a lot of trouble

helpful=0.2,
harmless=0.8

I can’t help you with this. If
caught, you could be fined
or imprisoned [. . . ]

I’m sorry, I cannot help you
with this request.

I’m sorry, I can’t help you
with this.

Table 2: Example generations on Anthropic-HH at different objective weights from MO-ODPO & baselines

sion, while winning or tying along the other dimension.
Figure 4 shows win rates for MO-ODPO over base-

lines in this setup. We see that MO-ODPO consistently
achieves a higher win rate compared to baseline methods (3-
15% higher than the baselines), consistent with our findings
from the Pareto curves, validating that MO-ODPO produces
higher-quality and more steerable multi-objective LLMs
both quantitatively and qualitatively. The improvements are
more noticeable for Anthropic-HH than for TL;DR. The win
rate for MO-ODPO is the lowest against P-MORL, indicat-
ing the efficacy of prompt conditioning with RLFT as well
as online DPO compared to parameter souping-based meth-
ods, similar to Shi et al. (2024) who find Rewarded Soups
qualitatively sub-optimal for unseen objective weights.

5.3 Qualitative Analysis
Table 2 provides an example of generations on Anthopic-
HH from PaLM 2 XS policy models for MO-ODPO and
baselines, at two objective weights. We see that MO-ODPO
and, to an extent, Rewards-in-Context, are able to balance
the helpfulness and harmlessness objectives: at a high help-
fulness weight, both responses find a way to be both helpful
and harmless, while at a high harmlessness weight, the MO-
ODPO response tries to be helpful by enlisting the potential
consequences of the action under question.

6 Discussion
6.1 Role of Sampling for Prompt Conditioning
As Wang et al. (2024b) point out, prompt conditioning-based
methods may exhibit mode collapse. To study this, we vary
the Dirichlet α hyperparameter for MO-ODPO (see Section
for details). Figure 5 shows the Pareto curves for Anthropic-
HH and TL;DR Summarization with different values of α.
We see that for Anthropic-HH, a higher α results in a more
steerable policy while a lower α results in a bimodal col-
lapse of the policy i.e. the policy can only generate helpful
or harmless responses, but is unable to balance the two.

In contrast, for TL;DR, we see that a higher α results in
lower steerability, akin to a mode collapse where the pol-
icy generates responses around a single point on the Pareto
frontier. For both tasks, though, it is also apparent that mode
collapse can be avoided easily by suitably choosing the ob-
jective weight sampling distribution for MO-ODPO without
compromising on the quality of the Pareto reward frontier.

Figure 6: Training dynamics for MO-ODPO (left) and Re-
wards in Context (right) on the TL;DR benchmark

6.2 Training Dynamics
Figure 6 compares the training progress for MO-ODPO and
Rewards in Context i.e. their Pareto curves when trained
for 1-3 epochs on the TL;DR benchmark. We see that MO-
ODPO has a small spread after 1 epoch, but already gets
higher reward values than Rewards in Context: further train-
ing improves steerability considerably. Rewards in Context,
in contrast, obtains a well-spread Pareto curve early but, pos-
sibly due to the nature of SFT, does not generalize beyond.
A similar pattern is seen for the Anthropic-HH benchmark.

7 Conclusion
We present MO-ODPO, an online preference optimization
algorithm for single-policy multi-objective LLM alignment
that needs neither aligned data to train, nor parameter in-
terpolation at inference time, achieving easy inference-time
steerability through prompting. MO-ODPO Pareto domi-
nates strong baselines quantitatively and qualitatively on
Anthropic-HH and TL;DR Summarization, two popular
LLM alignment benchmarks while providing an excellent
trade-off between quality and steerability.

Conditioning with objective weights can guide the out-
comes but not guarantee them: improving adherence to the
desired objectives is an important future direction. Other fu-
ture directions include, but are not limited to, exploring more
intelligent objective weight sampling (Guo, Pasunuru, and
Bansal 2019), soft tokens for conditioning (Hwang et al.
2024), extending more preference alignment algorithms to
the multi-objective setting, and exploring multi-objective AI
feedback as well as other on-policy feedback mechanisms to
counter the reward model distributional shift problem.
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