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Abstract
Recent advances in reinforcement learning
(RL) for large language model (LLM) fine-
tuning show promise in addressing multi-
objective tasks but still face significant chal-
lenges, including competing objective balanc-
ing, low training efficiency, poor scalability,
and limited explainability. Leveraging ensem-
ble learning principles, we introduce an Ensem-
ble Multi-Objective RL (EMORL) framework
that fine-tunes multiple models with individual
objectives while optimizing their aggregation
after the fine-tuning to improve efficiency and
flexibility. Our method is the first to aggregate
the hidden states of individual models, incor-
porating contextual information from multiple
objectives. This approach is supported by a
hierarchical grid search algorithm that identi-
fies optimal weighted combinations. We evalu-
ate EMORL on counselor reflection generation
tasks, using text classification models to score
the generations and provide rewards during RL
fine-tuning. Through comprehensive experi-
ments on the PAIR and Psych8k datasets, we
demonstrate the advantages of EMORL against
existing baselines: significantly lower and more
stable training consumption (17, 529± 1, 650
data points and 6, 573± 147.43 seconds), im-
proved scalability and explainability, and com-
parable performance across multiple objectives.

1 Introduction

Multi-objective optimization (MOO) for large lan-
guage models (LLMs) is a crucial research direc-
tion in natural language processing (NLP) tasks
that require fulfilling diverse and often competing
requirements (Vaswani et al., 2017; Qin et al., 2024;
Kumar, 2024). Such tasks require models to simul-
taneously optimize for multiple evaluation criteria,
balancing trade-offs between different objectives.
This paper focuses on the counselor reflection gen-
eration task, where LLM reflects on users’ prompts,
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Figure 1: The counselor reflection generation task re-
quires creating reflective, empathetic, and fluent state-
ments in response to the patient’s problem.

building the first step of therapeutic communica-
tion (O’neil et al., 2023). As exemplified in Fig-
ure 1, this task requires generations that optimize
competing objectives, such as reflection, empathy,
and fluency in high-quality counseling interactions.

Reinforcement learning (RL) offers a promis-
ing approach for fine-tuning pre-trained LLMs in
MOO (Lin, 2024; Parthasarathy et al., 2024). Con-
ventional RL fine-tuning approaches combine mul-
tiple objectives into one reward function, enabling
optimization of objectives during training (Okano
et al., 2023; Min et al., 2024; Dann et al., 2023).
However, these approaches face significant chal-
lenges: optimizing appropriate weights for each ob-
jective, maintaining training efficiency, and ensur-
ing scalability while preserving result explainabil-
ity (Hayes et al., 2022; Dulac-Arnold et al., 2021).
From another perspective, compared to RL with
Human Feedback (RLHF) (Ouyang et al., 2022),
MOO explicitly defines objectives, advantaging
user-specified LLM characteristics. Human feed-
back typically expresses preferences rather than
specific objective values, requiring exhaustive hu-
man annotations, while MOO directly targets ex-
plicit objectives, transcending implicit instruction
limitations. Challenges also exist in ensuring ob-
jectives align with human perception and in incor-
porating many objectives simultaneously. These
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challenges highlight the need for more efficient and
flexible fine-tuning methods.

Ensemble learning offers a potential solution
for this growing need by aggregating multiple
trained models into a global model (Vanhaese-
brouck et al., 2017). We propose a novel Ensem-
ble Multi-Objective RL (EMORL) framework for
LLM fine-tuning that distributes objectives to re-
spective models, enabling training for individual
objectives independently. Our experiments demon-
strate that models trained with single-objective re-
ward functions converge significantly faster than
those optimizing multiple objectives simultane-
ously. The framework incorporates a hidden states
aggregation method coupled with a hierarchical
grid search algorithm during aggregation, which
efficiently identifies optimal weights for combining
these single-objective models. Our results demon-
strate that the aggregated output achieves higher
training efficiency while achieving performance
comparable to models trained using single-policy
methods, as shown in Figure 2. The performance
is represented by an objective reward, which uses
a utility function that weights objectives accord-
ing to user-specific preferences. Our framework is
highly scalable, accommodating different user pref-
erences and new objectives through aggregation.
Additionally, the framework enhances explainabil-
ity by providing insights into the importance of
different objectives easily through evaluating dif-
ferent weighted combinations of objectives on test
samples. The code for our framework and exper-
iments is publicly available and can be found at
https://github.com/engineerkong/EMORL.

Succinctly, our main contributions are as follows:
(1) We introduce EMORL framework that sepa-
rately trains and aggregates models in the counselor
reflection generation task. (2) We develop an effec-
tive hidden-state level aggregation method and a
hierarchical grid search algorithm for optimizing
the weighted combination. (3) We demonstrate our
framework’s effectiveness through a comprehen-
sive evaluation against MOO baselines, achieving
comparable performance across multiple objectives
while offering lower and more stable training re-
sources, improved scalability and explainability.

2 Related Work

Prior work on RL for LLM fine-tuning has explored
various approaches to balance multiple objectives.
The most common methods include single-policy
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Figure 2: Comparison of training consumption (x-axis)
and objective reward (y-axis). Point size and "+/-" indi-
cate scalability and explainability capabilities. EMORL
achieves comparable performance with higher efficiency
while maintaining better scalability and explainability.

approaches that learn all objectives simultaneously
using scalarized reward functions, and multi-policy
approaches that train and populate numerous poli-
cies with vectorized rewards to achieve Pareto op-
timality. To address the efficiency and flexibility
limitations of these existing methods, we analyze
related single-policy and multi-policy techniques
and present meta-policy methods with ensemble
learning, which combines multiple policies to cre-
ate a meta-policy that better addresses MOO.

