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Abstract— Preference-based Reinforcement Learning (RL)
enables humans to shape complex goals via preference com-
parisons between sequences of state-action pairs. Most of the
existing approaches focus on a singular objective, overlooking
the complex causal reasoning that underpins preferences.
However, many real-world challenges are multi-dimensional, and
individuals can have different reasons behind their preferences.
In this work, we rethink preference-based RL from a multi-
objective perspective by distilling human preferences into
multiple components. We leverage the zero-shot capabilities
of large language models (LLMs) to infer preferences and
better align various objectives from text prompts. This allows
us to train an ensemble of reward functions, each optimizing
for a specific objective. We demonstrate that our approach can
address a variety of multi-objective control tasks, improving on
approaches that consider a single preference per objective. We
show the effectiveness of our approach in better shaping reward
functions by utilizing real human preferences and prompts. Our
code for the benchmarks, along with additional supplementary
details, is available at https://sites.google.com/view/multi-pref/.

I. INTRODUCTION

Preference-based RL has been recognized as a compelling
and intuitive method for training RL agents through pairwise
comparisons of sequences of state-action pairs [1], [2], [3].
Looking forward, there are several fundamental challenges
to address, stemming from the distinct nature of human
preferences and individuality [4]. The diversity in human
preferences, expertise, and abilities [5] makes it difficult
for a single reward function to represent varied human
perspectives [6], [7], [4]. This underpins the inherent multi-
objective character of human-aligned robots [8]. In this
work, to learn multiple objectives from humans, we adopt
a preference-based RL approach [1], [2], [9], [10] as it
imposes minimal modality constraints for the reward function,
derived solely from human preferences—pairs of state-action
sequences and a preference signal for one of the pairs—as
it incorporates the essential element of structural alignment,
vital for designing intricate objectives [11], [12], [13].

We contend that human preferences are analogous to
the varied pieces of a MOSAIC, potentially comprised of
different objectives. When we discard the reasoning behind
preferences, we may foster, among other outcomes, causal
confusion [14], [15]—a misalignment in understanding the
causal relationships among states, actions, and rewards.
This is akin to appreciating a MOSAIC for its overall
aesthetic without considering the distinctiveness of each piece.
Similarly, objective collapse can manifest, comparable to
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masonry work that repetitively employs one type of stone
due to predominant preferences, thereby excluding the unique
beauty of other materials. To address these challenges, we
explore a more natural way for humans to interact with
robots, such as language [16], [17], [18], in an effort to
uncover causality in the lens of a multi-objective approach, i.e.
optimizing for a compromise of diverse objectives, alongside
the easiness of providing preferences [1], [10] serves as
an adequate platform to achieve human-aligned robots. To
process human prompts and uncover diverse objectives, we
leverage recent breakthroughs in large pretrained founda-
tional models, such as BERT [19], CLIP combined with
GPT-2 [20], and GPT-3 [21]. These models demonstrate
proficiency across a spectrum of tasks—ranging from text
completion and sentiment analysis to task descriptions and
robot planning—and have established their efficacy in diverse
applications [22]. We leverage the zero-shot capabilities of
large language models to extract a set of different—and often
contradictory—objectives, building policies on a MOSAIC
through ranking and scalarization. This approach is referred
to as MOSAIC: Multi-Objective optimization from zero-
Shot 1Anguage reasonlng in preference-based reinforCement
learning. Figure 1 provides an illustration of the key pillars of
MOSAIC in relation to some of the aforementioned analogies.
We highlight the main contributions of this paper:

+ We present MOSAIC, a stepping stone in a relatively
unexplored frontier [23] of acquiring complex policies
from non-linear reward functions through language.

o A query sampling strategy for multi-objective preference-
based RL, to select highly informative queries through
weighted ensemble variance of the different objectives.

e A regularization technique to maximize query informa-
tion from language in the multi-objective RL.

