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Abstract

Large language models (LLMs) increasingly
serve as recommendation engines, yet existing
preference control work primarily focuses on
coarse-grained objectives such as safety, help-
fulness, or writing style, while overlooking fine-
grained provider preferences, i.e., user prefer-
ences over specific brands, platforms, or ser-
vices. Such preferences are often multi-intent,
context-dependent, and dynamically changing,
making them difficult to control with prompt-
ing, fine-tuning, or activation steering meth-
ods. In this paper, we present COPILOT, a plug-
and-play, training-free framework. It first de-
composes each prompt into sub-tasks with cor-
responding user-specific provider preference
configurations. Then it uses a diffusion lan-
guage model to draft sub-task responses with
hard preference constraints injected at the ini-
tial mask, which are finally completed into flu-
ent answers by the target LLM. Experiments
across code and text domains on three target
LLMs show that COPILOT effectively improves
provider preference satisfaction by up to 58.9%
over the strongest baselines while reducing ir-
relevant provider mentions by up to 87.8% to
ensure recommendation quality. This work
aims to lay a foundation for LLM recommenda-
tions that balance personalized experience with
real-world application values.

1 Introduction

Large language models (LLMs) are increasingly
used as recommendation agents in domains such
as coding assistants, online services, and prod-
uct selections (Sanner et al., 2023; Wu et al.,
2024; Search, 2025). However, current LLM rec-
ommendations often fail to reflect users’ prefer-
ences over specific providers, technology platforms,
or brands (Zhang et al., 2025; Deldjoo, 2024).
Such mismatches force users to repeatedly revise
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prompts or regenerate responses, reducing both
recommendation quality and user trust (Srinivasan
et al., 2002; Wang et al., 2023b). Aligning LLM
recommendations with users’ personalized prefer-
ences has therefore become a core issue in building
trustworthy and usable LLM applications.

Existing work on LLM preference control and
alignment (Gao et al., 2024; Ouyang et al., 2022;
Lyu et al., 2024; Mysore et al., 2023a) focuses ei-
ther on coarse-grained objectives such as safety and
helpfulness (Ouyang et al., 2022; Gao et al., 2024),
or on stylistic dimensions such as tone and writ-
ing style (Lyu et al., 2024; Mysore et al., 2023a).
Neither addresses the fine-grained provider prefer-
ence behind many real-world requests, where users
favor specific brands for online services (Srini-
vasan et al., 2002) and developers form path de-
pendencies on particular languages, frameworks,
and cloud platforms shaped by existing technology
stacks, organizational norms, and cost considera-
tions (Stack Overflow, 2025). Unlike stable stylis-
tic preferences, provider preferences span multiple
scenarios and candidate providers that evolve over
time. Moreover, a single user prompt typically acti-
vates only a subset of them, demanding precise ac-
tivation rather than enumeration. Controlling such
multi-intent and dynamic provider preferences in
LLM recommendations remains an important yet
largely unexplored challenge. Therefore, it calls
for a dedicated solution beyond existing coarse-
grained alignment methods, enabling commercial
and personalized LLLM applications.

Existing preference control methods have two
limitations when applied to the provider prefer-
ence. @ Low Reliability in Multi-Intent Contexts.
When a single user prompt contains sub-tasks in-
volving multiple scenarios, existing prompt-based
methods may confound the preferences on differ-
ent providers, leading to unstable and unreliable
preference control (Zhang et al., 2025), as illus-
trated in Fig. 1 (®). In addition, although gen-
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erating multiple candidate results and re-ranking
from them can improve the preference control ef-
fectiveness (Ramirez et al., 2023; Yun et al., 2025),
the sampling process introduces significant latency
and computational overhead, making it impractical
in real-world applications. @ Prohibitive Adapta-
tion Cost. Provider preferences are dynamic, fre-
quently shifting in response to evolving project
requirements, budgets, or external environments
and events. Existing preference alignment meth-
ods based on fine-tuning and steering (Huang et al.,
2023; Gao et al., 2024; Cao et al., 2024) require sub-
stantial annotated data and heavy training overhead,
making it impractical to rapidly adapt to the rich
and continuously evolving provider preferences.
To fill this gap, we propose COPILOT, a training-
free framework that leverages the collaboration of
the diffusion language model (DLM) and LLM to
satisfy users’ diverse and dynamic provider prefer-
ences. COPILOT consists of three modules, namely
scenario planning, draft generation, and response
completion. Given a user prompt and a prefer-
ence configuration, COPILOT first decomposes the
prompt into sub-tasks and matches each one with
its target preference scenario (§4.1). It then exploits
a DLM with constrained decoding to draft sub-task
responses in parallel, injecting user preferences
into the initial mask as hard constraints (§4.2). The
target LLM finally merges these drafts and com-
pletes them into a fluent answer (§4.3). Such a
design leverages DLM’s advantage in parallel dif-
fusion decoding, accurately imposing fine-grained
provider preferences across diverse scenarios, with-
out any additional training. Experiments on the
code and text domains across three target LLMs
show that COPILOT improves provider preference
satisfaction by up to 58.9% over the strongest base-
lines while preserving recommendation quality.
The contribution of this paper is as follows. @
We formulate the problem of fine-grained provider
preference control in LLM recommendation, and
reveal its importance and challenges in real-world
applications, providing a new perspective and di-
rection for future research on personalized LLM
and its commercial applications. @ We design a
practical training-free provider preference control
framework, COPILOT. It innovatively introduces
the collaborative workflow of DLM and LLM in
the preference control, achieving accurate provider
preference control of LLM recommendation results.
® We evaluate COPILOT on three target LLMs
across two recommendation domains, and COPI-
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Fig. 1: Motivation example of COPILOT. (Given a user prompt that
covers three sub-tasks (‘install static asset caching on cloud’, ‘read out website
text’, and ‘compress video’) and a four-entry preference configuration, only the
first and third sub-tasks match the cloud hosting and video processing scenarios
in this configuration. Standard zero-shot prompting incorrectly invokes Aws for
cloud hosting although the user prefers Microsoft Azure, and grounds only one
of the two relevant preferences. COPILOT grounds both relevant preferences
correctly (Microsoft Azure for cloud hosting and Microsoft Azure Video Indexer
for video processing) and leaves the unmatched sub-task ‘read out website text’
to the target LLM’s default generation.)

LOT outperforms baseline methods in preference
control while maintaining high recommendation
quality. @ Our implementation and data are pub-
licly available'.

2 Background & Related Work

LLM Recommendation. Existing LLM recom-
mendation research can be divided into two cat-
egories based on how LLMs are used (Wu et al.,
2024). The first category combines LLMs with
traditional recommendation models to enhance
the performance of the recommendation system
(RS) (Wu et al., 2021; Zhang et al., 2022; Yang
et al., 2022). Recently, researchers design LL.M-
Rec, which significantly improves the recommen-
dation quality of RS through four prompting strate-
gies and LLM-enhanced text (Lyu et al., 2024).
With the improvement of LLM capabilities, LLMs
are gradually evolving from recommendation as-
sistants into recommendation engines that can di-
rectly and independently make recommendation
decisions (i.e., LLM as RS) (Mysore et al., 2023b;
Zhang et al., 2024; Hou et al., 2024; Lin et al.,
2024). In recent years, LLM as RS exhibits con-
text understanding and generation capabilities that
surpass traditional RS, such as directly recommend-
ing code snippets based on user requirements (Liu
et al., 2023a; Zhang et al., 2025). This paper pri-
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marily focuses on the LLM as RS.

Diffusion Language Model. Diffusion models
have recently emerged as a promising paradigm
in natural language processing, offering distinct
advantages over autoregressive models in terms
of global planning and generation flexibility (Li
et al., 2022; Gong et al., 2023; He et al., 2023).
Unlike autoregressive models that generate tokens
sequentially from left to right, diffusion language
models (DLMs) generate text by iteratively refining
the initial masked token into coherent sequences,
allowing for bidirectional context modeling and
efficient parallel decoding (Han et al., 2023; Gong
et al., 2023). Recent studies have demonstrated the
superiority of DLMs in complex controllable gen-
eration tasks (e.g., code generation) (Singh et al.,
2023; Yang et al., 2023). Note that such a masked
denoising decoding is a general mechanism rooted
in the diffusion paradigm rather than a specific
model’s feature. In this paper, we leverage the
masked decoding mechanism of DLMs to intro-
duce user preference services as hard constraints in
the initial token sequence, thereby effectively and
efficiently generating controllable recommendation
results.