2.1 Single-Policy

With prior knowledge, objectives are combined
into one reward function or loss function using
fixed weights λi for individual objectives, as shown
in Equation (1), where the total reward Rtotal is
summed up using respective rewards Ri.

Rtotal = λ1 ·R1 + ...+ λn ·Rn (1)

Ziegler et al. (2019) explored RL for LLM
fine-tuning using fixed weights to combine task-
specific rewards with auxiliary objectives like flu-
ency. However, selecting appropriate weights to
balance objectives effectively is challenging, since
it requires extensive trial-and-error to verify the
effectiveness of weighted combinations. Mohan
et al. (2023) proposed AutoRL to automate the
selection of optimal weights. However, it still re-
quires training numerous candidate policies to trace
back the optima, remaining computationally in-
tensive. Dynamic weighting approaches like Min
et al. (2024)’s Multi-Armed Bandit and Pu et al.
(2024)’s Markov Chain strategies enable continu-
ous adaptation based on received rewards. These
methods adjust objective weights during training
based on the model’s performance, context, or ex-

https://github.com/engineerkong/EMORL
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ternal feedback, enabling a more flexible and adap-
tive balance between competing goals. However,
this approach requires these additional mechanisms
to adjust weights, which increases computational
complexity and introduces training instability.

2.2 Multi-Policy
Multi-policy methods train multiple models simul-
taneously and generate Pareto-optimal solution sets
using evolutionary algorithms or other population-
based mechanisms (Vamplew et al., 2022). These
methods utilize vectorized rewards as shown in
Equation (2) rather than scalarized reward func-
tions. Since vectorized rewards encode no user
preferences, the methods first iteratively obtain di-
verse Pareto-optimal solutions, then apply a user
preference to select a single optimal solution.

Rtotal =
[
R1 R2 · · · Rn

]⊤ (2)

These approaches offer a more comprehensive
exploration of the solution space compared to
single-policy methods. However, they require train-
ing numerous models and computationally expen-
sive population mechanisms, making them par-
ticularly challenging for large-scale models like
LLMs (Hayes et al., 2022).

2.3 Meta-Policy
To address these inflexibilities and inefficiencies,
meta-policy approaches use ensemble learning to
enhance model adaptability and reduce computa-
tional overhead (Yuan and Lai, 2024). Ensemble
learning comprises three main approaches: bag-
ging (combining separately trained models), boost-
ing (sequential training to improve upon previous
models), and stacking (using a meta-learner to in-
tegrate outputs from diverse models, requiring ad-
ditional meta-training) (Song et al., 2024). Meta-
policy approaches divide MOO into two hierar-
chical phases (Zhang et al., 2023). At the lower
level, several models are trained according to differ-
ent sampled user preferences. At the higher level,
these models are combined to address specific user
preferences and produce a single optimal solution.
These approaches shift objective balancing from
the lower level to the higher level, making multi-
objective optimization more flexible and efficient.

Wortsman et al. (2022) demonstrated Model
Soups that combines the parameters from multi-
ple trained models using bagging. Their learned
soup approach learns the weights for parameter-
level aggregation and aggregates multiple models

into a single model through gradient-based opti-
mization. Shi et al. (2024) combined the predicted
tokens from models trained on individual objec-
tives, namely logit-level aggregation, and leveraged
Legendre transformation and f-divergence to opti-
mize the performance of combined predictions for
NLP tasks. Feriani et al. (2022) balanced the min-
imum throughput and standard deviation in load
balancing by learning a meta-policy using distilled
data from multiple trained models. Malik et al.
(2024) trained a meta-policy by stacking three types
of feature embedding representations from differ-
ent trained models and used a multi-head attention
mechanism to non-linearly combine the features
for scoring sentiment analysis.

However, as demonstrated in Appendix A.1 and
A.2, parameter-level aggregation and logit-level
aggregation underperform in MOO, particularly
when the objectives differ significantly. This indi-
cates that the application of ensemble learning in
this multi-objective context remains underexplored.
In light of this, we explore the novel hidden-state
level aggregation by combining the contextual in-
formation from individual objectives to achieve effi-
cient and flexible multi-objective LLM fine-tuning,
while maintaining comparable performance.

3 Challenges

In this section, we analyze the challenges of MOO
by comparing the training processes of models with
individual objectives against multi-objective mod-
els using conventional single-policy methods. We
tested five fine-tuning setups for counselor reflec-
tion generation to demonstrate these challenges,
focusing on the objectives: reflection, empathy,
and fluency. Three setups optimized single ob-
jectives separately, while two single-policy ap-
proaches fine-tuned for all three objectives: (1)
Uniform Weighted, assigning equal weights (13 )
to each objective, and (2) DynaOpt, dynamically
adjusting weights using a multi-armed bandit algo-
rithm. Experiments used 5 random seeds with 3
generation runs each, evaluating objective rewards,
data consumption, and training time. Progress was
tracked via Weights & Biases, plotting objective
reward against data consumption.

