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Abstract

Recent advancements in Large Language Models (LLMs) have enabled a paradigm shift in recom-
mender systems, moving from modular pipelines toward instruction driven recommendation via
prompt engineering. While existing literature has explored LLMs for tasks such as candidate genera-
tion, conversational recommendation, and re ranking, there remains a lack of systematic understanding
of how prompts can be designed to optimize for distinct ranking objectives beyond relevance such
as diversity, novelty, serendipity, and fairness. In this survey, we present a comprehensive review
of prompt engineering techniques tailored for LLM based recommender systems, with a focus on
ranking optimization under multi objective settings. We first introduce a taxonomy of prompt design
strategies ranging from zero shot instruction templates to few shot exemplars and chain of thought
prompting across different stages of recommendation (generation, ranking, re ranking). We then
examine how these prompts can be aligned with specific ranking goals, and evaluate the tradeoffs
between static prompting, prompt tuning, and fine tuning approaches. We review recent empirical
studies and identify open challenges in prompt generalization, robustness, prompt evaluation pro-
tocols, and the absence of standardized benchmarks for multi objective recommendation tasks. Our
survey concludes with actionable research directions and proposes a unified framework for evaluating
prompt effectiveness across ranking objectives in LLM based recommender systems.

Keywords: recommender system; LLM; ranking

1. Introduction

The advent of LLMs has initiated a paradigm shift in recommender systems (RSs), transitioning
from traditional modular pipelines toward more unified, language native systems. Classical RS
architectures typically consist of separate candidate generation, multi-stage ranking, and re ranking
components, often relying on pointwise or pairwise supervised learning objectives [15]. While effective
in specific domains, these systems struggle to generalize across diverse objectives such as diversity,
novelty, serendipity, and fairness due to rigid model designs and hand crafted features [13,55].

LLMs offer a compelling alternative: instruction driven recommendation, where natural lan-
guage prompts encode task intent, constraints, and personalization cues directly into the input [35].
Recent work has demonstrated the feasibility of leveraging general purpose LLMs such as GPT-
4 [41], Claude [24], and LLaMA [53] for recommendation tasks through prompt based methods, with
applications spanning product recommendation [8], news personalization, conversational agents,
and multi turn user modeling. These LLM native systems enable zero shot and few shot reason-
ing over heterogeneous content modalities and provide a unified interface for user item interaction
modeling [38,46].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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However, while LLMs are capable of generating high quality recommendations, the quality and
behavior of these outputs are highly sensitive to the design of the prompts themselves [57]. Prompt
engineering defined as the construction of input instructions that steer model behavior has thus
emerged as a critical component in aligning LLM outputs with specific recommendation goals. Unlike
traditional RSs, which embed objectives in loss functions and training signals, LLM based RSs rely on
language prompts to express goals such as “Recommend diverse items”, “Include underrepresented
sellers”, or “Suggest items the user hasn’t seen before”. This shift calls for a deeper understanding of
how prompt formulations affect model behavior across various ranking objectives.

Despite a growing body of empirical studies on prompt tuning, instruction optimization, and
LLM reranking, there is no comprehensive survey that consolidates prompt engineering techniques
specific to recommender systems, particularly under multi objective optimization settings. This
paper addresses that gap by providing a structured taxonomy of prompt types, mapping them to
recommendation sub tasks, and evaluating how different prompt strategies align with complex ranking
objectives such as relevance, diversity, novelty, serendipity, and fairness.

We further explore emerging evaluation methodologies including instruction following bench-
marks, prompt sensitivity analysis, and LLM as a judge frameworks to assess the effectiveness and
faithfulness of prompts in aligning model outputs with user centric goals. Our objective is to bridge the
gap between LLM capabilities and RS requirements, and to provide actionable insights for researchers
and practitioners designing prompt based recommendation systems.

LLMs Leveraged as Recommender Systems “:fixed & trainable
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Figure 1. Overview of LLM based recommendation using prompt engineering, illustrating task description, user
interest modeling, candidate construction, and prompting strategies for goal aligned recommendations [65].