Stage-wise Problem Solving. Findings in cog-
nitive science reveal that complex generation be-
comes more reliable when decomposed into dis-
tinct stages, as exemplified by the classic process
model of writing by Flower and Hayes that frames
writing as iterative planning, translating, and re-
viewing rather than a single pass from intention
to text (Flower and Hayes, 1981; Kellogg, 2008).
A similar pattern appears in modern LLM work-
flows, where explicit decomposition, intermediate
plans, or scratchpads are introduced to stabilize
multi-step generation (Wang et al., 2023a; Shen
et al., 2023). Our framework follows the same
principle and decomposes recommendation genera-
tion into coordinated stages of planning, drafting,
and refinement. Note that, different from existing
plan-then-generate workflows whose intermediate
plans are natural-language texts re-interpreted by
the same autoregressive decoder, COPILOT mate-
rializes its plan as DLM drafts in which multiple
preference anchors are fixed simultaneously in the
initial mask. Therefore, the matched provider pref-
erences are structurally bound into the response
skeleton rather than left as soft textual instructions.
Personalized LLM. To align LLM responses with
human preferences and values, researchers have
explored a range of personalization and preference

control techniques (Khanov et al., 2024; Deng and
Raffel, 2023; Li et al., 2025; Huang et al., 2025;
Mudgal et al., 2024; Wu et al., 2026). One of
the mainstream methods is reinforcement learn-
ing from human feedback (RLHF) and its variants,
which fine-tune the model on large-scale preference
datasets to instill general values such as ‘helpful-
ness’ and ‘harmlessness’ (Ouyang et al., 2022; Gao
et al., 2024, Zollo et al., 2025). However, such
methods incur substantial training overhead and
struggle to adapt to dynamically changing provider
preferences. Additionally, inference-stage alter-
natives steer behavior through carefully designed
prompts (Liu et al., 2023b) or activation-layer steer-
ing vectors (Cao et al., 2024). Another line of
decoding-time alignment methods guides the gen-
eration with reward models or classifiers during
decoding, such as reward-guided decoding and
search (Khanov et al., 2024; Deng and Raffel, 2023;
Mudgal et al., 2024) and decoding-time alignment
frameworks (Huang et al., 2025; Li et al., 2025).
Beyond human preferences, lexically constrained
generation methods enforce contextual relevance
and output quality at the token level (He, 2021;
Zhang et al., 2020; Yun et al., 2025).

In this paper, we study fine-grained provider
preference control in LLM recommendation. Com-
pared with the general constraints studied in con-
trollable generation (e.g., lexical or stylistic require-
ments), provider preferences are unique in that they
bind a user-specific scenario-to-service mapping
with a concrete realization. Namely, a preference is
satisfied only when the matched sub-task actually
uses the registered service through its name, SDK,
or API calls. Meanwhile, replacing the registered
service with an otherwise reasonable alternative
still breaks the preference, since such substitutions
can violate the procurement, compatibility, or de-
ployment requirements behind the user’s choice.

3 Problem Statement

Different from the prior personalized LLM work
that adapts a model toward coarse-grained safety
objectives or broad stylistic dimensions, this paper
studies provider preference control, namely, reg-
ulating which concrete service providers, brands,
or platforms appear in a recommendation response.
Formally, given a user prompt P, a target LLM 6,
and a preference configuration C = {(s;, vz)}ﬁ1
that registers a service v; from preferred provider
for each anticipated scenario s;, the goal is to pro-
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duce a high-quality response 2 such that every sub-
task ¢ whose intent matches the scenario s; € C is
realized with v;, while sub-tasks unmatched by C
are left to the default behavior of 6;.

R* = arng%X Q(R | P7 9[)7 (1)

where the function Q(-) evaluates the given re-
sponse R from two complementary dimensions.
O Preference adherence dimension requires every
sub-task whose intent matches a registered scenario
s; € C to use the preferred service v; in the answers.
@ Response quality dimension requires the overall
response to stay fluent, self-consistent, and infor-
mative. Note that this dimension also penalizes
hallucinated providers or the enumeration of irrele-
vant providers.

In real-world applications, the provider prefer-
ence control task exhibits two unique character-
istics that expose the limitations of existing tech-
niques. @ On-demand Activation with Multi-intent.
The preference configuration C (submitted by users
or aggregated from historical conversations) can ac-
cumulate dozens of preferences and corresponding
scenarios. A single user prompt P typically inter-
leaves multiple sub-tasks and therefore activates
only a small subset of C, requiring the model to
bind each sub-task to its own matched preference.
However, existing prompt-based methods handle
this targeted activation poorly and could misroute
providers to unrelated sub-tasks. They may even
mechanically enumerate every registered service in
the response, leading to low response quality. @
High Dynamism. User preferences for providers
fluctuate frequently as personal interests evolve,
project budgets shift, or the technology stacks it-
erate. However, mainstream training-based and
steering-based alignment methods rely on large-
scale annotated data and a heavy training process.
Consequently, it is impractical for them to keep
pace with the real-time preference updates that pro-
duction recommendation systems demand. There-
fore, there is an urgent need for a training-free and
precise provider preference control method, which
is a significant step towards realizing a truly per-
sonalized and commercially viable next-generation
LLM recommendation system.

4 Design

To overcome existing limitations, we propose
COPILOT, a training-free framework. Our design

is inspired by the cognitive process model of writ-
ing proposed by the prior work (Flower and Hayes,
1981), which posits that high-quality writing in-
volves three core phases, namely planning (orga-
nizing ideas and goals), franslating (converting
ideas into text), and reviewing (refining the out-
put). Adapting this cognitive process model to rec-
ommendation generation, COPILOT implements a
‘Plan-Draft-Complete’ workflow comprising three
corresponding modules, as illustrated in Fig. 2.

Specifically, given a user prompt P and a pre-
defined preference configuration C, COPILOT aims
to produce a high-quality response R that follows
the user’s preferences through three coordinated
modules. @ COPILOT starts by organizing the gen-
eration goals (i.e., preferences). The scenario plan-
ning module first decomposes the prompt P into
multiple sub-tasks and matches each sub-task to
a specific scenario in C when one exists, yield-
ing a structured task list 7. @ Then, in the draft
generation module, COPILOT translates the goals
into drafts. It constructs hard constraints for each
sub-task based on the matched preference and em-
ploys a DLM to generate the draft responses D
containing preference services in parallel. & Fi-
nally, COPILOT refines and completes the final out-
put. The response completion module merges the
drafts D, queries the target LLM to complete the re-
sponse R that follows the user’s preferences. This
hierarchical design enables COPILOT to effectively
handle multi-task prompts without additional train-
ing, ensuring reliable preference alignment without
compromising response quality. The complete al-
gorithm is in §A.1.

4.1 Scenario Planning

The scenario planning module first decomposes
complex, multi-intent user prompts into granular
sub-tasks that align with the preference configura-
tion C. It outputs a list of sub-tasks, each annotated
with a set of preference anchors. Specifically, lever-
aging the in-context learning and reasoning capa-
bilities of LLMs demonstrated in prior work (Wang
et al., 2023a; Shen et al., 2023), COPILOT em-
ploys a prompting method to guide the model to
parse the original input prompt into a sequence of
independent sub-tasks, extracting the correspond-
ing description for each sub-task from the original
prompt. This decomposition process is grounded
in the user’s preference configuration. Note that
COPILOT leverages the target model §; to add the
description of each scenario, avoiding introducing

32030



o o
Write Python scripts to

install static asset caching
on Cloud, read out website
text, compress video ...

User Prompt

R
> Cloud Hosting: Microsoft

|Azure;

> Data Storage: Amazon S3:
> Serverless Deployment:
AWS Lambda:

> Video Processing: Microsoft
Azure Video Indexer:

Scenario Planning
(§3.1)

a[

Draft Generation
(§3.2)

Ja

Response Completion
(§3.3)

[D:COMPOSI tio

& Matching

Static Asset Caching Layer
(Cloud Hosting: Microsoft Azure)\

Apply
@ / Sub-Task 1 Constmmt

Read Out Website Text
reference: Genera

Sub-Task 2

Compress Video
(Video Processing: Microsoft
Azure Video Indexer)

N
\frum azure.identity import
DefaultAzureCredential

# service: Microsoft Azure

( O O 1) concurrently

Generute

from azure.identity import
DefaultAzureCredential

# service: Microsoft Azure
from azure.mgmt.cdn import
CdnManagementClient
cdn_client =
CdnManagementClient(...)

Concat with inglp;gte
Draft stponse 1 <mask> N import pyttsx3
®—> !Lfy text_to_speech(text)
# service: Microsoft Azure
Target Video Indexer
LLM url = “"api.videoindexer.ai"

[# service: Microsoft Azure
Video Indexer
url = "api.videoindexer.ai/..."

R

upload_video_and_index(url)

Sub-Task 3

5 Preference

Preference-aware
Response

Drnﬂ:esp;sc 3

Configuration

Fig. 2: The workflow of COPILOT. (CopILOT first decomposes the user prompt into sub-tasks and matches each to a scenario in the preference configuration
when one applies (e.g., ‘Cloud Hosting” and ‘Video Processing’), while sub-tasks without a matching scenario are marked as general (e.g., ‘Read out website text’).
For each matched sub-task, COPILOT constructs hard constraints and uses a DLM to generate draft responses containing the preferred services in parallel (i.e.,
Microsoft Azure and Microsoft Azure Video Indexer in red). Finally, COPILOT concatenates the drafts with <mask> tokens, queries the target LLM to complete the
missing details (including the subtask with no preference, marked in grey), and returns a high-quality response that matches the user preferences.)

extra sub-tasks in the decomposition process.

Once decomposition is finished, the sub-tasks
that semantically match a specific scenario in C are
explicitly tagged with their corresponding preferred
services. For each matched sub-task, COPILOT fur-
ther queries the target LLM to generate a set of
preference anchors (e.g., preferred service name
and representative API snippets). These anchors
are jointly forwarded to the draft generation module
to steer the DLM toward the preferred service. Con-
versely, if a sub-task within the input prompt does
not correspond to any defined preference scenario,
CoOPILOT marks it as a general task and does not
constrain it in the subsequent generation phase, so
that COPILOT will not carry preferences for these
parts of the request, and the general utility of the
target LLM is preserved.

4.2 Draft Generation

As mentioned in §2, unlike classic LLMs that gen-
erate tokens sequentially from left to right, DLMs
generate text by iteratively denoising and refining
a sequence of noise or masked tokens into coher-
ent text (Li et al., 2022; Han et al., 2023). This
bidirectional nature allows DLMs to perform text
in-filling, making them ideal for embedding prefer-
ences during decoding.