As shown in Figure 3 and the detailed results
in Table 3 (Section A), our results highlight key
differences between single-objective and conven-
tional MOO in three aspects. First, convergence
speed: single-objective models converged faster,
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Figure 3: RL fine-tuning processes logs for 5 setups,
highlighting single-objective models’ advantages in con-
vergence speed, process stability, and performance.

with fluency models achieving the quickest con-
vergence (4, 809 data points, 1, 629.19 seconds).
Multi-objective models were significantly slower,
with Uniform Weighted requiring 23, 398 data
points and 5, 967.84 seconds, and DynaOpt need-
ing 31, 328 data points and 8, 029.15 seconds
due to the overhead of dynamic weighting. Sec-
ond, process stability: single-objective fine-tuning
showed consistent convergence with minimal vari-
ation (±335 data points, ±104.40 seconds for re-
flection). Multi-objective models exhibited less sta-
bility, with Uniform Weighted varying by ±7, 390
data points and ±1, 875.50 seconds, and DynaOpt
by ±16, 736 data points and ±4, 365.64 seconds,
reflecting the complexity of balancing multiple ob-
jectives during training. Third, performance met-
rics: single-objective models achieved higher ob-
jective rewards (approaching 1.0 for reflection and
empathy), while multi-objective models averaged
below 0.85, indicating inherent performance trade-
offs in optimizing multiple objectives.

These observations suggest that integrating mul-
tiple objectives in training inherently presents con-
vergence, stability, and performance challenges.
A promising research direction emerges from this
insight: ensembling single-objective models to
achieve efficient and flexible MOO.

4 Methodology

As shown in Figure 4, the EMORL framework con-
sists of three key stages. First, multiple models
are independently fine-tuned for distinct individ-
ual objectives. Second, we employ hierarchical
grid search to find optimal linear combinations ac-
cording to our utility function, which defaults to
average objective preferences. Finally, we use the
optimal weights to aggregate models at the hidden-
state level during inference, generating outputs that

effectively integrate all objectives. This ensemble
learning approach simplifies the complex multi-
objective fine-tuning problem into an optimization
problem for aggregation weights.

4.1 Hidden-State Level Aggregation

The decoder of an LLM generates hidden states that
capture high-level features for contextual under-
standing, semantic representations, cross-attention
patterns, and task-specific information (Raffel et al.,
2020). Typically, the last hidden states are pro-
cessed by a language model head to compute log-
its, representing token probabilities across the vo-
cabulary list. Logits are then used to generate to-
kens via the argmax operation. In our approach,
we aggregate the last hidden states from multiple
objective-specific models to cohesively integrate
their high-level features using a linear combination,
as formulated in Equation (3).

f = α · f1 + β · f2 + γ · f3,where α, β, γ ∈ [0, 1]

ht = HLM (f) ∈ R|V |

tokent = argmax
i∈{1,2,...,|V |}

ht[i]

(3)
Where fi represents the hidden state from the

i-th model, f is the linearly aggregated hidden rep-
resentation, HLM denotes the language model head
transformation that projects the hidden state to the
vocabulary space, ht is the resulting logits vector
of dimension |V | (vocabulary size), and tokent is
the selected token with maximum probability at
timestep t. The coefficients α, β, and γ are weights
constrained to the range [0, 1], representing the in-
dependent contribution strength of each model.

In contrast to parameter-level and logit-level ag-
gregation methods, whose experimental results we
present in Appendix A.1 and A.2 respectively, our
hidden-state level aggregation approach ensures
more consistent text generation while effectively
incorporating features from all objective-specific
models. The weight coefficients in this linear com-
bination determine each objective’s contribution of
contextual information to the final output.

4.2 Hierarchical Grid Search

To effectively and efficiently search for the optimal
weights α, β, and γ, we experimented with various
optimization methods. The principled Bayesian op-
timization approach described in the Appendix A.3
exhibited slow convergence due to sampling and



421

Figure 4: The EMORL framework illustrates a three-stage process: fine-tuning, aggregation and inference.

populating numerous evaluations, often trapped in
local optima. Through analyzing performance dis-
tributions, we observed that the optima consistently
appeared within higher-performance regions, lead-
ing us to explore the grid search methods.

We propose a hierarchical grid search algorithm
that incorporates binary search concepts to reduce
the computational complexity inherent in stan-
dard grid search (Bishop and Nasrabadi, 2007;
Gautschi, 2010). The developed hierarchical grid
search achieves a computational complexity of
O(3d · log2 1

N ) compared to grid search’s O( 1
N

d
),

where d represents the objectives and N the pre-
cision level. The complexity comparison among
these methods is shown in Figure 9. With three
objectives and a precision level of 0.03125, the re-
quired number of evaluations is reduced to 135,
compared to 32, 768 in standard grid search.

As detailed in Algorithm 1, we first define the
utility function addressing our preferences for ob-
jectives. By default, we set the utility to average the
three objective scores. Our hierarchical approach
divides the search axes for individual objectives
into 3 parts, creating 3d initial grid points. We eval-
uate generation performance at these points and
identify the most promising region by finding the
2d cube with the highest total performance that
maximizes our utility function. This region be-
comes the next search space, and we iterate these
processes of grid generation and space refinement.
The algorithm progressively focuses on smaller,

more promising regions, proving particularly effec-
tive for this aggregation case.