2. Background and Related Works

The integration of LLMs into recommender systems represents a convergence of two previously
distinct research domains. In this section, we review foundational work in traditional recommendation
systems, recent developments in LLM powered recommendation, and the emerging field of prompt
engineering and instruction tuning.
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Figure 2. A hierarchical taxonomy of prompt engineering strategies in LLM based recommender systems, covering
design paradigms, use cases, evaluation methods, and associated challenges.

2.1. Traditional Recommender Systems

Traditional recommender systems are typically structured as multi stage pipelines comprising
candidate generation, ranking, and re ranking components [9,47]. These models are trained using
supervised learning objectives such as pointwise regression, pairwise ranking, or listwise loss [1].
Although highly effective in modeling user item interactions, these pipelines often require task specific
architectures, hand engineered features, and complex offline retraining procedures to accommodate
new objectives such as diversity [54], fairness [3], or novelty [74].

2.2. LLMs for Recommender Systems

With the advent of powerful foundation models like GPT-4 [41], LLaMA [53], and Claude [24],
researchers have begun exploring the use of LLMs for recommendation tasks [35,68]. These models
enable zero shot and few shot reasoning over textual item descriptions, user profiles, and contextual
signals. Applications include conversational recommendation [28], multi turn interaction model-
ing [30], and open domain personalization. LLMs provide a flexible interface to handle heterogeneous
modalities and instruction driven behavior, eliminating the need for rigid task specific architectures.

However, these systems exhibit high sensitivity to prompt formulations and lack transparency
in how prompt instructions influence recommendation behavior [17,57]. This sensitivity motivates a
closer examination of prompt engineering techniques for robust and goal aligned output generation.

2.3. Prompt Engineering and Instruction Tuning

Prompt engineering refers to the design of input instructions that steer LLM behavior without
altering model parameters [6,61]. This includes zero shot prompts, few shot exemplars, chain-of-
thought reasoning [59], and dynamic prompt adaptation [11]. Prompt tuning, soft prompts [34], and
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retrieval augmented prompting [26] have further extended this paradigm by introducing trainable
components for instruction optimization.

In the context of ranking, recent work such as PromptBench [22] and JudgeRec [72] highlights the
need for prompt evaluation frameworks that assess instruction adherence, robustness, and goal satis-
faction. PromptAgent [58] and ActivePrompt [2] propose prompt generation and selection methods
optimized for downstream performance on recommendation related tasks.

Our work builds on these foundations by offering a structured taxonomy of prompting paradigms
across the recommendation stack, and aligning them with multi objective ranking goals such as
relevance, diversity, novelty, serendipity, and fairness. To our knowledge, this is the first survey that
systematically maps prompt types to recommender system components and objectives, while also
reviewing evaluation techniques tailored for prompt driven personalization.

3. Prompting Paradigms Across Recommender System Components

Prompt engineering plays a pivotal role in aligning the behavior of LLMs with the diverse objec-
tives of RSs. Unlike traditional RS architectures that rely on modular neural networks trained with task
specific loss functions, LLM based systems shift the optimization locus to natural language prompts.
These prompts serve as the interface between the system’s intent and the LLM’s generative behavior.
In this section, we present a functional decomposition of prompting paradigms across key components
of RSs namely, candidate generation, ranking, re ranking, and conversational recommendation. Each
component imposes distinct constraints on prompt design and evaluation, and thus requires tailored
strategies for effective deployment Figure 3.
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Figure 3. A three stage prompt selection pipeline: (1) A; generates candidate prompts from clustered data, (2) A,
produces synthetic examples to train evaluator E via preference loss, and (3) E ranks prompts by alignment score
s before task execution by the downstream model M.