To efficiently generate draft responses that in-
clude user-preferred services for each decomposed
sub-task, COPILOT leverages the diffusion decod-
ing process of DLMs in this module. Specifi-
cally, before the decoding process begins, COPILOT
initializes the masked token sequence (e.g., X°
in Fig. 3) with the preference anchors set produced
by the planning module at distinct positions in the
sequence. COPILOT marks these anchor tokens
as fixed, so the DLM preserves them throughout

— .
L* -
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1 ) ) ) o) et
V4 LI 77000
Fig. 3: A demo of iterative decoding process of DLM. Starting
from an initial masked token sequence with a fixed token in
the middle (i.e., X°), DLM gradually refines the sequence

over multiple denoising steps until generating the final output
(i.e., X™). Red marks the denoised tokens.

Iterative Decoding

denoising while only filling the surrounding mask
tokens. During the subsequent denoising steps, the
DLM iteratively generates context around these an-
chored tokens until meeting the stopping criteria,
yielding a compact skeleton of the response, such
as the structural backbone of a code snippet or the
topical outline of a textual answer.

By distributing the preference anchors across
several concrete textual positions before full re-
sponse generation begins, this multi-anchor strat-
egy gives the constraint multiple footholds within
the draft and thereby prevents the subsequent com-
pletion module from drifting away from the con-
figured preference. By contrast, an autoregressive
baseline would have to introduce each anchor at a
separate point along a left-to-right trajectory, and
the surrounding fluency pressures can easily dilute
or override such one-shot commitments (Li et al.,
2022). Note that this module aims to effectively
generate draft responses that follow the user prefer-
ences, and the details and quality of responses will
be completed and refined by querying the target
LLM in the next module.
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4.3 Response Completion

Although the draft responses generated in the previ-
ous module contain the correct preference anchors,
they may lack semantic fluency and detailed con-
text due to the limited generation capability of the
lightweight DLM. Therefore, the response comple-
tion module leverages the strong generation capa-
bilities of the target LLM to refine and complete
the final response.

Specifically, COPILOT concatenates the draft re-
sponses in the sequential order of the sub-tasks and
inserts mask tokens between adjacent drafts as ex-
plicit slots for missing details. We then construct
a composite prompt that feeds the user’s original
prompt and the merged draft sequence into the tar-
get LLM 6;, querying the model to replace the mask
tokens with response details while preserving the
draft contents. This is a classic text completion
task for modern LLMs (Donahue et al., 2020; Du
et al., 2022), where the drafts serve as a skeleton
that outlines the key components of the response,
and the masked positions leave room for the LLM
to fill in the supporting details and ensure fluency.

This module mirrors the reviewing stage of the
cognitive process model (Flower and Hayes, 1981),
in which the target LLM does not start from scratch
but treats the merged drafts as a scaffold and inte-
grates the sub-tasks into a coherent final answer.
This decoupled design ensures that the final rec-
ommendation results maintain high fluency and
quality, without compromising the strict preference
alignment established in the drafting module.

5 Experiments

5.1 Setup

Datasets. We evaluate COPILOT on the code and
text domains, with one dataset per domain. The
code dataset contains prompts adapted from prior
work (Zhang et al., 2025) and covers 15 program-
ming scenarios (e.g., cloud hosting and data anal-
ysis). The text dataset is curated from public dia-
logue and recommendation corpora (Budzianowski
et al., 2018; Rastogi et al., 2020) and covers 5 ev-
eryday recommendation scenarios. Each dataset
contains both single-task prompts and multi-task
prompts that concatenate up to three sub-tasks.
Our experiments finally include a total of 407
single-task prompts (292 for code and 115 for text)
and 1,390 multi-task prompts (650 for code and
740 for text). In addition, to simulate the real-world
setting where pre-registered preferences may not

strictly align with every prompt, we generate three
preference configurations for each prompt. Each
configuration is composed of several verified ser-
vices and mixes scenarios covered by the prompt
with distractor scenarios that are absent from it.
Therefore, the methods in experiments must distin-
guish requested preferences from unrelated ones
rather than blindly invoke every registered entry.
Pairing each prompt with verified preference con-
figurations yields 5,391 cases, of which 1,221 are
single-task cases and 4,170 are multi-task cases.
More details are in §A.2.1.

Models. We conduct experiments on three models
(i.e., ;) that span different open- and closed-source
families, with Qwen3-32B (Yang et al., 2025) (here-
after Qwen) and Gemma-3-12B (Team et al., 2025)
(hereafter Gemma) as the open-source backbone
models and Gemini 3.1 Flash-Lite (hereafter Gem-
ini) as the closed-source model in experiments.
Metrics. Our experiment adopts four metrics that
comprehensively evaluate the preference adherence
and response quality. Metric details are in §A.2.1.
o Preference adherence. Following the prior
work (Yun et al., 2025), we report two metrics at
different granularities. Prompt-level Accuracy (PA)
is the fraction of cases where the response satisfies
all preferences in the prompt, while Instruction-
level Accuracy (IA) is the fraction of individual
preferences (across all cases) that are satisfied. PA
measures strict per-case adherence, and IA calcu-
lates the adherence at the sub-task level.

® Response quality. We report a Distractor Rate
(DR), the rate at which a response mentions a ser-
vice from a distractor scenario, i.e., a scenario in
C that is not requested by the current prompt. A
low DR means the response consistently focuses
on what the user requested, while a high DR means
the response also activates distractor entries by list-
ing extra providers without going into detail about
the code or recommendation, which can lead to an
abnormally high adherence score. Following prior
work (Zheng et al., 2023), we introduce Quality
Score (QS) as an auxiliary metric for response qual-
ity assessment. It leverages ‘GPT-5.1-2025-11-13’
model to rate the response on a ‘1-to-10’ scale.
Baselines. We compare COPILOT against four rep-
resentative training-free baselines (adapted to the
provider preference task) that cover the prompting
and decoding strategies most commonly used for
preference control. Note that our experiment ex-
cludes training-based methods since they require
heavy training on manual generated dataset for
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each preference configuration, which is impractical
for the dynamic provider preference setting in this
work. @ Zero-shot prompting appends the full pref-
erence configuration to the user prompt and queries
the target LLM in a single turn (Yun et al., 2025).
® Grouped prompting reorganizes the configura-
tion into structured constraint groups before the
same single-turn query, which shortens the prompt
and reduces cognitive load on the model (Yun et al.,
2025). ® Step-wise prompting partitions the prefer-
ences across multiple dialogue turns and elicits the
response incrementally, so that each turn focuses
on a smaller constraint subset (Yun et al., 2025).
® Constrained method applies the design of con-
trolled decoding (Lu et al., 2021), expressing each
preference as a lexical constraint and biasing to-
ken selection toward sequences that satisfy these
constraints. Since the Gemini model does not pro-
vide logits, our experiments on Gemini do not use
constrained decoding that depends on logits.

Implementation. All local experiments run on a
Rocky Linux 9.7 server with four NVIDIA L40
GPUs under Python 3.9, and we query Gemini
through its public API with the same prompts and
preference configurations. COPILOT uses LLaDA-
1.5 (Nie et al., 2025) as the DLM in experiments.
To improve robustness, we query each case three
times and report the mean and standard deviation
of each metric. Additional anchor-injection details,
prompt templates, and DLM settings are in §A.2.1.

5.2 Effectiveness of COPILOT

Experiment Design. To study the effectiveness of
COPILOT in controlling provider preference, we
evaluate COPILOT against four prompting and de-
coding baselines (Zero-shot, Grouped, Step-wise,
and Constrained) on the full evaluation dataset de-
scribed in §5.1, which covers single-task and multi-
task prompts across the code and text domains.
Table 1 reports the main comparison, where each
row corresponds to the results of different methods
on different models.

Analysis of Effectiveness. As shown in Table 1,
COPILOT achieves the best preference control per-
formance among all methods across three target
LLMs. Specifically, COPILOT simultaneously at-
tains high PA, IA, and QS together with low DR, in-
dicating that it can precisely generate high-quality
responses containing user-preferred services with-
out introducing irrelevant distractor items. The
advantage is particularly pronounced in multi-task
settings, where COPILOT improves PA by up to

58.9% and reduces DR by 74.0% compared with
the strongest baseline ‘Grouped’ (Gemma model
and multi-task code dataset).

On the code dataset, COPILOT leads PA and
IA across all three target LL.Ms, and this advan-
tage widens as the prompts shift from single-task
to multi-task settings. For instance, on the Qwen
model with multi-task prompts, COPILOT reaches
80.3% PA while the second best method ‘Grouped’
attains only 60.9%, and on the Gemini model,
COPILOT achieves 95.8% PA against 69.3% for
the second best method ‘Step-wise’. Our analysis
indicates that this performance gap is attributed to
the precise nature of code generation tasks, where
the included service has to surface through a con-
crete API call or import statement. Once a single
prompt mixes multiple sub-tasks, prompting meth-
ods easily drop or substitute a preferred provider
in the reasoning chain, and the constrained decod-
ing method lacks the global view needed to decide
where a service should appear inside a long code
skeleton. In contrast, COPILOT embeds preferred
services as preference anchors in DLM decoding,
so the generated draft can fix the target services
before the downstream LLM fleshes out the sur-
rounding code, resulting in strong adherence and
low distractor activation.