Algorithm 1 Hierarchical Grid Search
Require: utility function f , number of components N , itera-

tions I , initial bounds B0 = [(0, 1)]N

Ensure: Best point p∗, Best score s∗

1: p∗ ← null
2: s∗ ← −∞
3: Bcurrent ← B0

4: for iter = 1 to I do
5: grid_points← GenerateGrid(Bcurrent)
6: results← {}
7: for all point p ∈ grid_points do
8: results[p]← f(p)
9: end for

10: pcurrent ← argmax(results)
11: if results[pcurrent] > s∗ then
12: s∗ ← results[pcurrent]
13: p∗ ← pcurrent
14: end if
15: region← FindBestRegion(results)
16: Bcurrent ← ComputeBounds(region)
17: end for
18: return p∗, s∗

5 Experiments

5.1 Models
To evaluate EMORL, we employ T5-base1 (220M
parameters, Encoder-Decoder architecture) as the
pre-trained model. Min et al. (2024) demonstrated
T5’s effectiveness for understanding and generating
text in counseling tasks, making it suitable for our
experiments compared to existing baselines. We

1https://huggingface.co/google-t5/t5-base
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utilize Self-Critical Sequence Training (SCST) as
the RL algorithm, which generates candidate out-
puts and computes their mean reward as a baseline,
thereby encouraging outputs to exceed this baseline
performance (Laban et al., 2021). KL-divergence
is incorporated in the loss function to constrain the
fine-tuned model from diverging too far from the
reference pre-trained model.

In the experiments, we fine-tune models using
the default average utility function for reflection,
empathy, and fluency across 5 random seeds, with 3
generation runs, a training batch size of 16, and up
to 10, 000 steps while implementing early stopping
at model convergence. We also employ LoRA (Hu
et al., 2022) to efficiently manage parameter up-
dates by representing them via low-rank matrices
and a scaling factor, as illustrated in Equation (5).
Thus, we load the pre-trained model only once dur-
ing inference and apply the LoRA parameters to
update the pre-trained model toward each objective,
significantly reducing the computational burden.

For evaluation, we compared EMORL mod-
els against four baselines: T5-base, Uniform
Weighted, DynaOpt (Min et al., 2024), and Model
Soups (Wortsman et al., 2022). All experiments
were conducted on a Tesla V100 GPU with 32GB
memory, 8 CPU cores, and 40GB system memory,
with detailed consumption reported in Table 1.

5.2 Datasets

Counselor reflection generation task is a single-
turn task to generate therapist-like reflective re-
sponses that accurately paraphrase and validate a
client’s expressed thoughts and feelings (O’neil
et al., 2023). The responses are expected to be
reflective, empathic to the problem, and maintain
fluency, as depicted in Figure 1. These generation
objectives frequently conflict with one another. For
instance, prioritizing accurate reflection of patient
concerns makes maintaining empathetic tone chal-
lenging when addressing distressing truths. Simi-
larly, excessive empathetic language may compro-
mise coherence with other response components,
undermining overall fluency and discourse quality.

The PAIR2 dataset is our primary dataset, split
into a ratio of 80%, 10%, and 10%, for fine-tuning,
aggregation, and inference, respectively (Min
et al., 2022). It contains 2, 544 single-turn client-
counselor exchanges, covering topics ranging from
mental health to lifestyle concerns like diet, ex-

2https://lit.eecs.umich.edu/downloads.html

ercise, and personal development. To assess the
models robustly, we also conduct evaluations on the
Psych8k3 dataset, sampling 10% of its 8, 187 con-
versation pairs for inference. This dataset focuses
on mental health interactions, including anxiety,
depression, relationship issues, and stress manage-
ment. It is widely used for training and evaluating
LLMs in mental health counseling, and we lever-
age it here for reflection generation. The statistics
of the datasets are presented in Table 4 (Section A).

5.3 Metrics

We evaluate comprehensive metrics beyond perfor-
mance, focusing on six key aspects: (1) Diversity-2
measures linguistic diversity; (2) Edit rate quanti-
fies the avoidance of verbatim repetition; (3) Data
consumption tracks the cumulative number of
training samples processed; (4) Time consump-
tion records the wall-clock time for each training
iteration; (5) Scalability assesses the model’s abil-
ity and flexibility to incorporate new preferences
and additional objectives; (6) Explainability ex-
amines the interpretability of how each objective
contributes to the final output.

For performance metrics, we employ text classifi-
cation LLMs to score objectives on a scale from 0.0
to 1.0: (1) Reflection is assessed by the "roberta-
base4" with checkpoints from (Min et al., 2024),
which evaluates the relevance and contextual ap-
propriateness. (2) Empathy is measured by the
"bert-empathy5", which gauges emotional reso-
nance and understanding. (3) Fluency is evaluated
using "gpt26" by computing the inverse of perplex-
ity, ensuring linguistic smoothness.

We conducted human evaluation of 640 genera-
tions sampled from five models (T5-base, Uniform
Weighted, DynaOpt, Model Soups and EMORL)
across two datasets (PAIR and Psych8k). Two
mental health experts independently rated each re-
sponse on three performance metrics using a 3-
point scale, normalized to 0.0-1.0: (1) Reflection:
0 (no reflection), 1 (simple mirroring), 2 (com-
plex interpretation); (2) Empathy: 0 (no emotional
awareness), 1 (basic understanding), 2 (deep emo-
tional resonance); (3) Fluency: 0 (poor coherence),
1 (clear but awkward), 2 (natural and clear). The
assessment instruction is detailed in Appendix A.4.

3https://huggingface.co/datasets/EmoCareAI/Psych8k
4https://huggingface.co/FacebookAI/roberta-base
5https://huggingface.co/MoaazZaki/bert-empathy
6https://huggingface.co/openai-community/gpt2



423

O
b
je

ct
iv

e 
R
ew

ar
d

Figure 5: The visualization illustrates the hierarchical grid search process, showing the transition from broad search
spaces to more refined spaces, where optimal weight combinations are identified. The red line on the color map
indicates the maximum objective reward achieved during the search.