II. RELATED WORK

Learning from human preferences. Leveraging human
preferences for learning has received substantial focus in
recent literature [24], [25], [2], showcasing potential as an
effective RL method applicable even in high-dimensional
robotic settings [10], however, the necessity of extensive
human feedback limits its applicability in real-world robotics
and other complex scenarios [26], [27], [28] since most of the
complexity is derived from the simple nature of preferences
by brute-force. The reliance on human preferences carries
several challenges, as underscored by [15], who, through an
empirical study, demonstrates how the infusion of spurious
features and an increase in model capacity can inadvertently
breed causal confusion pertaining to the true reward function,
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Fig. 1: Macroscopic view of MOSAIC: Humans evaluate two mosaics, figuratively representing state-action sequences A
and B, with preferences influenced by various feature-dependent reasons. Analyzing each human prompt for sentiment and
distinct objective features, the collective prompts help formulate and rank objectives, which are used to align a policy.

even when utilizing thousands of pairwise preferences. This
oversight may pave the way for the emergence of spurious
correlations, potentially culminating in reward exploitation
[29], [30] or instigating a distributional shift [14].

Natural Language. Evidence suggests that suitably ex-
pansive language models are capable of executing complex
reasoning [31], [22] such as emotional response generation
[32]. As a proof of concept, [33] demonstrated that the
generation of a thought chain—multiple reasoning steps in
a sequential manner—enables the emergence of advanced
reasoning abilities in sufficiently expansive language models.
Akin to Socratic models [22], it is a common practice to
retain specific subcomponents of models—particularly those
related to one modality but not others—in a frozen state for
downstream tasks [34], [35], [36], [37], [38]. In MOSAIC we
aim to integrate an LLM to elaborate on the prompts provided
by humans in a variant of zero-shot transfer learning [39],
[40], [41], [42].

Multi-Objective RL. (MORL). Combining multiple objec-
tives in RL enjoys an ever-growing body of literature [43],
[44], [45], [23]. In recent years, several methods have been
designed to improve efficiency [46] and account for the broad
nature of multiple objectives [47], continuous in continuous
robot control tasks [48]. Stemming from the interleaved nature
of reward and policy training in preference-based RL [1], a
multi-objective approach will naturally result in a dynamic
weights setting [49], where the weights of the different
objectives change over time. Several dynamic weighting
approaches propose to train a single network [50], [51], [52]
to cover the entire preference space as opposed to fix a
preference vector during train, but often rely on linearity
constraints to cover the entire Pareto front and may not
outperform static alternatives [53]. Objective weights may also
be implicitly learned through through policy comparisons [54].
In MOSAIC we explore language-based reasoning to uncover
both the objectives and their relative importance.

1II. BACKGROUND

In this section, the fundamentals of MOSAIC are intro-
duced. We explore a scenario wherein a robot, at state s, initi-
ates an action a; based on a policy 7, (at, s¢), with parameters
w. After performing the action, the robot earns a vectorized
scalar reward r : s X A — [r1,...,7],k € Ny , where k
represents the number of different objectives. After the action

is taken, we move to the next state s;y; within a multi-
objective Markov Decision Process (MOMDP) framework.
A policy 7 : s — A within the MOMDP is associated with
a specific vector of expected returns J”™ = [J7,...,J"],
linked to the vectorized reward function r. It follows that
Jn E Ztho Yirk(se, ar)|so ~ So,ar ~ m(sy)| where
J,. signifies the return of rg, T' denotes the trajectory’s
horizon, and v a discount factor.

Preference Learning. We adapt the task of inferring
a reward function, 7y, parameterized by 1, from prefer-
ences as a supervised learning challenge, following the
methodology by [1]. The central goal of preference-based
RL, explored thoroughly in [24], is to infer rewards from
state-action pair sequences. By defining trajectory segments
as sequences of state-action pairs [55], represented as
ol = ((s{,al),-.., (S| m—1sT1ym—_1)), Where j denotes
the segment index, covering state-action pairs from ¢ to
t + m and m indicates the segment length, humans are
provided pairs of these segments, (¢°, '), and are asked to
allocate a preference p € {0,0.5,1}. Here, u = 0 implies
(6® = ob), p = 1 implies (¢! = 0¢%), and p = 0.5
indicates equal preference for both segments. Adhering to
the Bradley-Terry model [56], the probability of a human
preferring o = o!, given it is exponentially dependent
on the reward sum over the segments’ length, is expressed

exp(3, 7 (s7,a7))

exp( X, 7 (59,a9) ) +exp (X, 7 (sh,al)
this context, 7y, is trained as a binary classifier to predict

human preferences on new segments, acting as a proxy for
the reward function. The preferences, are stored with the
corresponding segments in a labeled dataset D,,, consisting
of triplets ¢ = (0%, 0!, 11). While optimizing #,,, samples are
drawn from D,,, to minimize the binary cross-entropy loss:

Lop(Pyp, Dy) = =B, [(1-p) log Py(a” = o)
+ 1 Tog Py(o" = oY)
IV. MOSAIC

as Pylo¥ = o] =

).In

In MOSAIC we consider different objectives to be op-
timized as in a MORL approach considering an MOMDP.
These objectives are represented by several reward functions
which share the initial preference p, unless otherwise parsed
through text prompts (see Sec. IV-B). We provide humans
with the option of providing prompts, each prompt denoted
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Fig. 2: Overall integration of the LLM with the collective human prompts P alongside the set of intrinsic objectives {2
for a social navigation scenario. Utilizing feature extraction and sentiment analysis, diverse reward functions are trained,

subsequently guiding the training of a robot policy.

as p; € P, to augment their preference p. Here, ¢ indicates
the index of the i-th prompt, while P represents the set
of all prompts provided by individuals. Consider a set of
intrinsic objectives approximated by several reward functions
Q = {fy,,Ppys--., Ty, }» where n € N represents the
different objectives which are environment dependant. In order
to obtain the objective weights ., = {Qu,, Qs -+, Qo }
we leverage the sentiment analysis capability of the LLM to
deduct the relative importance of the objectives according
to the full set of prompts P provided by the users with
LLMeights : (P, €2) — €. To this end, we are interested in
policies on the Pareto frontier PF for a given €2,,. A Pareto
frontier, constitutes all policies " which dominate all other
policies 7’ = 7 such that PF = {7’ | Vr : :7;5’ > T} We
define PF* C PF as a subset of policies which also satisfy
the human preferred objectives €,,, thus PF* = {7’ €
PFEQVr(r # 1) : S0y D J™ 5 > Sy Qu 75}
We consider a proxy for a Pareto optimal node to be a
parameterized policy 7 (as,s¢) that adheres to 7, while
concurrently considering all objectives, such that 7 =

Z?:l Qwi ’ fwi (87 a)'
A. Query Sampling with MOSAIC

State-of-the-art approaches [1], [57], [10] in preference-
based RL, often employ the variance ensemble disagreement
as a ranking metric to pick informative queries. To account for
multi-objective settings, and given the low sample sizes often
available, we propose a modification to ensure higher accuracy
in the most relevant objectives. In MOSAIC, we propose
weighting the variance of the disagreement by the objective
weights. Let X be a random variable representing the sum of
predicted rewards for a given segment o, as produced by the
ensemble. Then, the weighted variance of the ensemble is
given by Var(X) = 31" | O, (3, Py, (8¢, a) — [1)?, where
P, (S, a;) is the reward prediction produced by the i-th
estimator for the pair (s¢,a;), and [ is the mean reward
prediction across all estimators in the ensemble, i.e. i =

% Z?:l Zt filii(stv at)'
B. Prompt-Response Preferences Analysis

Each prompt p, is parsed to an LLM alongside a set
of objective features Z = {f1, fa2,..., fn} that maps to

each intrinsic objective |Z| = [Q], to enhance the initial
information for the provided preference p. We employ an

LLM not only to identify intrinsic objective features from
human prompts but also to perform sentiment analysis
related to those objectives. Thus, we input both the prompt
provided by the human and the feature set into the LLM,
as expressed by LLMp : (p; € P,F) = 1; € R, where
‘R corresponds to the set of all possible responses. Each
r; consists of a set of triplets of the size n = |F| = |R|,
where r; = {(fi, i, ¥;,Vi)s -+ (fa, s Yoy Vi) }» Where
fi € F is a feature, u; an objective preference,
y; € {positive, negative} is the sentiment associated
with feature f;, and v; € {low,high} is the magnitude
associated with the sentiment y,. In case a feature is not
present, it simply inherits the overall preference given
by the human. Extending our initial definition of queries,
consider intrinsic objective queries for each objective 7y,
which are stored on datasets of quintuples Dy, of the form