For the text domain, most baselines push PA
and IA close to 100%, which looks like flawless
preference control. However, our further analy-
sis reveals that the baselines reach such adherence
only by mechanically listing every service in the
preference configuration, regardless of whether the
user actually requested it. For example, on the
Qwen model with single-task text prompts, ‘Zero-
shot’ achieves the DR of 99.4%, and ‘Constrained’
achieves 97.1%. In contrast, COPILOT activates
only the preferred services that match the current
sub-tasks while leaving distractor scenarios un-
touched. It gives up a marginal 1.2% in PA un-
der this setting, but earns a steep drop of more
than 87.8% in DR. This behavior follows the de-
mands of real applications. As discussed in §2,
the platform could register a large pool of prefer-
ence entries while any single prompt touches only
a small subset, so a recommender that activates
every service would clutter the response and may
breach compliance policies that scope preferences
to specific scenarios.
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Table 1: Comparison between COPILOT and baselines across code and text dataset. (The symbols 1 and | separately indicate whether
a higher or lower value of a specific metric is preferable. Bold indicates the best result, italic with underline indicates the second best result, and gray marks the

standard deviation.)

Single-task Code Multi-task Code

Single-task Text Multi-task Text

Model  Method
PA (%)t IA(%)T DR(%)] QST PA(%)T IA(%1T DR(%){ QST PA (%)t 1A (%)T  DR(%)) QST PA (%)t 1A (%) DR(%)| QST
Zero-shot 41.7(0.9) 41.7(09) 458(1.3) 3.6(2.9) 56.9(0.1) 733(0.2) 65.6(0.7) 55(1.3) 99.9(0.0) 99.9(0.0) 99.4(0.0) 7.9(1.5) 100.0(0.0) 100.0 (0.0) 98.0(0.0) 7.3(1.3)
Grouped 70.5(1.2) 70.5(1.2) 703(1.6) 45(1.3) 60.9(0.7) 74.8(0.5) 57.7(1.1) 4.8(1.2) 100.0 (0.0) 100.0 (0.0) 59.1(/2.5) 88(1.2) 99.9(0.0) 100.0 (0.0) 757(2.8) 7.6(1.5)
Qwen  Step-wise 189(0.8) 189(0.8) 17.6(1.0) 39(1.0) 155(0.5) 23.3(0.5 169 (1.5 4.2(1.2) 100.0 (0.0) 100.0 (0.0) 92.9(0.0) 6.5(0.9) 100.0 (0.0) 100.0 (0.0) 90.0(0.8) 6.7 (1.6)
Constrained 699 (1.1) 699 (1.1) 743(1.5) 51(/.2) 56.7(0.8) 73.1(0.6) 655(1.8) 5.6(/.5) 100.0 (0.0) 100.0 (0.0) 97.1(0.0) 7.6(2.3) 100.0 (0.0) 100.0 (0.0) 96.7 (0.0) 7.4(1.9)
CorILOT 78.5(0.6) 785(0.6) 155(0.4) 54(1.4) 80.3(1.4) 853(1.1) 19.0(0./) 58(1.5) 988(1.6) 988(l.6) 7.2(1.6) 95(0.5 98.6(1.4) 99.3(0.7) 39.8(0.8) 7.3(1.3)
Zero-shot 72.0(2.0) 72.0(2.0) 725(1.3) 41(1.1) 43.6(04) 623(0.4) 53.5(0.1) 4.5(1.2) 100.0 (0.0) 100.0 (0.0) 983 (1.7) 7.9(1.1) 100.0 (0.0) 100.0 (0.0) 97.9(0.9) 7.5(1.7)
Grouped 70.1(1.0)  70.1(1.0) 754(1.3) 3.7(0.7) 53.5(0.7) 70.6(0.4) 70.5(0.6) 3.4(0.9) 100.0 (0.0) 100.0 (0.0) 29.0(43) 8.9(1.0) 99.9(0.2) 100.0(0.1) 67.2(2.7) 17.8(1.2)
Gemma  Step-wise 37.3(0.9) 373(09) 37.9(1.6) 38(0.7) 84(0.2) 12.6(0.3) 10.4(0.4) 3.7(0.7) 99.4 (0.5 99405 913(09) 74(1.5) 99.8(02) 99.9(0.1) 92.1(1.7) 64(1.4)
Constrained 71.2(1.5) 71.2(1.5) 73.0(1.9) 4.0(1.4) 45.6(0.9) 63.5(0.9) 545(0.8) 4.3(0.9) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 7.8 (1.4) 100.0 (0.0) 100.0 (0.0) 958 (0.2) 7.2(1.3)
CorILOT 80.0 (0.5) 80.0(0.5) 2L7(1.4) 47(1.6) 85.0(1.2) 88.8(0.7) 183(0.5) 45(1.2) 954(32) 954(32) 259(42) 83(1.8) 98.1(0.8) 99.1(04) 42.6(0.8) 6.7(1.4)
Zero-shot 56.4(42) 564(42) 658(11.0) 4.8(1.3) 46.1(2.1) 653(2.6) 66.3(42) 5.4(1.3) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 8.9 (1.4) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 8.4(1.5)
Gemini Grouped 64.5(7.2) 64.5(7.2) 745(0.0) 48(1.3) 63.4(32) 77.0(3.3) 73.2(3.2) 48(1.2) 100.0 (0.0) 100.0 (0.0) 76.4(2.4) 8.8(/.3) 100.0(0.0) 100.0 (0.0) 96.5(/.2) 7.6(1.4)
Step-wise 62.9 (10.5) 629(10.5) 67.5(42) 4.6(1.6) 69.3(24) 79.2(2.2) 752(52) 53(1.2) 100.0 (0.0) 100.0 (0.0) 100.0(0.0) 7.6(1.2) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 7.4 (1.1)
CorILOT 95.8(2.4) 958(2.4) 125(3.9) 44(1.7) 958(1.7) 958(1.7) 25.0(3.5) 4.6(0.8) 100.0 (0.0) 100.0 (0.0) 18.1(2.4) 8.8(0.9) 100.0 (0.0) 100.0 (0.0) 26.4(2.4) 8.2(/.0)

Table 2: Ablation study results of COPILOT on 100 cases of
the code dataset on the Qwen model. (The symbols 1 and | separately
indicate whether a higher or lower value of a specific metric is preferable. Bold
indicates the best result, and italic with underline indicates the second best
result.)

Variant PA (%)t IA (%)t DR (%) QST
CoPILOT 82.6 83.5 19.3 6.0
- w/o Scenario Planning 50.7 63.2 71.0 53
- w/o Draft Generation 69.3 78.3 20.3 54
- w/o Response Completion 72.0 84.8 23.7 5.7

5.3 Ablation study

Experiment Design. To understand how each mod-
ule contributes to COPILOT’s performance, we con-
duct ablation experiments on 100 cases randomly
sampled from the code dataset, using the Qwen
model as the target LLM. The experiments include
three variants, while each variant disables a sin-
gle module in COPILOT while keeping all other
modules unchanged. We then compare every vari-
ant with the full system of COPILOT. The three
variants work as follows. @ ‘- w/o Scenario Plan-
ning’ replaces the LLM-based intent planning with
a coarse punctuation-based segmentation. The tar-
get LLM then matches a preference to each seg-
ment, and the labeled segments enter the draft and
completion modules. @ ‘- w/o Draft Generation’
skips the DLM draft step and gives the planned sub-
tasks and matched preferences directly to the target
LLM, which then produces the final response. ©
‘- w/o Response Completion’ returns the raw DLM
draft to the user as the final answer without further
refinement. Table 2 reports the ablation results.

Analysis of Module Contribution. As shown
in Table 2, removing any single module de-
grades the overall performance of COPILOT, which
demonstrates that each module makes a clear con-
tribution to preference control and response quality.
Specifically, removing the scenario planning mod-
ule triggers a catastrophic drop across every metric,

while PA falls from 82.6% to 50.7%, 1A drops from
83.5% to 63.2%, and DR rises sharply from 19.3%
to 71.0%. Our analysis indicates that without pre-
cise task decomposition and scenario matching, the
system fails to navigate complex prompts with mul-
tiple sub-tasks. It will activate many irrelevant pref-
erences by mistake, which leads to a high DR, and
misses what the user preferences actually ask for.
Additionally, draft generation provides the skeleton
that ensures preferences are included. After remov-
ing the draft module, although the system’s DR
remained relatively low, the PA dropped substan-
tially from 82.6% to 69.3%. This further illustrates
that simply prompting the target LLM about the
preferences it needs to satisfy is insufficient, and
LLMs are prone to forgetting these constraints in
the generation of long and complex responses. Fur-
thermore, although removing the response comple-
tion module does not lead to a significant decrease
in preference adherence, it results in the genera-
tion of rough responses, reducing the quality and
usability of the recommendation results. Notably,
this variant attains a slightly higher IA (84.8% vs.
83.5%), since the raw skeleton preserves the fixed
anchors verbatim. However, such verbatim reten-
tion in an unfinished skeleton comes at the cost of
lower PA, higher DR, and lower QS, reflecting a
trade-off between literal anchor retention and end-
to-end control quality rather than a stronger prefer-
ence control. Additional ablation results (e.g., the
text-domain ablation) are in §A.2.2.