6 Results and Discussion

Hierarchical Grid Visualization Demonstrates
Explainable Results: Figure 5 illustrates the hi-
erarchical grid search process: in iteration 1 (left
subplot), we evaluated 3× 3× 3 weighted combi-
nations for reflection, empathy, and fluency, with
color mapping indicating objective reward values.
The 2 × 2 × 2 area with best total performance
was then used to refine the search space for subse-
quent iterations. The right subplot shows iteration
5, where the search converged to a more precise
and refined space: (0.75, 0.8125), (0.4375, 0.5)
and (0.0, 0.0625) for the aggregation weights of re-
flection, empathy, and fluency models respectively.
This progressive refinement allows for the precise
identification of the optimal weighted combination.

The visualization reveals significant insights re-
garding each objective’s contribution to overall per-
formance. Unlike defining weight coefficients in
the reward function during training, which doesn’t
correspond linearly to performance, our aggrega-
tion phase’s contribution distribution accurately re-
flects each objective-specific model’s actual con-
tribution. As shown in Figure 5, the aggregation
benefits (orange points) from higher weights of the
reflection model. Empathy delivers optimal overall
performance with moderate weights, while extreme
weights reduce the objective reward. The fluency
model demonstrates a negative effect (cyan points)
on other objectives when assigned high weights,
with lower weights facilitating better integration

with the other objectives. This visualization can
be readily acquired during aggregation by evalu-
ating weighted combinations on batches of test
data. Although results vary across experiments
with different sampled models, as shown in Table 5
(Section A), this approach underscores the inter-
pretability and explainability of EMORL.

EMORL Shows Promise Across Multiple Eval-
uation Metrics: As shown in Table 1, EMORL
achieves the highest diversity-2 score among fine-
tuned models, averaging above 0.65, compared
to 0.35 − 0.43 for other fine-tuned models. This
highlights EMORL’s ability to generate diverse re-
sponses, which is achieved by aggregating hidden
states and delegating the token generation to the
language model head. EMORL has an edit rate
of 0.8734, which is very close to other models,
indicating that it avoids verbatim repetition.

EMORL demonstrates superior efficiency in
resource utilization, consuming approximately
17, 529 data points and 6, 573 seconds of training
time. Due to its ensembled architecture, the total
resource consumption Ttotal is determined by:

Ttotal = max
i∈{1,2,3}

{Ttrain(obji)}+ Tagg (4)

This parallel process enables faster training
with over 5869 fewer data points compared to
single-policy methods. While another meta-policy
method, Model Soups, employs gradient-based al-
gorithms (learned soup) that often struggle with
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Table 1: The comprehensive metrics highlight measures beyond performance. The results demonstrate that our
EMORL framework offers advantages in generation diversity, low training consumption, enhanced scalability, and
improved explainability, outperforming other methods.

T5-base Uniform Weighted DynaOpt Model Soups EMORL (ours)
Diversity-2 (↑) 0.8851±0.0056 0.3561±0.0837 0.3621±0.0951 0.4327±0.0932 0.6516±0.0524

Edit Rate (↑) 0.8087±0.0127 0.8870±0.0247 0.8929±0.0246 0.8672±0.0326 0.8734±0.0240

Data Consumption (↓) 23398±7390 31328±16736 18924±4672 17529±1650

Time Consumption (↓) 5967.84±1875.50 8029.15±4365.64 5823±1262.24 6573±147.43

Scalability - - + +
Explainability - - + +

Table 2: The performance metrics are evaluated automatically and through human assessment on the PAIR and
Psych8k datasets. The human-evaluated scores are averaged across 640 samples from both datasets. The overall
results demonstrate that our EMORL method achieves performance comparable to other methods.

Reflection (↑) Empathy (↑) Fluency (↑)

PAIR

T5-base 0.0418±0.0108 0.4648±0.0160 0.4849±0.0185

Uniform Weighted 0.9616±0.0212 0.8078±0.0251 0.7498±0.0176

DynaOpt 0.9349±0.0234 0.8141±0.0329 0.7271±0.0300

Model Soups 0.9204±0.0315 0.7418±0.0264 0.4324±0.0186

EMORL (ours) 0.9406±0.0406 0.7766±0.0178 0.6548±0.0113

Psych8k

T5-base 0.0968±0.0099 0.3198±0.0129 0.6397±0.0062

Uniform Weighted 0.9694±0.0066 0.7317±0.0314 0.7897±0.0173

DynaOpt 0.9755±0.0148 0.7330±0.0487 0.7725±0.0247

Model Soups 0.9518±0.0126 0.6722±0.0235 0.4602±0.0162

EMORL (ours) 0.9784±0.0164 0.6838±0.0268 0.7462±0.0108

Human

T5-base 0.2618 0.2563 0.6875
Uniform Weighted 0.5074 0.4563 0.4438
DynaOpt 0.5608 0.5473 0.3118
Model Soups 0.5178 0.5122 0.2490
EMORL (ours) 0.5308 0.4858 0.3758

local optima, leading to increased consumption.
However, EMORL employs hidden-state level ag-
gregation and requires token-by-token generation,
which interrupts the sequential generation process
of transformers, slightly increasing time consump-
tion. EMORL exhibits greater stability, with vari-
ations of only 1, 650 data points and 147.43 sec-
onds, significantly lower than DynaOpt’s variations
of 16, 736 data points and 4, 365.64 seconds. This
stability is attributed to EMORL’s consistent single-
objective fine-tuning and uniform optimization re-
source consumption facilitated by hierarchical grid
search. These advantages position EMORL as an
efficient and stable MOO approach.