{000}, i,y vi) zD:f1 We process each r; into separate
datasets for each feature f;. Finally, each of the intrinsic
objectives 7y, is aligned according each dataset Dy,. To
align to each preference p; we compute the cross entropy of
the preferences and regularize the reward objective with the
overall sentiment in Sec IV-C. To clarify our formulation we
provide a concrete example of a prompt that was evaluated
for our experiments (see Sec. V) in the social navigation
environment tested with actual human data. For visualisation
purposes, the feature set F is blue, the human prompt p; is
purple and the output format and response r; is green.:

end goal, distance to human, speed, distance to
wall] "B
hed the star but A passed the human more safely and

re

"

drove slower.

alternative:

alternative: O,

entiment: positive,

ive: 0, sentiment: positive,
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C. Reward Regularization from Sentiment Analysis

Since humans provide narrower reasoning through each
prompt p,, we propose to highlight sub-sequences within
the preferred trajectories akin to temporal cropping [27].
This approach can be considered as incorporating auxiliary
tasks, which offer valuable learning signals to improve data
efficiency [58], [59], [60]. By enforcing regions of high/low
reward, according to sentiment y, and intensity v;, we
improve reward query information, shifting from uniformly
discounted credit assignment across the entire preferred
trajectory. Highlights are constructed as subsequences of seg-
ments, represented by h = o, ; = ((s5,a:),...,(s5,a;)) €
(s,a)?~%i,5 € Ny with 0 < i < j < m. The highlight’s
length is given by j—¢ = L, wherein L signifies the maximum
length for a highlight. To search for highlights within
trajectory segments o;, we require several search function
G = {gi}!_,, one for each objective which navigate through
segments to detect highlights, depending on the sentiment
and intensity, such that g; : (69,0}, s, y;,vi) — (b, h7).
We extend the intrinsic objective queries to account for
both positive and negative highlights, and store them on
a dataset of highlighted intrinsic objective queries Dy, =
{(J?,a},ui,yi7vi,h+7h_)}iD:"{. Each dataset Dy, is then
used to minimize the regularized loss, and the sum of rewards
is discounted along the trajectory of length L by A, where
0< A A<1:

L
Lyosaic = Lor(Py,, Dp,) + Eh+~DM[Z Ny, (85—, aj—l)]
1=0

L
—Ep-~p,, [Z Ny, (551, ajl)]

=0
D. Preference learning with MOSAIC

Similar to other preference-based RL methods, MOSAIC
(see Alg. 1), interleaves policy with reward learning. We
outline in Figure. 2, a high-level representation of the overall
integration of learning a reward function from preferences
with an LLM. In step A, we train and sample a 7, as
according to PEBBLE [57] to acquire a dataset of trajectory
segments D, . During step B, a feedback session is initiated
wherein trajectory segments o, are selected according to
the weighted variance of the ensemble as in Sec. IV-C.
We leverage the LLM to process the human prompts as
according to Sec. IV-B to obtain Dy, and further highlights
dataset D, as introduced in Sec. IV-C. To obtain €2, we
use both global prompts P and intrinsic features F with
LLMyeignis- Notably, while the weights of objectives within
,, undergo minor adjustments—leading to a dynamic weights
setting—in each feedback session, the entire set of prompts
is consistently considered. In Step C, gradient descent is
performed on parameters ; using Equation III to fine-tune
each 7,,. Upon updating each reward function, they are
weighted according to €2, to derive #q. In Step D an
explanation is provided by the LLM, taking into account
all prompts and the final estimation of the relative importance
of objectives within €2,,. For prompt examples representing

LLMyeights and LLMexplanation, Tefer to supplemental materials
of the paper at https://sites.google.com/view/multi-pref/.

Algorithm 1: MOSAIC

1 Dy, Dy,, Dy, P+ 0;
2 Z + getFeatureSet();
3 for epoch = 1,2, ... do

4 /* Train policy m,, */ >// Step A
5 T, < train(m,, Fq)
6 Sample 7, within an environment to obtain
Dy = {o'} iy
7 Store new trajectories D, < D, U DIV

8 D, + sampleSegments(m,,)

9 /* Obtain Human-feedback */
10 D(4,,0,) + samplePairs(D,)
11 P « P U collectPrompts(D 4 0, ))

12 R,y < LLMpret (P, F), LLMyeights (P, F)
13 for each 7, do

> // Step B

14 Dy, < processDataset(R) U Dy,

15 Dy,, < processHighlights(Dy,, g;) U Dy,

16 /* Train 7y, (s¢, ar) */ > // Step C
17 T (8¢, ar) < train(Dy,) w.rt ¢; in Eq. IV-C
18 explanation <~ LLMexpianation(P, Z) > // Step D