6 Discussion

Implications. COPILOT provides a practical so-
lution for LLM recommenders that accurately ad-
heres to users’ fine-grained commercial choices.
Beyond its immediate technical performance, our
framework has broader implications at three levels.
® For end users and their organizations, COPI-
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LOT reduces the burden of repeatedly correcting
responses that ignore the established tech stack
or a service provider, improving the efficiency in
human-AlI collaboration scenarios. It also enables
organizations to enforce procurement, security, and
compliance policies through a declarative config-
uration C rather than through brittle prompts. @
For downstream applications, the training-free de-
sign lowers the integration cost of provider-aware
automation. Therefore, simply applying different
configurations can govern different agents, IDE as-
sistants, and enterprise copilots without retraining
the target model. @ For the ecosystem, reliable
preference control opens a new commercial layer
for LLM recommendation. The LLM platform
could populate a default C for users who never
upload one, turning the configuration itself into a
controllable surface for promotion or partner place-
ment. Although this capability necessitates careful
consideration of transparency and fairness risks, it
outlines a plausible and highly scalable blueprint
for monetizing LLM recommendations, potentially
yielding substantial benefits in the era when LLMs
are replacing traditional recommendation systems.
Finally, although this paper instantiates the frame-
work on provider preferences, a realistic scenario
with clear commercial value, the underlying mech-
anism is not tied to providers. Other constraints
that are registered in advance and activated on de-
mand (e.g., organization-specific terminology or
mandated tool chains) can be controlled in the same
plug-and-play manner, which we view as an extra
benefit of COPILOT.

Efficiency and Applicability. The stronger prefer-
ence control of COPILOT is achieved by the addi-
tional planning and drafting stages, whose over-
head remains modest in practice. As detailed
in §A.2.6, the median end-to-end latency of COPI-
LOT on the code dataset (224.4s per output on the
Qwen model) falls within the range of the baselines
(from 168.4 to 237.1s), since the planning and draft-
ing stages account for only a small fraction of the
latency (15.0s and 15.7s, versus 190.6s for the final
completion), and the lightweight DLM only re-
quires an additional 15 GB checkpoint. Moreover,
on the Gemini models, the target-model API charge
of COPILOT is even slightly lower than those of
the prompting baselines (Table 11). Note that the
DLM does not need to match the scale of the target
model, since COPILOT only borrows its masked
decoding mechanism to embed the matched prefer-
ences into a short draft (e.g., 128 tokens), while the

fluency and details of the final response are handled
by the target LLM. Exploring how the choice of
DLM backbones affects the performance is one po-
tential future work (§A.3). Balancing the overhead
and the preference control performance, we believe
that COPILOT is best suited for the multi-intent
and distractor-heavy prompts that are common in
personalized LLLM recommendation applications,
where simple prompting methods often obfuscate
or overactivate preferences (§5.2). For simple user
prompts with few registered preferences, falling
back to lightweight prompting methods remains a
reasonable choice.

7 Conclusion

In this paper, we present COPILOT, a training-free
framework for provider preference control in LLM
recommendation. COPILOT splits each user prompt
into sub-tasks based on the given preference con-
figuration, drafts sub-task responses with a DLM
under hard preference anchors, and queries the tar-
get LLM to complete the fluent and high-quality
answer. Experiments on the code and text datasets
show that COPILOT raises the provider preference
adherence effect by up to 58.9% compared to base-
lines while maintaining recommendation quality.
We urge the community to recognize fine-grained
provider preferences as a valuable objective for
LLM alignment and to apply inference-time control
methods to explore new commercial opportunities
in LLM recommendation.
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Limitation

This study aims to design and evaluate a training-
free framework for provider preference control in
LLM recommendations. Although our dataset con-
tains 1,797 prompts and 5,391 cases (i.e., prompt-
configuration pairs) that span 20 scenarios across
code and text domains, it still cannot exhaust the
prompt distribution observed in real-world LLM
recommendations, where user prompts can be
longer, noisier, and span more tasks than the three
sub-tasks we adopt in the synthesized multi-task set.
In addition, whether users upload the preference
configuration directly or the platform aggregates
it from interaction history, real-world deployment
can introduce noise such as overlapping scenario
boundaries and ambiguous service descriptions.
Regarding the baselines, since provider preferences
are naturally expressed as lexical constraints (i.e.,
service names and APIs), our experiments adopt
a lexically constrained decoding pipeline as the
decoding-time baseline (§5.1). Other decoding-
time alignment methods discussed in §2 typically
require a trained reward model or classifier for
each preference dimension, which conflicts with
the training-free and dynamically changing set-
ting of this work, and we leave the comparison
with them under matched training budgets to future
work. Moreover, all prompts in our benchmark
are in English, and evaluating COPILOT on multi-
lingual prompts, as well as on longer and noisier
requests with overlapping or conflicting provider
preferences, is an important direction for future
work. Note that the purpose of this study is not to
provide a universal benchmark for provider prefer-
ence, but to demonstrate a feasible inference-time
control framework. We have compared COPILOT
and all baselines on the same prompts and settings.
However, the above limitations may still prevent
the experimental conclusions from fully holding
to other scenarios and tasks. To mitigate these
limitations and support the reproduction of future
research, we have publicly released the prototype
of COPILOT, the dataset, and the necessary experi-
mental results.

Ethical Considerations

This paper presents a training-free framework for
controlling provider preference in LLM recom-
mendation, and we do not foresee direct ethical
risks introduced by the technique itself. Our ex-
periments use publicly released LLMs (Qwen3-

32B, Gemma-3-12B, and Gemini 3.1 Flash-Lite),
the open-source DLM LLaDA-1.5, and prompts
adapted from publicly available recommendation
datasets (Zhang et al., 2025; Budzianowski et al.,
2018; Rastogi et al., 2020), none of which contain
personal or sensitive information. The study also
does not raise IRB-level concerns. We acknowl-
edge that reliable preference control could be a
double-edged blade in applications, since a recom-
mendation platform could populate the preference
configuration with promoted or partner services
rather than honoring user-uploaded preferences, as
we discussed in §6. Mitigating such risks calls
for regulation and oversight that ensure the trans-
parency and reliability of the provenance of the
preference configuration. This paper focuses on
the inference-time technique that controls prefer-
ences during generation, which is orthogonal to the
above risks arising from the deployment.
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A Appendices

The appendices are organized as follows:

e §A.1 provides more implementation details of
COPILOT, organized around the scenario plan-
ning module (§A.1.1), the draft generation mod-
ule (§A.1.2), and the response completion module
(§A.1.3).

e §A.2 provides additional results and case stud-
ies to support our analysis and findings in §5, in-
cluding our experimental environment (§A.2.1),
ablation study (§A.2.2), an analysis of planning
accuracy and anchor retention (§A.2.3), case stud-
ies (§A.2.4), a mocked-execution validation of the
code metrics (§A.2.5), and an efficiency and cost
analysis (§A.2.6).

e §A.3 discusses the limitations of this work and
the corresponding future directions.

A.1 Additional Implementation Details
A.1.1 Scenario Planning Module

General Prompt. Following the prompt design
in prior work (Shen et al., 2023), COPILOT de-
composes the user request into a structured JSON
list of sub-tasks aligned with the scenarios in the
preference configuration C. The prompt strictly en-
forces the output format, accepts a null task_cate-
gory when no listed scenario semantically matches,
and forbids the planner from hallucinating or in-
venting sub-tasks absent from the user prompt.

a

[System]
You perform task parsing on user input, producing
a JSON list of tasks. Each task object contains two
fields, task_category, which is either one available
scenario name or null, and task_prompt, which is a
concise description of the sub-task.
The output must be valid JSON without extra text.
Each task_category must be exactly one of the sce-
narios listed in the current preference configuration,
or null if no scenario clearly matches the sub-task.
The task_prompt should be concise and specific. The
model should not invent tasks that are not present in
the user prompt.
[User]
{user prompt}

G J

Domain-specific Extensions. Relying solely on
a shared planner prompt is insufficiently precise,
because identical scenario names can imply fun-
damentally different intents across code genera-
tion and text recommendation domains. Therefore,
COPILOT augments the shared prompt with a short
domain-specific extension that clarifies the seman-
tics of the scenario list and dictates the handling

of unmatched sub-tasks. The code extension em-
phasizes concrete programming or cloud-service
intents and instructs the planner to return a null
task_category whenever an implementation-related
sub-task is not represented in C. The text extension
asks the planner to first infer the semantic type of
each sub-task, assigning a non-null category only
when it directly matches a scenario in C.

[System Extension]

The available scenarios describe programming and
cloud-service tasks. Use the scenario descriptions
to match each sub-task to the closest available code
scenario, such as hosting, storage, database, analytics,
machine learning, media processing, or text-to-speech.
Assign a non-null task_category only when the user
request clearly asks for that code scenario. If a sub-
task is implementation-related but does not match any
available scenario in the current preference configu-
ration, set task_category to null. Do not create extra
sub-tasks only to satisfy preference entries.

[System Extension]

The available scenarios describe travel and recom-
mendation tasks, such as raxi, train, hotel, restaurant,
and attraction. Before assigning a category, infer the
semantic type of each sub-task. Assign a non-null
task_category only when the semantic type directly
matches one of the scenarios in the current preference
configuration. If the matching scenario is absent, set
task_category to null rather than borrowing a broad
or unrelated service. A restaurant or hotel name may
simply be a destination, landmark, or existing reserva-
tion; classify it as restaurant or hotel only when the
user asks to find, compare, book, review, or manage
that type of service.