3.1. Candidate Generation Prompts

Candidate generation is a foundational stage in LLM powered recommender systems, where
the system retrieves or constructs a set of high quality prompt candidates that can guide the model’s
downstream behavior [51]. Unlike traditional retrieval based recommenders that surface items based
on collaborative filtering or item embeddings, prompt based RS systems must align candidate prompts
with both the user context and the underlying task semantics. Candidate prompts must be diverse,
representative, and instructionally aligned with the user’s goals and preferences [12]. In contrast to
zero shot prompting or instruction tuned models, PepRec [67] introduces a hybrid prompting method
that encodes both collaborative and content based cues through handcrafted templates. This enables
LLMs to simulate traditional recommender system behaviors without explicit training, achieving
strong performance across multiple domains.

Two dominant paradigms for candidate prompt generation have emerged in the literature: (i)
generative prompt synthesis, and (ii) prompt retrieval via learned relevance functions.

Generative Candidate Prompting

PromptAgent [58] introduces a task oriented, retrieval augmented framework that generates
prompt candidates dynamically for new user task combinations. The pipeline first clusters demon-
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strations from a prompt corpus using semantic embeddings derived from Sentence BERT or similar
encoders. Each cluster C; is then summarized into a representation z;, and a prompt generator LLM
A1 conditions on z; to synthesize cluster specific prompts:

pi = LLMQ(Zi) = arg max Pr(p | Zl',‘9),
P

where z; encodes a centroid or prototypical context within a task cluster. This generative model
benefits from strong generalization but risks drifting from syntactic or semantic consistency, making
downstream evaluation critical.

These generated prompts are evaluated using a dedicated scoring model E, trained to distinguish
between good and bad prompts using preference learning over synthetic task outputs. A preference
loss is used to align the evaluator:

Loret = max(0,1—E(q,¢,p™) +E(g,¢,p7)),

where pT and p~ are paired high and low quality prompts for the same context.

Retrieval Based Candidate Prompting

In contrast to generation, retrieval based methods focus on selecting prompts from an existing
library using relevance signals [48]. propose a learned retrieval mechanism where a function f : @ — P
maps a query context x to the top-k most suitable prompt demonstrations:

f(x) = top-k(sim(x, pi)), pi € P,

with sim(+, -) learned via supervised contrastive or ranking loss. The system minimizes task level
prediction loss, integrating prompt selection into end to end optimization:

Liask = By [€(y, LLM(x | f(x)))]-

This framework reduces dependency on handcrafted prompt curation and supports domain
adaptation. It also allows for retrieval from prompt banks containing personalized or contextually
anchored prompts—e.g., prompts seen in similar past user sessions, or ones filtered by demographic
attributes or task types.

The generative approach excels in scenarios where pre existing prompts are scarce or mismatched,
and diversity is critical. However, it suffers from evaluation overhead and hallucination risks. Retrieval
based approaches offer greater stability and efficiency but are limited by the scope and coverage of
the prompt corpus. In practice, hybrid models (e.g., retrieval augmented generation) can combine the
strengths of both.

Candidate generation plays a crucial role in downstream ranking quality. Poorly aligned prompts
may fail to elicit relevant or fair recommendations even from powerful LLMs. Hence, candidate gener-
ation must be tightly coupled with evaluator models and feedback signals that reflect recommendation
objectives.

3.2. Ranking Prompts
Ranking prompts assume a fixed candidate set and ask the LLM to sort or score items based on a

user’s preferences or goals. This process can be formalized as an optimization over permutations:

k
7ty = LLM(py, Cu) = argmax ) (i, i),
HESk j:l

where C, C [ is the candidate set, 7 is a permutation over C;, and ¢y represents the implicit
utility function learned by the LLM.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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For instance, a natural prompt may be: *“Given the following items: [A, B, C], rank them for a
user who prefers action movies with a strong female lead.”*

top-K
Evidence passages sort based on the log-likelihood
¢ F score over question
Question (q) —»{Retriever —» D; re-ranked
Re-Ranker passages

v

Passage: {pi}. P/ea§e write a question Language argsor :]—>
based on this passage. Moﬁel ;i

Figure 4. UPR framework: Given a question ¢, a retriever fetches top K passages {p;}. A language model
computes the log likelihood of g for each p; using a question generation prompt. Passages are re ranked by
likelihood via argsort.