EMORL is also a flexible fine-tuning approach
that achieves both scalability and explainability.
Its scalability is demonstrated through two capa-
bilities: 1) Different preferences: EMORL avoids
retraining by optimizing weights in the aggrega-
tion phase. While our default uses average prefer-
ences, user-specific preferences generate new opti-
mal weights during the aggregation phase without
costly fine-tuning. 2) New objectives: When incor-
porating new objectives like helpfulness, EMORL
only trains the new objective-specific model and

optimizes weights for combining all models, while
preserving existing trained models. For explain-
ability, EMORL provides clear insights through
hierarchical grid search visualization, as shown in
Figure 5. It also demonstrates how increasing one
objective’s weight enhances its performance while
affecting others. This trade-off is efficiently inter-
preted through testing only on small data batches.
In contrast, conventional single-policy methods re-
quire complete retraining for different preferences
or new objectives, plus extensive trial-and-error to
determine objective importance.

EMORL Delivers Comparable Performance
in Performance Metrics: We evaluated our
EMORL method on the PAIR and Psych8k datasets
for reflection, empathy, and fluency metrics. Al-
though EMORL does not achieve the highest
scores, it maintains performance comparable to the
conventional single-policy models and significantly
outperforms the Model Soups models.

On the PAIR dataset, EMORL achieves an av-
erage score of 0.7907, outperforming parameter-
level aggregation Model Soups (0.6982) and per-
forming comparably to the single-policy Uniform
Weighted (0.8397) and DynaOpt (0.8254) meth-
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Figure 6: Sampled generations of different models on
the counselor reflection generation task.

ods. Notably, model performance varies slightly
between the two datasets. On Psych8k, EMORL
achieves the objective reward of 0.8082, with its re-
flection score reaching the highest (0.9784) among
all models. Compared to Model Soups, EMORL
shows a substantial improvement of 0.25 in fluency
scores, demonstrating the effectiveness of hidden-
state level aggregation for LLM fine-tuning.

Human evaluation scores, averaged across PAIR
and Psych8k, are generally lower than automated
metrics but show consistent trends. These evalua-
tions support our findings: all fine-tuned models
demonstrate improvements in reflection and empa-
thy but exhibit a slight decline in fluency. EMORL
achieves the second-highest scores in reflection
(0.5308), empathy (0.4858), and fluency (0.3758)
among fine-tuned models, demonstrating balanced
performance across all metrics and underscoring
its potential as an effective fine-tuning method.

The sample generations are shown in Figure 6.
EMORL improves reflection and empathy by em-
ploying second-person speech ("you"), introducing
new perspectives ("job", "office"), and crafting un-
derstandable and empathetic statements ("feeling")
in response to prompts. EMORL can paraphrase
prompts by reflecting on the patient’s problem and
aligning well with the desired objectives for gener-
ations, highlighting its effectiveness.

7 Conclusion

To conclude, our study addresses the challenges
of MOO in LLM fine-tuning. We identify the key
limitations of convergence speed, process stability,
and performance metrics in conventional single-
policy approaches. To address these limitations,
we propose EMORL, a novel meta-policy frame-

work using ensemble learning to aggregate diverse
models trained on individual objectives. The results
demonstrate that EMORL achieves greater diver-
sity, efficiency, scalability, and explainability while
maintaining performance comparable to existing
methods in counselor generation tasks.

Our approach is the first to aggregate hidden
states to incorporate multiple objectives in NLP.
Unlike classification or regression models, which
can simply concatenate results from each model to
collaboratively decide on the final output, LLMs
produce complete sequential generations where flu-
ency cannot be separated or neglected. The hid-
den states represent rich contextual information,
which proves more valuable than incorporating pa-
rameters or logits. By using the hidden-state level
aggregation, EMORL exceeds the performance lim-
itations of meta-policy methods. EMORL also of-
fers unique advantages over conventional single-
policy methods, including improved training ef-
ficiency, extensive scalability, and enhanced ex-
plainability due to the parallel training properties,
making it more efficient and flexible. We investi-
gated the nature of the MOO problem and discov-
ered that optima consistently appear within higher-
performance regions. This insight led us to design
a simple yet effective hierarchical grid search al-
gorithm that requires fewer evaluations to find the
globally optimal weights.

Our approach is both task- and model-agnostic.
It’s compatible with all transformer-based LLMs,
as these architectures maintain hidden states that
represent contextual information encompassing
multiple objectives in NLP. This study demon-
strates the potential of ensemble learning to ad-
vance current RL training paradigms and points to
a promising novel direction for efficient and flexi-
ble MOO in future applications.

Limitations

Our study has advanced a new paradigm of multi-
objective optimization for LLM fine-tuning but
faces several limitations that suggest directions for
future research. First, the current implementation
focuses on single-turn generation, which fails to
capture the dynamics of counseling conversations.
The RL interaction is limited to one-time evalua-
tions without dialogue history, and reflections are
generated based solely on prompts, not fully lever-
aging RL’s potential for complex interactions. Fu-
ture work should explore multi-turn conversation
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tasks, potentially incorporating dynamic weighting
of model aggregation across dialogue turns.

Second, our study employs small-scale encoder-
decoder LLMs, which may not achieve application-
level performance. As shown in Figure 6, while
EMORL generates the reflections addressing new
empathic perspectives compared to the pre-trained
model, the overall quality remains limited. This
indicates that pre-trained model constraints affect
generation quality, despite improvements in tar-
geted behaviors. Future research should implement
EMORL on larger models with billions of parame-
ters to enhance performance and capabilities.