(& J

The three aforementioned components form
a layered planning interface that effectively de-
couples schema control from domain knowledge.
Specifically, the shared prompt dictates the output
schema and constrains the planner to strictly de-
compose tasks present in the user request. The code
extension focuses the planner on programming and
cloud-service intents. The text extension restricts it
to travel and recommendation intents grounded in
contextual semantic roles. Such a design ensures
that the downstream draft generator receives a com-
pact list of preference-anchored sub-tasks, while
unmatched sub-tasks can safely bypass forced and
unrelated provider choices. The selection between
the two extensions, along with the matching an-
chor template and completion instruction, is a de-
terministic attribute of the preference configuration
C registered by users or the LLM platform, elim-
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Algorithm 1 COPILOT Framework

Input: P — the user prompt;
C — the user preference configuration;
04 — DLM;
0, — the target LLM;
Output: R — the final preference-aligned response;

1: procedure PREFERENCECONTROL(P, C, 04, 0;)
2: 9 Phase 1: Task Planning (§4.1)

3 T < decomposePrompt(P, 6;)

4: Mo

5 fort; € 7 do

6: i, v; < matchScenario(t;,C)

7 M(—MU{(ti,’Ui)}

8 9% Phase 2: Draft Generation (§4.2)

9 D<o

10 for (t;,v;) € M do in parallel

11 X0 ¢ initialMask (v;

12 d; + dlmDenoise(X ", t;, 0q)

13 D+ DU {dl}

14: 9 Phase 3: Response Completion (§4.3)
15 D, <+ concatenateDrafts(D)

16 P, + constructCompositePrompt(P, D.)
17 R < completeResponse( P, 0;)

18 return R

> Decompose user prompt into a set of sub-tasks

> Match scenario and preferred service from configuration
> Tag sub-task with service preference (if have)

> Leverage DLM’s parallel decoding capability

> Initialize masked token sequence with preferred service (if have)

> Generate draft via iterative denoising

> Merge drafts in sequential order

> Target LLM refines the drafts into fluent response

inating the need for additional runtime overhead.
Concretely, if C contains any scenario not related
to the code domain, COPILOT automatically loads
the text-domain extension, anchor template, and
completion instruction. Otherwise, it falls back to
the code-domain extensions.

A.1.2 Draft Generation Module

Within the draft generation module, COPILOT em-
ploys LLaDA-1.5 (Nie et al., 2025), a lightweight
diffusion language model, to efficiently generate
draft responses that intrinsically embed the user-
preferred services. For each preference-bound sub-
task, COPILOT constructs a masked generation re-
gion following the DLM prompt and injects fixed
anchor tokens into that region prior to the denoising
phase. Each anchor encapsulates the preferred ser-
vice alongside a short scenario or API hint, while
the surrounding positions are initialized with mask
tokens. During the iterative denoising process, the
DLM strictly preserves the fixed anchor tokens and
synthesizes the rest of the region in parallel. Con-
sequently, the preferred service is firmly grounded
in the draft without the risk of competing against
an already-fixed left context.

COPILOT utilizes two anchor templates corre-
sponding to the two domain extensions described
in §A.1.1. The code template designates the pre-
ferred service name as the primary anchor, option-
ally accompanied by a short API hint. This minimal

constraint is sufficient to bias the draft toward the
correct library or cloud service. The text template
is longer and structurally hybrid, integrating a se-
mantic scene cue and a service hint alongside the
preferred service name. This ensures that the result-
ing draft accurately reflects the conversational role
of each sub-task. The subsequently completed draft
is then passed to the target LLM for final response
completion. The lengths of the generated region,
DLM denoising step counts, and other inference
settings used in the main experiments are reported
in §A.2.1.

[Code anchor]

[scenario: Cloud Hosting] [preferred service: Mi-
crosoft Azure] [API hint: azure.mgmt.cdn]

[Text anchor]

[scenario: hotel] [preferred service: Airbnb] [seman-

tic cue: book a stay] [service hint: accommodation
search and booking]

S J

A.1.3 Response Completion Module

Composite Completion Prompt. This module
leverages a unified prompt designed to guide the
target LLM in completing and refining the merged
draft response, while preserving the user-preferred
services, as shown below. The prompt integrates
four critical pieces, namely, the user task descrip-
tion, the matched preferences, the merged draft re-
sponses, and the planned sub-tasks. It then instructs
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the target model to faithfully preserve the required
service choices, fill in missing details, address ev-
ery planned sub-task, and remove any unresolved
draft placeholders.

( )

[System]

You are in the final answer generation stage of a multi-
step DLM pipeline.

Task description: {user prompt}

Required services: {matched scenario-service prefer-
ences}

Draft answer: {DLM draft}

Planned subtasks to cover: {task planning output}
Generate the final answer by preserving the required
service choices, completing missing details, covering
all planned subtasks, and removing unresolved draft
placeholders. For code-generation prompts, return a
single fenced Python code block when the user asks
for Python scripts. For text recommendation prompts,
return a clean natural-language plan without code

fences.
N J

A.2 Additional Experimental Results
A.2.1 Setup

Metrics Design. Our evaluation adopts a target-
versus-distractor setting. For the ¢-th generation, let
C; denote the preference configuration, where each
key is a scenario, and each value is the preferred ser-
vice for that scenario. Let .S; denote the scenarios
requested by the user prompt. We define the appli-
cable preference set as P; = S; N dom(C;), and
the distractor preference set as D; = dom(C;) \ S;.
Thus, a method should satisfy the services in F;
while avoiding unnecessary service mentions from
D;. All generations included in the PA and IA com-
putation have at least one applicable preference. In
our evaluation, whether a response satisfies or men-
tions a service is determined by case-insensitive
substring matching, based on a fixed lexicon that
covers each service’s name, common aliases, and
API or import identifiers. For the code domain, the
matching is performed only within the generated
code blocks, so a service that is merely mentioned
in the surrounding explanations is not treated as
satisfied. For the text domain, the matching is per-
formed on the full natural-language response. Note
that this lexical rule does not analyze word bound-
aries or negation, so a service appearing in code
comments or negated sentences is still counted as
a mention. Similarly, DR only records whether
a response mentions any distractor service, with-
out distinguishing how many times it appears. To
verify that this simple lexical rule does not bias
our conclusions, the mocked-execution experiment

in §A.2.5 further evaluates the responses based only
on the runtime SDK-call events of the generated
code.

o [nstruction-level and Prompt-level Accuracy. Fol-
lowing prior work on controlled generation (Yun
et al., 2025), we report Instruction-level Accu-
racy (IA) and Prompt-level Accuracy (PA). Let
a;j € {0, 1} indicate whether the response of gen-
eration ¢ correctly satisfies the j-th applicable pref-
erence in P;, and let m be the number of evaluated
generations. IA measures the average fraction of
applicable preferences that are satisfied:

m [P

1 1

i=1

PA is stricter as it counts a response as correct only
when all applicable preferences in the prompt are

satisfied:
m | P

1
,PA:EZHGU'

i=1 j=1

IA captures fine-grained, partial adherence across
sub-tasks, while PA measures strict, prompt-level
completeness. These two metrics evaluate adher-
ence at complementary granularities, which pro-
vides a nuanced understanding of model perfor-
mance in complex multi-task scenarios.

e Distractor Rate. Preference configurations may
contain services for scenarios that are not requested
by the current prompt. Let d; € {0,1} indicate
whether the response for generation ¢ mentions
at least one service associated with a distractor
scenario in D;. We define the distractor rate (DR)
as

Lower DR indicates that a method effectively iso-
lates provider preferences, strictly scoping them
only to the scenarios actually requested by the user.
® Quality Score. Recently, with the advancement
of LLMs’ reasoning and comprehension capabili-
ties, researchers have widely used the LL.M-as-a-
judge method to evaluate the quality of text and
code (Tong and Zhang, 2024; Zheng et al., 2023;
Crupi et al., 2025; Xu et al., 2025). Following
this line of work, we employ the ‘GPT-5.1-2025-
11-13’ model as a method-blind judge. For each
evaluated generation, the judge assigns a rating
gi € {1,...,10} based on helpfulness, relevance,
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accuracy, fluency, and sufficient detail. We report
the average quality score (QS):

1 m
QS_m;(h‘-

QS provides an auxiliary but essential quality refer-
ence and is always interpreted in conjunction with
PA, IA, and DR to ensure that preference alignment
does not significantly compromise natural language
quality or code utility.

( A

[System]
Please act as an impartial judge and evaluate the qual-
ity of the response provided by an Al assistant to
the user question displayed below. Your evaluation
should consider factors such as the helpfulness, rel-
evance, accuracy, fluency, and level of detail of the
response. When a preference configuration is pro-
vided, also consider whether the response uses the
requested services without introducing irrelevant ser-
vices. Begin your evaluation by providing a short
explanation. Be as objective as possible. After pro-
viding your explanation, please rate the response on
a scale of 1 to 10 by strictly following this format,
“[[rating]]”, for example, “Rating: [[5]]”.
[Question]
{question}
[Preference Configuration]
{preference configuration}
[Assistant’s Answer]
{answer}

N J

Human Alignment and Cross-Judge Check of
QS. Since the reliability of the LLM-as-a-judge
protocol may vary across tasks, we further vali-
date the QS metric under our task setting. Two
independent, method-blind human annotators score
the outputs of 20 code prompt-configuration keys
under all five methods (i.e., 100 outputs in total),
using a 1-to-10 task-quality rubric aligned with the
GPT-based QS dimensions. The human-human
agreement is high (Spearman p=0.855), and the
GPT-based QS correlates well with the mean hu-
man ratings (p=0.831). As shown in Table 3, COPI-
LOT receives the highest human rating together
with Constrained, showing no quality penalty for
COPILOT in this sample.