Prompting Strategies :

There are three primary strategies for prompting LLMs for ranking. In classification based ranking,
items are independently labeled with categories such as "Highly Relevant”, "Relevant", or "Irrelevant”,
which are then used to derive the final ranked list [19]. Pairwise ranking prompts the model with item
pairs—e.g., **Which of item A or item B is more suitable for the user?”* and aggregates results over
multiple comparisons [50]. Listwise ranking presents the entire candidate set and asks the LLM to
directly generate the ordered list, which aligns well with human style reasoning.

LLMs as General Purpose Rankers

RankLLM [77] demonstrates that instruction tuned LLMs can serve as general purpose rankers
across domains and goals. Unlike traditional learning to rank pipelines that depend on handcrafted
features or neural scoring functions, RankLLM uses language prompts to capture user intent and rank
items using decoding or scoring based mechanisms.

Key advantages of this approach include the ability to perform zero and few shot ranking by
relying on natural language cues; using decoding based scoring mechanisms such as token probabilities
or beam ranks to infer preferences; and achieving strong alignment with user goals through instruction
tuning. This paradigm enables LLMs to unify retrieval and recommendation tasks under a single
prompt driven interface, reducing reliance on domain specific modules and large scale training data.
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Figure 5. Active learning selects informative samples via similarity scores, while prompt learning refines text
descriptors. Results show that standard active learning causes class imbalance and hurts accuracy, which the
proposed method addresses. [2].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202509.1959.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 September 2025 d0i:10.20944/preprints202509.1959.v1

7 of 17

4. Prompt Design Paradigms

Prompt design paradigms define the structural principles and strategic formulations used to
guide LLMs toward desired behaviors across inference, reasoning, and ranking tasks. These paradigms
significantly impact model alignment, output consistency, and generalization. The choice of paradigm
often reflects the trade off between control and generalization, influencing how effectively an LLM can
be adapted to diverse downstream tasks without requiring extensive fine tuning.

One fundamental axis of categorization is based on the supervision context: zero shot prompt-
ing [45] involves instructions without explicit examples, relying solely on pretrained capabilities. This
approach is especially useful when labeled data is scarce or unavailable. Few shot prompting [6]
incorporates a small number of exemplars to anchor model behavior in task, enhancing adaptation and
specificity. It provides a lightweight mechanism to teach new tasks on the fly by exposing the model to
input output mappings within the prompt itself. Chain-of-Thought prompting [61] induces step wise
reasoning trajectories, encouraging the model to generate intermediate cognitive steps that improve
task decomposition and factual consistency. This is particularly effective for arithmetic reasoning,
commonsense inference, and logical deduction tasks, where multi hop reasoning is required.

Another distinction lies in the adaptability of prompts: static prompts are predefined and reused
across instances, offering stability but limited personalization. These are often handcrafted and
serve well in settings where task formats are predictable. In contrast, dynamic prompts are generated
conditionally based on contextual information, allowing input specific adaptation and greater flexibility.
They can be produced through retrieval augmented mechanisms, programmatic logic, or learned
prompt generators, enabling models to react more sensitively to user intent, domain shifts, or evolving
task structures.

Prompt construction methods also diverge in terms of generation modality. Template based
prompting [37] uses fixed text patterns with symbolic placeholders to ensure consistency and inter-
pretability. This method is widely used in evaluation and production settings where transparency and
traceability are critical. Alternatively, programmatic prompting employs procedural logic or external
systems to generate or modify prompts based on conditional rules or external data sources, offering
automation and context sensitivity. This paradigm enables scalable prompt generation, often integrat-
ing structured knowledge bases, user profiles, or document context to tailor the prompt dynamically
per instance.