19 return 7, o

V. EXPERIMENTS

In this section, we investigate the effectiveness of MOSAIC
in adhering to the different objectives. Our hypothesis is
that MOSAIC can address challenges such as objective
collapse and causal confusion more efficiently. To validate our
hypothesis, we ablate MOSAIC on its several components,
followed by an empirical study involving real human feed-
back. Our investigation is primarily driven by the following
research questions: (Q1): How impactful are the different
components of MOSAIC—query sampling strategy and reward
regularization—in better defining the different objectives in
MOSAIC?; (Q2): Can MOSAIC mitigate objective collapse
and solve multi-objective control tasks through preferences
and highlights?; (Q3): Is MOSAIC capable of aligning
policies with real human input preferences and prompts?

Simulated Experiment Setup. In order to validate the
proficiency of MOSAIC in learning multiple objectives, ex-
periments were conducted within two distinct multi-objective
MO-Gymnasium [61] environments: Cheetah and Hopper;
and adapted four high-dimensional robotic tasks from Meta-
world [62] to account for multiple objectives: Button
Press, Button Press Wall, Drawer Close, and
Drawer Close. To formulate the preferences for different
objectives, an oracle was developed, which, upon receiving
a pair of segments, dispenses several preferences based
on the total reward accumulated for each objective. To
simulate the incorporation of highlights, we extended the
oracle to provide nuanced feedback over partial trajectories
for 1/4 of the objectives when labelling queries concerning
the supplementary objective. We provide concrete hyper-
parameters for the models used in the supplemental materials

5354



Button Press Window Open Drawer Close

1000 35001
750+ 30001 4000
2500 A
5001 20004 3000 A
T 2504
T 1500
H 2000
=09 10001
—250 + 500 4 1000 4
~500 1 01
oA
—500 A
—750 1
0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Steps (1k) Steps (1k) Steps (1k)
Button Press Wall Cheetah Hopper
1000 A 60001
4000 A
750 4 5000
J 3000 A
500 4000 4
e
250 4
% 2000 A 3000 4
o 04
1000 2000 A
—250 A
1000 A
~500 - 01
~750 1 01
0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Steps (1k) Steps (1k) Steps (1k)
—— Mosaic weighted —— Mosaic —— Mosaic w/o highlights —— Preferences

Fig. 3: Learning curves pertaining to the sum of all objectives for all four conditions. The solid lines and shaded areas
represent the mean and standard error respectively. MOSAIC consistently surpasses a single preference approach by a large
margin.

TABLE I: Averaged scores for each objective and condition, for the environments considered. MOSAIC consistently
outperforms learning from a single preference convoluted on different objectives.

Environment Objectives Weighted Mosaic Mosaic Mosaic w/o highlight Preference
Total 660 + 216 563 + 101 715 + 52 572 £ 104
Button b Env Reward 922 + 208 769 + 95 946 + 54 50 + 4
utton rress Closeness 5548 46 £ 6 42 +2 247 £ 11
Avoid left 207 £ 53 159 =+ 59 -188 + 35 376 £ 107
Total 2481 + 448 2654 + 451 2288 + 120 -457 £ 105
Window O Env Reward 2957 4 441 3137 & 437 2745 &+ 117 114 + 8
tncow Lpen Closeness 38+ 4 47+ 9 42+ 4 270 £ 11
Avoid left 437 £ 13 436 + 22 414 £ 15 -301 + 108
Total 4144 4 189 4443 + 75 3949 & 239 427 + 748
5 o Env Reward 4382 + 189 4646 + 74 4195 + 222 978 + 769
rawer Liose Closeness 8149 54 4 4 347 249 4 11
Avoid left 155 £ 15 148 & 20 172 £ 35 -301 =+ 108
Total 470 + 244 456 + 212 201 + 220 -545 + 105
Button B wa1y Env Reward 625 &+ 272 562 & 212 378 & 175 1446
utton rress Wa Closeness 1247 45 + 2 76 + 12 257 +8
Avoid left 83 + 37 59 + 21 -100 =+ 80 -301 =+ 108
Total 3778 + 407 2360 + 435 1694 + 629 426 + 168
Cheetan Speed 4123 + 410 2692 + 441 2017 + 629 62 + 153
Control 345+ 6 331+ 10 32245 364 £ 16
Total 5363 4 148 4795 + 381 4141 + 1109 2927 4 644
Hobber Speed 2914 + 206 2707 + 228 2023 + 613 1895 + 437
PP Height 2402 + 19 1993 + 239 2136 + 504 1342 + 255
Control 46 + 64 94 & 68 116 + 69 322 £ 66