In addition, we conduct a provider-aware cross-
judge check on the same outputs with two exter-
nal LLM judges. DeepSeek-v4-flash ranks Zero-
shot first and COPILOT second (6.70 vs. 6.45),
while Kimi-k2.6 ranks Constrained first and COPI-
LOT second (5.55 vs. 5.45). Namely, COPILOT is
ranked second under both external judges, while
the top-ranked method is judge-dependent. There-

Table 3: Task-specific human-alignment results of the QS
metric on 100 outputs (20 code prompt-configuration keys
under five methods) on the Qwen model. (Bold indicates the best
result in each column.)

Method GPT QS7t Human QS?
CoPILOT 6.10 4.58
Constrained 5.90 4.58
Zero-shot 5.85 4.50
Grouped 4.75 3.90
Step-wise 3.90 3.00

fore, we treat QS as an auxiliary quality measure
and base the main preference-control conclusions
of this paper on PA, IA, and DR.

Dataset Construction. To comprehensively eval-
uate the effectiveness of COPILOT across differ-
ent domains, we construct a diverse benchmark
covering both the code and text domains. The
dataset construction process consists of two phases,
namely source prompt curation and preference con-
figuration generation.

e Source Prompt Curation. For the code domain,
we adopt the dataset released in prior work (Zhang
et al., 2025). We extract a subset with a total
of 292 single-task prompts covering 15 distinct
scenarios, which represent programming scenar-
ios such as web development, data analysis, and
machine learning. This curation strategy reliably
mirrors the real-world requirements of developers
across diverse technical scenarios. For the text
domain, we curate a dataset from public dialogue
and recommendation datasets (Budzianowski et al.,
2018; Rastogi et al., 2020), involving 115 single-
task prompts spanning 5 distinct recommendation
scenarios. These scenarios are chosen to test the ca-
pability to handle everyday decision-making tasks.

To further evaluate preference control effective-
ness on multi-task prompts, we query the LLM
(i.e., GPT-5.1) with selected single-task prompts
to construct a multi-task set based on the prompt-
ing framework in prior work (Yoon et al., 2024).
To avoid an intractable combinatorial explosion
of synthesized multi-task prompts, we restrict the
concatenation to a maximum of three single-task
prompts from different scenarios. In this process,
the retained multi-task prompts cover four coding
scenarios (Cloud Hosting, Data Analysis, Text-to-
Speech, and Video Processing) and four text scenar-
ios (hotel, restaurant, taxi, and train), ultimately
yielding 1,390 multi-task prompts (650 for code
and 740 for text). In addition, we randomly sample
100 prompts and invite two experts with at least
five years of experience in both Al and software
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engineering (SE) fields to conduct a manual evalua-
tion. Both experts confirm that all LLM-combined
prompts faithfully align with the semantics and
tasks of the original single-task prompts.

The following prompt is used only during dataset
construction to combine multiple single-task
prompts into a natural multi-task prompt.

( h

[System]
You are a native English speaker. Combine the fol-
lowing sentences as one paragraph naturally.
[User]
{single-task prompt 1}
{single-task prompt 2}
{single-task prompt 3, optional}
\ J

o Preference Configuration Generation. To
ground our benchmark in realistic commercial con-
straints, we construct the preference configurations
by expanding upon open-sourced data from exist-
ing work (Zhang et al., 2025; Budzianowski et al.,
2018; Rastogi et al., 2020). We first collect and
verify the services and providers for each task sce-
nario in our dataset, ensuring that each scenario has
at least two corresponding real services. Specifi-
cally, we invite two experts with at least five years
of experience in the SE field to manually search
and verify the services for each scenario, ensur-
ing the reliability and relevance of the selected
services. For any inconsistencies, a third expert
is consulted to make the final decision. We ulti-
mately established 45 scenario-service entries for
the code domain and 15 services for the text do-
main. For example, in the machine learning de-
ployment scenario of the code domain, we select
services such as Amazon SageMaker, Google AI Plat-
form, and Microsoft Azure Machine Learning. Then,
for single-task prompts, we create cases by pairing
each prompt with verified preference configura-
tions, leading to a total of 1,221 single-task cases
(876 for code and 345 for text). For multi-task
prompts, exhaustively enumerating all provider
combinations would result in an evaluation space
of exponential scale. Therefore, we randomly sam-
ple one target service as the preferred service for
each sub-task to form a preference configuration
and repeat this process three times for each prompt
to ensure statistical diversity. This results in 4,170
multi-task cases (1,950 for code and 2,220 for text).
Overall, the benchmark contains 1,797 prompts
and 5,391 cases (i.e., prompt-configuration pairs);
with three repeated generations per case, the final

evaluation contains 16,173 responses from these
generations.

@ N

[Prompt]

Book for 1 person for 4 nights starting from Saturday.
If 4 nights is not available, how about 2 nights? Give
me a step by step plan by using a certain tool.
[Configuration]

{taxi: Addison Lee, hotel: Airbnb, attraction: Tripad-
visor}

[Main Scenario]

hotel

[Prompt]

Write Python scripts to: install a caching layer in front
of static assets to distribute them across multiple geo-
graphic locations; read out text content from websites
and documents to aid visually impaired users; and
reduce video file size while maintaining acceptable
quality.

[Configuration]

{Video Processing: Microsoft Azure Video Indexer,
Data Storage: Amazon S3, Serverless Deployment:
AWS Lambda, Cloud Hosting: Microsoft Azure}
[Main Scenarios]

Cloud Hosting, Text-to-Speech, Video Processing

(& J

Baseline Implementation Details. This subsec-
tion complements the baseline descriptions in §5.1
by reporting implementation choices that are not
visible from the main text. All baselines share the
same target LLMs, decoding hyperparameters, and
chat templates as COPILOT’s response completion
module, ensuring a rigorous and fair environment
where the only differences between baselines are
the prompt and decoding strategies described be-
low.

e Zero-shot and Grouped both issue a single-turn
query to the target LLM. The difference is purely
on the prompt side. Zero-shot naively concatenates
the entire preference configuration at the end of the
user request as unstructured service requirements,
while Grouped systematically reorganises the same
configuration into a per-scenario structured list be-
fore appending it.

e Step-wise unfolds the response over two dialogue
turns rather than a single turn. The first query sends
the user prompt together with the full preference
configuration and asks the target LLM to write a
concise structural plan for satisfying the task and
service constraints, without generating the final an-
swer. The second query then provides the original
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prompt, the same preference constraints, and the
plan generated in the first step, and asks the model
to produce the final user-facing response while fol-
lowing that plan. Thus, this baseline tests whether
explicit planning inside the target LL.M itself can
improve preference following without introducing
an external DLM draft.

e Constrained applies the positive lexical-
constraint mechanism of NeuroLogic decoding (Lu
et al., 2021). Given that our target LLM and other
baselines use sample-based decoding (temperature,
top-k, and top-p), directly applying the original
NeuroLogic implementation (beam search) would
make the evaluation unfair. Forcing this particular
baseline to operate under beam search would in-
evitably confuse the measured constraint validity
with a fundamental shift in the decoding paradigm.
We therefore preserve the theoretical principle of
positive lexical constraints but replace the heavy-
weight beam-search machinery with a lightweight
logits processor designed to integrate seamlessly
into the existing sampling pipeline. Concretely,
for each case, we extract the preferred service
names, tokenize both their original and lower-cased
forms, and treat the subsequent token IDs as posi-
tive lexical constraints. The logits processor scales
the unnormalised probabilities of constraint tokens
by 1.5 before sampling, and the input prompt re-
mains identical to Zero-shot, featuring a service-
requirement block appended to the user request. In
addition, the baseline shares the same hyperparam-
eters (maximum new tokens, temperature, top-k,
and top-p) as the other local baselines to ensure a
rigorously controlled comparison.

Models and Implementation. We run all local
experiments, including COPILOT and every base-
line, on the same Rocky Linux 9.7 server equipped
with four NVIDIA L40 GPUs running a Python 3.9
environment. For the target LLMs, we use Qwen3-
32B (Yang et al., 2025) or Gemma-3-12B (Team
et al., 2025) on this local server, and access Gemini
through its public API with the same prompts and
preference configurations used in the local runs,
which keeps the cross-family comparison strict.
The diffusion language model is LLaDA-1.5 (Nie
et al., 2025), which we apply uniformly across all
COPILOT configurations. All open-source check-
points are loaded through HuggingFace Transform-
ers with their released tokenizers and chat tem-
plates, without any fine-tuning or quantization. For
Qwen3-32B, we use half-precision inference, deac-
tivate the default Qwen thinking mode in the chat

template, and generate with sampling enabled, a
maximum of 2,048 new tokens. The temperature
parameter is 0.7, top-k parameter is 50, and top-
p is 0.95. For Gemma-3-12B, we use the same
decoding parameters and switch the model dtype
to bfloat16, which is the stable inference setting
for this model family on our GPUs. For LLaDA-
1.5, we follow the released masked-denoising infer-
ence interface and use bfloat16 weights, determin-
istic denoising with temperature 0.0, and without
classifier-free guidance.

Building on the DLM draft mechanism described
in §A.1.2, the draft generator exposes two groups
of inference parameters. The first group controls
the spatial distribution of anchors inside the gen-
erated region. The leading anchor is placed at the
start of the region, and each subsequent anchor
follows with a fixed token interval. This spacing
naturally accommodates short connective tokens
between adjacent anchors. We use a 6-token gap
for semantic anchors and an 8-token gap for code-
skeleton anchors. The second group dictates the
region size and denoising budget: the main code
configuration uses a 128-token generated region
with 64 denoising steps, while the hybrid configu-
ration mixes semantic and API anchors, COPILOT
expands the region to 192 tokens with 96 denoising
steps to accommodate the longer anchor list.