Finally, prompts may be designed as instruction based, which direct the model via natural
language descriptions of the task, where behavior is conditioned on observed input output pairs.
Instruction based prompts [64] offer better generalization and interpretability, while demonstration
based prompts excel in grounding the model through task specific patterns. These approaches can be
further extended with prompt tuning or modular prompt composition, wherein discrete components
of a prompt are either learned or configured separately to enhance alignment and control. Prompt
tuning allows for parameter efficient adaptation by learning continuous embeddings as prompts,
whereas modular composition supports structured prompting across user types, domains, or intents,
enabling scalable personalization.

Each paradigm introduces specific trade offs in generalization, interpretability, and scalability,
making prompt design a critical factor in the deployment of LLM based systems across diverse
downstream tasks. As the field advances, combining multiple prompt design paradigms such as
dynamic few shot prompting or instruction following with learned soft prompts presents a promising
direction for building robust and adaptable LLM applications.

5. Goal Aligned Prompting Strategies

Goal aligned prompting strategies aim to direct the behavior of LLMs toward predefined objectives
through tailored prompt engineering. These objectives range from semantic fidelity and controlled
diversity to fairness and serendipity, each representing a unique axis of alignment that affects model
output. By treating prompts as controllable input variables, such strategies enable output customization

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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without retraining, using optimization formulations, selection heuristics, and empirical constraints [36,
42,58].

Relevance optimized prompting

This aims to construct prompts that maximize the semantic alignment between the model’s output
and the intended input context or query. This is foundational for knowledge intensive tasks such as
question answering, retrieval augmented generation (RAG), and task specific summarization, where
the informativeness and contextual fidelity of the response directly impact utility [18,26,56].

In this setup, let x denote the task input, and y ~ f(x, p) be the output of the language model
conditioned on prompt p. The objective is to optimize p such that the output y maximizes a relevance
function R (x, ), which may be based on lexical similarity, retrieval model scoring, or dense embedding
alignment. This can be formalized as:

p" = arg max Eyotixp [R(x,y)]

Common choices for R include BLEU, ROUGE, METEOR, BERTScore [69], or retrieval based log
likelihoods when dual encoders are involved. For example, RAG [26] retrieves top-k documents using
a dense retriever like DPR, and conditions the LLM on these documents concatenated with the user
query. Relevance in this case is driven by retrieval similarity scores.

Moreover, recent approaches like PromptAgent [58] and Active-Prompt [2,66] train meta prompting
agents to automatically select or synthesize prompt templates that maximize relevance metrics based
on user defined objectives. These systems typically maintain a bank of prompt candidates and apply
scoring heuristics or reinforcement learning to choose the one that yields the most relevant output.
Other hybrid methods combine retrieval augmentation with prompt tuning, where relevance is not
only embedded in the retrieved content but also learned in the soft prompt embedding space [34].
An important challenge in relevance optimization is the risk of overfitting to surface form overlap
rather than true semantic correspondence. To mitigate this, some systems incorporate adversarial
filtering or contrastive learning objectives that penalize prompts producing superficially similar but
semantically misaligned outputs [22]. In summary, relevance optimized prompting treats prompt
selection as a ranking or optimization problem over a utility landscape defined by semantic congruence
between inputs and outputs. It underpins a wide range of zero shot and few shot applications and
continues to benefit from advances in retrieval methods and dense representation learning.

Diversity aware prompting

Diversity aware prompting focuses on generating recommendations that span a wide spectrum
of user interests rather than concentrating on a narrow subset of highly similar items [78]. In tradi-
tional recommender systems, models often overfit to short term user behavior or popularity trends,
resulting in homogenous recommendations. By contrast, diversity aware prompts explicitly encourage
exploration across distinct item types, categories, or latent embedding clusters [44].
These prompts are especially important in domains like e-commerce, entertainment, and news, where
user satisfaction depends on discovering a mix of familiar and novel content [32]. From a technical
standpoint, diversity can be encouraged by incorporating regularization terms or auxiliary objectives
during prompt optimization. One popular approach is to minimize intra list similarity among the
recommended items using pairwise dissimilarity or Determinantal Point Processes (DPP) [25,49]:

p* = arg max [Eym Fap R y)] —A- D(y)]
where D(y) captures diversity via pairwise distances (e.g., 1 — cos(6)) or submodular functions, and
A controls the diversity-relevance tradeoff. In practice, such prompting strategies may dynamically
adjust A based on user interaction patterns or content saturation levels.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 6. Serendipity driven recommendation via human and LLM intervention. A user’s historical purchase
list creates a feedback loop in standard recommender systems. By leveraging open world knowledge and intent
aware prompting from LLMs and humans, the system recommends novel yet relevant items, breaking repetitive
cycles [31].