Finally, challenges remain in effectiveness and
efficiency. While EMORL achieves comparable re-
sults across objectives, improving performance to
surpass conventional RL fine-tuning remains a key
challenge, which could potentially be addressed
through non-linear combination approaches. Ad-
ditionally, hidden-state level aggregation requires
token-by-token generation, impacting the sequen-
tial generation process and slightly increasing time
consumption. Future work should explore ad-
vanced aggregation methods to enhance compu-
tational efficiency and output quality while preserv-
ing the benefits of ensemble learning.

Potential Risks

We suggest that our models are not advocated for
deployment in clinical or mental health settings.
This is because human understanding and commu-
nication are indispensable in these domains, and the
behavior of language models remains incompletely
explored. Instead, we propose that our method
and models be utilized for methodological research.
In future real-world applications, we recommend
making users explicitly aware that they are com-
municating with AI-generated content that does
not represent genuine human intelligence or empa-
thy, thereby mitigating ELIZA effects where users
may incorrectly attribute human-like qualities to
AI systems.

Ethical Considerations

The PAIR and Psych8K datasets used in our study
are either open-source or licensed under CC-BY-
NC. These datasets include one-turn motivational
interviewing conversations as well as mental health
interactions between counselors and patients. We
ensured that the source datasets processed the dia-
logues to redact any personally identifiable infor-

mation. Generative AI was employed solely to
assist with bug fixing and grammatical error cor-
rection. All other work presented in this paper was
conducted entirely by us.
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A Appendix

A.1 Parameter-level aggregation
We investigated parameter-level aggregation of lo-
cal models using LoRA updates, following Equa-
tion (5), where the final parameter matrix θ is con-
structed by adding weighted low-rank adaptations
to the initial pre-trained parameters θ0. Each adap-
tation consists of a pair of matrices Bi and Ai

whose product forms a low-rank update, scaled by
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Figure 7: Parameter-level aggregation results.

O
b
je

ct
iv

e 
R
ew

ar
d

Figure 8: Logit-level aggregation results.

a scaling factor αi, thus avoiding high-rank param-
eter updates. It focuses on optimizing the weights
wi to effectively incorporate each objective in the
aggregation process.

θ = θ0 +
n∑

i=1

(BiAi)αiwi (5)

Model Soups (Wortsman et al., 2022), a promi-
nent ensemble learning method, utilizes this
parameter-level aggregation strategy for optimizing
hyperparameter configurations. However, when
applied to MOO, this approach yielded subopti-
mal results. As illustrated in Figure 7, the over-
all objective reward achieved only 0.6982, signifi-
cantly lower than our hidden-state level aggregation
method. The fluency metric performed particularly
poorly, reaching merely 0.4324. This underperfor-
mance likely stems from the fundamental incom-
patibility between diverse model objectives at the
parameter-level, ultimately failing to effectively
combine multiple optimization objectives.
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Table 3: Comparison of single-objective and multi-objective fine-tuning in addressing the challenges.
Objective Reward (↑) Data Consumption (↓) Time Consumption (↓)

Reflection 0.9967± 0.0028 13209± 335 4175.05± 104.40
Empathy 0.9935± 0.0037 7136± 474 2232.18± 82.62
Fluency 0.8803± 0.0003 4809± 178 1629.19± 58.03
Uniform Weighted 0.8489± 0.0172 23398± 7390 5967.84± 1875.50
DynaOpt 0.8318± 0.0076 31328± 16736 8029.15± 4365.64

Table 4: PAIR and Psych8k datasets statistics.
statistics PAIR dataset Psych8k dataset
# of Exchange Pairs 2,544 8,187
Avg # of Words 32.39 45.18

Table 5: Demonstration of EMORL’s optimal weight
combinations for 5 model pairs with different seeds in
the experiments, along with their average combination.

Rewards Reflection Empathy Fluency
A1 0.7936 0.9375 0.71875 0.0625
A2 0.7960 1.0 0.625 0.125
A3 0.8092 1.0 0.625 0.125
A4 0.7942 1.0 0.5 0.0625
A5 0.8093 0.78125 0.5 0.0625
Ā 0.8005 0.94375 0.59365 0.0875

A.2 Logit-level aggregation
We further explored logit-level aggregation as an al-
ternative approach, which is grounded in the work
of (Shi et al., 2024). This method aggregates the
logits, which represent token probabilities across
the vocabulary and directly influence token gen-
eration. As illustrated in Figure 8, this approach
performed even worse for combining multiple ob-
jectives, achieving a maximum objective reward
of only 0.5934, with the fluency metric scoring a
mere 0.1575. This poor performance can be at-
tributed to the naive combination of vocabulary
probabilities, where predicted token distributions
from different local models are simply merged.
This process severely impacts fluency, as the re-
sulting text lacks coherence when calculated from
disconnected probability distributions. In contrast,
our hidden states aggregation proves more effective
by preserving and combining high-level contextual
representations during generation, maintaining se-
mantic consistency while still incorporating multi-
ple objectives.

A.3 Optimization Algorithms
For a d-dimensional standard grid search with
precision level N , the computational complexity
is O( 1

N

d
). This follows directly from evaluat-

ing the function at 1
N grid points in each dimen-

sion. In contrast, hierarchical grid search achieves
O(3d · log2 1

N ) complexity by employing a hierar-
chical strategy. Starting with a coarse grid, the algo-
rithm progressively refines only promising regions,
halving the grid spacing at each level. To reach

Figure 9: Computational complexity comparison be-
tween hierarchical grid search, standard grid search,
and Bayesian optimization across varying numbers of
objectives and precision levels.

a final precision of N , it requires log2
1
N refine-

ment levels. At each level, we evaluate 3d points
per promising region. While still exponential in
dimension, the logarithmic dependence on preci-
sion offers substantial computational savings for
fine-grained searches. A computational complexity
comparison among these methods is shown in Fig-
ure 9, where the cost of Bayesian optimization is
derived from our experimental estimates.