at https://sites.google.com/view/multi-pref/. To answer Q1  following PEBBLE; MOSAIC w/o highlights: employs
we ablate the different components of MOSAIC in four concrete objective information without regularization; MO-
conditions: Preference-based [57]: using a single preference ~ SAIC: with reward regularization; Weighted MOSAIC: with
which is given by the oracle when weighting all the objectives, weighted variance as a query sampling mechanism.
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Fig. 4: Experimental of MOSAIC with respect to the social navigation scenario, upon acquiring real human feedback. The
baseline uses preferences without textual information, equivalent to the previous preference-based method. Figures (a) depict
a reward solely considering the distance to humans, (b) a reward considering wall distance, and (c) the environmental reward.

A. Benchmark Results

Table I shows the performance of MOSAIC and its various
components against a single preference baseline. Across all
environments, MOSAIC consistently outperforms the single
preference approach on all objectives. In all conditions,
MOSAIC, with highlights and/or weighted variance, yields
the highest scores. In most environments, the weighted vari-
ance sampling strategy, devised in Sec.IV-A, enables higher
scores for the most important objective. This experiment
demonstrates that providing a single preference, when there
are multiple objectives, can lead to causal confusion, thereby
supporting Q2. As different objectives may take precedence
over the preference, it is akin to introducing noise into
the main objective. This is further corroborated in Fig.3,
where the preference-based baseline struggles to learn in
most environments and converges to a local minimum.

Objective weights €2,
Human Dist Speed
0.4 0.2
TABLE II: The weights provided by the LLM for each
objective based on the human feedback.

Goal Dist
0.3

Wall Dist
0.1

B. Real human experiment results

In order to evaluate how MOSAIC performs when utilizing
real human feedback, we make use of a social navigation
scenario, SocialNav similar to the one in [63], where the robot
learns to navigate in a corridor with humans. The intrinsic
objective features, Z, considered for this task include distance
to the goal, proximity to humans, distance to walls, and the
robot’s speed. We monitor three distinct reward functions
alongside, each weighted by the significance ascribed by the
LLM based on human descriptions, denoted as €2,,. The
LLM is prompted to assign these weights subsequent to
the collection of all feedback. Upon compiling all human
preferences, we utilized the LLM, employing all textual
feedback to determine the objective weights, as outlined in
previous sections. The LLM was observed to prioritize human

safety, notably emphasizing the maintenance of a substantial
distance. Following human safety, the distance to the goal
was identified as the second most crucial objective.

In contrast, the robot’s speed and its distance from walls
were deemed least vital. Given that the LLM assigned appro-
priate importance weights (refer to Tab. II), this adequately
addresses Q3 and supports our hypothesis that an LLM can
assist in resolving causal confusion by contributing causal
reasoning regarding the importance of various features. In
Fig 4, the benefits of adhering to additional human prompts
are apparent, impacting both the tuning and derivation of a
more substantively meaningful final policy for the simulated
social navigation environment. This highlights the flexibility
and robustness of the multi-objective paradigm adopted by
MOSAIC. By extracting varied features from human prompts,
we ensure the distinctiveness of the features is retained in the
final trained policy. Further details regarding the user study,
including participant demographics and preference collection,
are available in the appendix on the project website: https:
//sites.google.com/view/multi-pref/.

VI. DISCUSSION AND LIMITATIONS

In this work, we introduce MOSAIC, a novel multi-
objective preference-based RL paradigm that is capable of
addressing causal confusion by leveraging the zero-shot
capabilities of an LLM to extract and rank objectives from
human prompts. With real users, MOSAIC successfully
processed human subjective objective preferences, initially
prioritising safety and emphasizing goal attainment. Moreover,
we have elucidated the capability of further interrogating the
LLM concerning the resulting objective weights by employing
additional prompts, thereby facilitating valuable explainability
to humans.
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