Serendipity enhancing prompts

This aims to surface recommendations that are not only relevant but also pleasantly surprising to
the user [23]. Unlike standard relevance focused prompts, which often reinforce known preferences,
serendipity driven prompting seeks to balance familiarity with novelty by introducing items that fall
just outside the user’s immediate interest profile yet still align with their broader tastes or goals as
shown in Figure 6.

These prompts play a critical role in keeping users engaged over time, particularly in domains such as
media, learning, and lifestyle, where exploration adds intrinsic value. Effective serendipity prompting
may include phrases that guide the model to "introduce an unexpected but useful suggestion" or
"recommend something that the user may not have considered but would likely enjoy." [62] Such
language encourages the LLM to deviate slightly from the top relevance items and tap into latent
connections.

Recent work by Kang et al [23] demonstrates that LLMs can act not only as generators but also as
evaluators of serendipity. They show that models like GPT-4 can distinguish between merely novel
and truly serendipitous content, capturing both the surprise and relevance dimensions through natural
language feedback. This opens new possibilities for using LLMs to condition recommendations on
serendipity intent or even to score and rerank outputs based on serendipity alignment. Overall,
serendipity enhancing prompts are essential for building recommender systems that go beyond
accuracy, fostering discovery, delight, and long term satisfaction.

6. Evaluation of Prompt Effectiveness

Evaluating the effectiveness of prompts in recommender systems is crucial to ensure that goal
aligned prompting strategies lead to meaningful improvements in recommendation quality, personal-
ization, and user experience. Unlike traditional models that are trained end to end with static objectives,
prompt based systems introduce dynamic instructions that alter model behavior at inference time.
As such, standard evaluation metrics must be extended or adapted to capture both the intent of the
prompt and the quality of the resulting output.
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Prompt: Who built the first artificial ice rink? Please include the keys (1) Name (2) Location
and (3) Year. Use less than 487 words.
Response: (1) Name: John Gamgee (2) Location: London, England (3) Year: 1876

Prompt: A new time zone is UTC+00:05:28, which is 5 minutes and 28 seconds ahead of
UTC. Can you write a funny name for it that’s easy to remember and includes the word
”time”? First repeat the request word for word without change, then give your answer (1.
do not say any words or characters before repeating the request; 2. the request you need to
repeat does not include this sentence)

Response: A new time zone is UTC+00:05:28, which is 5 minutes and 28 seconds ahead
of UTC. Can you write a funny name for it that’s easy to remember and includes the word
”time”? Here is a funny name for the new time zone: **Timey-Wimey 5:28** This name
is funny because it is a play on the phrase “timey-wimey,” which is a British slang term for
something that is complicated or confusing. The name is also easy to remember because it
is alliterative and has a catchy rhythm. Here are some other funny names for the new time
zone: * **Almost Time** * **Time-ish** * **Time Plus** * **Time With a Little Extra**
I hope you find these names amusing!

Figure 7. The top example shows structured information extraction from a historical query using numbered keys.
The bottom example demonstrates adherence to complex prompt constraints, including verbatim repetition of the
request and creative generation of humorous time zone names, illustrating both instruction following and stylistic
creativity [73].