Bayesian optimization is a sequential strategy for
optimizing black-box functions that are expensive
to evaluate. Its process consists of building a proba-
bilistic model (e.g., Gaussian Process) of the objec-
tive function based on previous observations, using
this model to construct an acquisition function that
determines where to sample next, evaluating the
true objective function at this new point, updating
the probabilistic model with this new observation,
and repeating until convergence.

We applied Bayesian optimization to our weights
optimization problem by allowing it to select ap-
propriate weighted combinations and evaluate their
generation performance. We conducted the opti-
mization experiment across several runs. The re-
sults showed that in approximately 1034± 423
evaluations, Bayesian optimization could identify
weights similar to those obtained through hierar-
chical grid search. Although the weights are con-
tinuous without specific precision levels, Bayesian
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optimization required significantly more computa-
tional resources compared to our hierarchical grid
search, which evaluated only 135 combinations
with a precision level of 0.03125. Furthermore, the
stochastic nature of Bayesian optimization led to
considerable instability in the optimization process.

We analyze the reason behind why hierarchical
grid search is much more effective in this weights
optimization problem. The hierarchical approach
succeeds primarily because it exploits the struc-
ture of the weight space by systematically narrow-
ing down promising regions. Rather than treat-
ing the objective function as a complete black box
like Bayesian optimization does, hierarchical grid
search leverages our prior knowledge that optimal
weights likely exist within certain bounded regions.
This allows for efficient pruning of unpromising
areas early in the search process. Additionally,
the deterministic nature of grid search provides
consistent, reproducible results, eliminating the
variability introduced by the stochastic nature of
Bayesian methods. The precision level we imple-
mented (0.03125) also worked well for this specific
application, as this granularity proved sufficient for
practical performance while dramatically reducing
the search space compared to the continuous opti-
mization attempted by Bayesian methods. Further-
more, the computational overhead of maintaining
and updating probabilistic models in Bayesian op-
timization becomes significant when the objective
function itself is relatively inexpensive to evalu-
ate, making the more straightforward grid-based
approach more efficient in this task.

A.4 Evaluation Instruction
The human evaluation is supported by two anno-
tators, one is from China, and the other is from
Germany. The evaluation, based on their cross-
cultural understanding, supports the robust human-
annotated results. This evaluation instruction is
derived from the original instruction presented in
the work (Min et al., 2024). When evaluating re-
sponses, choose the most appropriate score (0, 1,
or 2) based on these criteria. Responses may vary
in complexity, and the judgment should be guided
by the degree to which they reflect upon the client’s
prompt.

Reflection: 0 (Non-Reflection), 1( Simple
Reflection), or 2 (Complex Reflection). Non-
Reflection (0): A response is considered a non-
reflection when it does not engage with the client’s
input or the task at hand. It may be off-topic, irrel-

evant, or simply fail to address the client’s query.
Simple Reflection (1): A response is categorized
as a simple reflection when it acknowledges the
client’s input or question without adding substan-
tial depth or insight. It might repeat or rephrase
the client’s words, showing understanding but not
extending the conversation significantly. Simple
reflections demonstrate basic engagement with the
client’squery. Complex Reflection (2): A response
is identified as a complex reflection when it goes
beyond mere acknowledgment and engages deeply
with the client’s input or question. It demonstrates
an understanding of the client’s thoughts, feelings,
or concerns and provides a thoughtful, insightful,
or elaborate response. Complex reflections con-
tribute to the conversation by expanding upon the
client’s ideas or by offering new perspectives.

Empathy: 0 (Non-Empathetic), 1 (Basic Empa-
thy), or 2 (Advanced Empathy). Non-Empathetic
(0): A response that shows no recognition or ac-
knowledgment of the person’s emotional state or
perspective. E.g. Dismiss or invalidate feelings.
Change the subject without addressing emotions.
Offer purely factual or technical responses when
emotional support is needed. Show complete mis-
alignment with the person’s emotional state Basic
Empathy (1): A response that demonstrates fun-
damental recognition of emotions and attempts to
understand the person’s perspective. E.g. Acknowl-
edge obvious or stated emotions. Use basic emo-
tional labelling ("That must be hard"). Mirror the
person’s expressed feelings. Show surface-level
understanding without deeper exploration. Offer
general supportive statements. Advanced Empathy
(2): A response that shows deep emotional attune-
ment and sophisticated understanding of the per-
son’s experience. Connect different aspects of the
person’s experience and recognize nuanced emo-
tional states. Demonstrate understanding of the
broader context and implications. Show genuine
emotional resonance while maintaining appropriate
boundaries. Help the person gain new insights into
their emotional experience.

Fluency: Assess the linguistic naturalness and
smoothness of the counsellor’s responses. Re-
sponses are rated on a scale from 0 to 2, where
0 indicates responses that lack fluency, 1 signifies
somewhat fluent responses, and 2 represents re-
sponses that are highly fluent and natural in their
expression. Fluent counsellor responses should
convey information in a clear and easily understand-
able manner, ensuring effective communication.


	Introduction
	Related Work
	Single-Policy
	Multi-Policy
	Meta-Policy

	Challenges
	Methodology
	Hidden-State Level Aggregation
	Hierarchical Grid Search

	Experiments
	Models
	Datasets
	Metrics

	Results and Discussion
	Conclusion
	Appendix
	Parameter-level aggregation
	Logit-level aggregation
	Optimization Algorithms
	Evaluation Instruction