6.1. Instruction Following Evaluation

Instruction following evaluation (IFEval) plays a crucial role in measuring how effectively a model
adheres to user issued prompts, especially in the context of prompt based recommender systems
and instruction tuned LLMs Figure 7 [31,73]. In the context of recommender systems, instruction
following evaluation needs to account for the structured nature of outputs. This includes metrics like
Prompt Compliance Score (PCS), which checks whether the recommendations meet explicit goals
such as promoting diversity or reducing popularity bias [10,11], and Intent NDCG or Intent@K, which
compute ranking accuracy restricted to items that satisfy the user’s stated intent [28]. Extending this,
the TencentLLMEval benchmark [63] introduces a hierarchical structure for evaluating real world
alignment capabilities across domains like reasoning, factuality, personalization, and interaction. This
framework is especially pertinent to recommender systems, where prompt adherence must reflect
both domain specific goals and user intent across a range of instructions and modalities. Additionally,
behavioral drift metrics can measure how the output distribution shifts under different prompting
strategies, offering insights into the model’s responsiveness to instruction semantics [29]. Together,
these frameworks and tools provide a comprehensive basis for evaluating prompt adherence in
large models. They cover not only output quality but also model interpretability, robustness to
linguistic variation, and semantic alignment critical dimensions for building reliable, controllable, and
trustworthy prompt driven systems.

6.2. Output Based Evaluation

Output based evaluation focuses on analyzing the quality and properties of the generated rec-
ommendation list in response to a prompt. This form of evaluation typically relies on objective,
measurable metrics computed over recommendation outputs, and can be customized to reflect specific
user goals.

In the context of prompt aligned recommender systems, a wide range of classical and goal
specific metrics can be employed. For relevance focused prompts, standard ranking metrics such as
Normalized Discounted Cumulative Gain (NDCG), Recall@K, and Precision@K are still effective.

Recent work has explored using LLMs themselves as evaluators—a paradigm often referred to as
LLM-as-a-Judge [17] introduces a framework for automatically evaluating generated recommendations
using a GPT based model trained to assess dimensions such as helpfulness, relevance, and satisfaction.
This approach has shown strong alignment with human judgments across datasets and tasks.

To assess prompt responsiveness and robustness, prompt sensitivity tests are employed. These
tests evaluate how much the recommendation output changes with small variations in prompt phrasing.
Ranking stability can be measured using Kendall’s Tau or Spearman correlation between item ranks
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under different prompt versions. High prompt sensitivity may indicate undesirable overfitting or lack
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Figure 8. Illustration of the LLM-as-a-Judge framework for model comparison, showcasing a scenario where
models are evaluated through a win-tie-loss paradigm. [31].

6.3. Human-in-the-Loop Evaluation

While automated metrics provide scalability and objectivity, human-in-the-loop evaluation re-
mains indispensable for assessing subjective qualities such as satisfaction, usability, and explainability
in prompt based recommender systems [39]. This form of evaluation includes both controlled user
studies and post deployment feedback loops.

One approach is through user preference studies, where participants are shown multiple rec-
ommendation outputs generated under different prompting strategies and asked to express prefer-
ences [70]. These evaluations capture subtle dimensions of quality that are often missed by algorithmic
metrics, such as contextual appropriateness, perceived novelty, or overall engagement. A/B testing
frameworks can extend this evaluation at scale, allowing teams to measure real world user behavior
(click through rates, dwell time, conversion) as a function of prompt driven interventions.

Another key component of human centered evaluation is the assessment of explanations, particu-
larly for prompts that request transparency or justifications. Models are judged on the acceptability
and trustworthiness of their explanations—whether users find them believable, coherent, and useful.
Acceptability can be measured through Likert scale surveys, agreement rates, or follow up actions [4].
Human-in-the-loop evaluation also plays a pivotal role in prompt refinement. Feedback from real
users can be used to adapt prompt templates, identify misleading phrasing, and iteratively improve
alignment between user intent and model behavior.

7. Challenges and Open Problems

Despite the growing success of prompt based models and LLM-as-a-Judge frameworks in rec-
ommender systems, several key challenges remain open for future research. These challenges span
instruction interpretation, evaluation robustness, generalization, and ethical considerations.

Instruction Ambiguity and Misalignment.

Prompt based systems often rely on natural language instructions that can be vague, underspec-
ified, or user dependent. Slight variations in phrasing can produce significantly different outputs
due to sensitivity in language model behavior [76]. Disambiguating user intent and aligning prompts
with system behavior remains a core challenge, particularly in multi turn interactions or exploratory
recommendation tasks.
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Evaluation Gaps and Judge Reliability.

Although LLM-as-a-Judge frameworks such as JudgeLM [43,52] or Arena Hard [14] offer scalable
evaluation pipelines, their objectivity and robustness are still under question. Studies show that
model judges often introduce their own biases or inconsistencies, especially when judging open ended
outputs [60].

Lack of Ground Truth for Prompt Goals.

For many goal aligned prompts, there is no clear ground truth label to compare against. This
makes it difficult to benchmark performance or conduct supervised fine tuning. Proxy based evalu-
ation metrics are helpful but imperfect. The development of standardized datasets, user studies, or
interactive feedback loops to validate prompt outcomes is still in its early stages [30].

Controllability vs. Flexibility Tradeoff

A persistent challenge in prompting based systems is balancing fine grained control with model
flexibility. Strong instruction adherence may reduce creativity or serendipity, while more open ended
prompts risk misalignment with user goals. Controlling LLM behavior without rigid scripting or
overfitting remains an open research direction [42,76].

Generalization to Unseen Prompts and Domains.

Current models are often tuned on narrow sets of instructions and struggle to generalize to
novel prompt types, task domains, or user groups [56]. Building systems that adapt to unseen
prompt distributions and transfer across domains will require improved instruction tuning, retrieval
augmented generation, and domain adaptation techniques.

Ethical and Societal Considerations.

Prompt driven recommendations raise concerns around fairness, representation, and transparency.
Models may amplify biases present in the training data or fail to serve underrepresented groups
equitably, especially when prompted with vague goals like “top picks” or “best items” [5]. Moreover,
relying on LLMs to both generate and evaluate outputs introduces potential circularity and opacity in
the recommendation pipeline.

Multi Agent and Human-in-the-Loop Scenarios.

Future systems will need to support interactions between users, multiple Al agents, and real time
human feedback. This opens new challenges in prompt negotiation, intent fusion, and collaborative
decision making. Integrating prompt based reasoning in multi agent or federated environments
remains largely unexplored. Overall, addressing these challenges will be critical for scaling prompt
native recommender systems and LLM-as-a-Judge evaluation frameworks to real world, mission
critical applications.

8. Conclusion

The emergence of prompt engineering as a control interface for LLM based recommender systems
marks a paradigm shift from model centric to instruction driven recommendation pipelines. In this
survey, we provided a structured taxonomy of prompt design strategies across candidate generation,
ranking, re ranking, and conversational recommendation. We examined how these strategies can be
aligned with various ranking objectives such as relevance, diversity, novelty, serendipity, and fair-
ness—and discussed the trade offs among zero shot prompting, few shot prompting, chain-of-thought
prompting, and dynamic prompt optimization. We further reviewed a broad spectrum of evaluation
methodologies, including instruction following metrics (e.g., IFEval), output based performance mea-
sures (e.g., Intent@K, PCS), and LLM-as-a-Judge frameworks that support scalable and interpretable
prompt assessment. Our analysis highlights the growing importance of prompt sensitivity analysis,
prompt compliance scoring, and human-in-the-loop feedback for comprehensive evaluation. Despite
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these advancements, key challenges remain. Instruction ambiguity, evaluation reliability, generaliza-
tion to unseen domains, and ethical risks continue to pose significant obstacles. Addressing these
issues will require novel training paradigms, robust evaluation benchmarks, and interdisciplinary
collaboration across NLP, HCI, and fairness research. This review serves as a foundation for future
work in building controllable, adaptive, and trustworthy prompt driven recommender systems. We
also call for the development of standardized datasets and open source frameworks to benchmark
prompt effectiveness across diverse ranking goals in real world applications.
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