To stabilise the evaluation, we query each case
(i.e., each pair of prompt and configuration) three
times and report the arithmetic mean of each metric
together with error bars that capture the standard
deviation across the repeated generations.

A.2.2 Ablation Study

Impact of COPILOT Implementations. To com-
plement the module-level ablation in §5.3, we ex-
tend the core ablation with two fine-grained vari-
ants that alter the implementations of the planning
and drafting modules. The experiment reuses the
same Qwen model and the same 100 random cases
from the code dataset as Table 2, so the first four
rows of Table 4 reproduce the main-table num-
bers on PA, TA, and DR, and the last two rows
are the added variants. The - DLM drafts for all
subtasks variant sends both preference-bound and
no-preference sub-tasks through the DLM draft
generator. The - w/o scenario descriptions variant
keeps the same scenario names but removes the
descriptions from the planning prompt.

We can observe that indiscriminately adding
every sub-task to the DLM draft generation will
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Table 4: Extended ablation results of COPILOT on 100 cases
of the code dataset on the Qwen model. (The symbols 1 and
| separately indicate whether a higher or lower value of a specific metric is
preferable.)

Table 6: Text-domain ablation results of COPILOT on 300
outputs per variant on the Qwen model. (The symbols 1 and |
separately indicate whether a higher or lower value of a specific metric is
preferable.)

Variant PA (%)t 1A (%)t DR (%)) Variant PA (%)t 1A (%)t DR (%)]
CoPILOT 82.6 835 19.3 CoPILOT 100.0 100.0 26.7

- w/o Scenario Planning 50.7 63.2 71.0 - w/o Scenario Planning 99.0 99.5 90.0

- w/o Draft Generation 69.3 78.3 20.3 - w/o Draft Generation 100.0 100.0 26.0

- w/o Response Completion 72.0 84.8 23.7 - w/o Response Completion 100.0 100.0 22.0

- DLM drafts for all subtasks 75.3 81.3 23.3

- w/o scenario descriptions 62.7 732 21.0

Table S5: Comparison between the DLM draft and a lexically
guided AR draft on 300 prompt-configuration keys of the code
dataset on the Qwen model. (The symbols 1 and |, separately indicate
whether a higher or lower value of a specific metric is preferable.)

Variant PA (%) 1A (%) DR (%),
CoprILOT (DLM draft) 82.6 83.5 19.3
- Lexically guided AR draft 75.3 79.2 21.7
- w/o Draft Generation 69.3 78.3 20.3
degrade COPILOT’s performance. Forcing un-

constrained (no-preference) sub-tasks through this
phase increases the likelihood of accumulating un-
necessary, service-specific noise, which reduces PA
from 82.6 to 75.3 and increases DR from 19.3 to
23.3. Meanwhile, PA remains significantly higher
than the 69.3 achieved by completely removing
DLM (no draft generation). Therefore, such a
performance comparison suggests that the opti-
mal implementation strategy is to limit drafts to
preference-constrained subtasks. Second, remov-
ing scenario descriptions weakens the COPILOT’s
ability to map a user request to the appropriate
service-bearing scenario before drafting begins,
and PA falls from 82.6 to 62.7 and IA from 83.5 to
73.2. Such a degradation underscores that scenario
descriptions supply essential semantic grounding
for accurate scenario matching.

Controlled Autoregressive Draft Replacement.
To directly examine whether the DLM is neces-
sary in the draft generation module, we conduct a
controlled experiment that replaces only the DLM
draft with a lexically guided autoregressive (AR)
draft produced by the target Qwen3-32B model,
while keeping the planning module, the completion
module, all prompts, and the evaluation pipeline
unchanged. The AR replacement receives the
same anchor snippets and applies a token-level
lexical bias toward the preferred services during
drafting. This experiment reuses the same 300
prompt-configuration keys as Table 2 (i.e., 100
code prompts, three configurations per prompt, and
one generation per pair), and Table 5 reports the
results.

As shown in Table 5, the AR draft improves

PA and IA over removing the draft stage entirely,
which confirms the value of drafting itself. How-
ever, compared with this AR variant, the original
DLM draft raises the values of PA and IA by 7.3%
and 4.3% while lowering DR by 2.4%. To under-
stand where this gap comes from, we manually
check all 703 AR drafts generated for the matched
sub-tasks, and find that every one of them already
contains the full name of the configured provider.
This indicates that the AR drafts do not lose the
preferred services at the drafting stage, and the gap
arises in the later completion stage. An AR draft
mentions each service at only one position along its
left-to-right generation, and such a single mention
is easily rewritten or dropped when the target LLM
completes the response. In contrast, the DLM draft
fixes the service name and its related anchors at
multiple positions of the skeleton simultaneously
(§4.2), making the preferences much harder to lose
during completion.
Text-domain Ablation. To complement the code-
domain ablation in §5.3, we further evaluate the
three module-level variants on the text dataset with
300 outputs per variant. In this experiment, the
‘- w/o Response Completion’ variant removes the
full completion stage and retains only a lightweight
cleanup that turns the draft into a readable response.
Table 6 reports the results.

The results on the text dataset are highly consis-
tent with those on the code dataset (Table 2). Re-
moving the scenario planning module again causes
the most severe degradation, where DR jumps from
26.7% to 90.0%, mirroring the sharp DR increase
from 19.3% to 71.0% observed in the code domain.
Note that PA and IA stay close to 100% for all text
variants. This is because mentioning a preferred
service in a natural-language response is much eas-
ier than embedding it into executable code, so the
module effects on the text dataset mainly appear in
DR rather than in adherence.

Impact of DLM Settings. To select effective de-
fault parameters for the DLM in COPILOT, we con-
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duct a grid search on the gap between adjacent fixed
anchors (i.e., ‘Gap’, {4, 6,8} tokens), the gener-
ated region length (i.e., ‘Length’, {128,192, 256}
tokens), and the number of denoising steps (i.e.,
‘Steps’, {64, 96, 128}). The sweep reuses the same
Qwen target LLM and LLaDA-1.5 draft model as
the main runs. We evaluate each parameter pair on
54 cases sampled from the code dataset and 108
cases sampled from the text dataset, with all other
pipeline components held fixed. Table 7 reports the
resulting PA, IA, and DR.

The results in Table 7 demonstrate the effec-
tiveness of default parameter selections detailed
in §A.2.1. The choice of DLM default settings is
driven by the necessity to maximize preference ad-
herence (P.A and Z.A) while strictly minimizing
the activation of distractor scenarios (DR). Specif-
ically, while some larger configurations (e.g., gap
8, length 256, 128 steps in the code domain) yield
marginally higher adherence metrics, they incur a
substantial increase in distractor rate (DR rises to
20.4%). Conversely, minimizing DR may cause
adherence to collapse, as seen when the setting
of gap 8§, length 256, and 64 steps reduces DR to
11.1% but drops PA and IA below 77% in the code
domain. Balancing these metric results, we choose
the gap 8, length 128, and 64 steps as the default
settings in the code domain and gap 6, length 192,
and 96 steps as the default settings in the text do-
main, achieving a high preference adherence while
maintaining a low distractor rate.

A.2.3 Planning Accuracy and Anchor
Retention

The reliability of COPILOT depends on two soft
steps in the pipeline, i.e., whether the planning mod-
ule activates the correct preferences, and whether
the completion module preserves the injected an-
chors. This subsection quantifies both of them on
the Qwen code experiments.

Planning Accuracy and Error Propagation. We
first evaluate how accurately the planning mod-
ule matches sub-tasks to preference scenarios, us-
ing the labeled scenarios of each prompt in our
dataset as the ground truth. Specifically, the re-
call measures the proportion of requested scenarios
that are successfully matched by the planning mod-
ule, while the precision measures the proportion of
matched scenarios that are indeed requested by the
prompt, both computed over all matching results.
We also report the fraction of generations whose
plans mistakenly include at least one distractor sce-

nario (‘Distractor plan’). Furthermore, to show
how planning errors affect the final responses, we
divide the generations into two groups by whether
their plans are fully correct, and report PA, IA, and
DR for each group separately. Table 8§ summarizes
the results on the multi-task splits with two sub-
tasks (MT2, 1,350 generations) and three sub-tasks
(MT3, 4,500 generations).

As shown in Table 8, the planning module is

reliable on our benchmark, achieving a recall above
98% and a precision above 92% on both splits. The
group-wise comparison further shows that correct
planning is important for the final responses. For
example, on the MT2 split, DR stays at 8.0% when
the plan is fully correct, but rises to 79.8% once the
plan contains errors, and PA drops from 92.5% to
69.7% accordingly. This observation is consistent
with that of module-level ablation study in §5.3,
where removing the planning module causes the
largest degradation.
Anchor Retention after Completion. Recall that
the completion module only instructs the target
LLM to preserve the draft contents (§4.3) without
a hard guarantee. Therefore, we further measure
how well the injected anchors survive the com-
pletion stage. We classify all 13,521 anchors in-
jected in the code experiments according to how
they are realized in the final fenced code, where
‘Literal’ means the anchor text appears verbatim,
‘Alias/API’ means the anchored service appears as
one of its recognized aliases or API identifiers, and
‘Undetected’ covers the remaining cases. Table 9
reports the results.

Overall, 85.6% of the injected anchors survive
the completion stage, either verbatim or as a rec-
ognized alias/API of the anchored service, and the
retention is stable across the single-task and multi-
task splits. The remaining 14.4% may come from
anchors that are removed or rewritten during com-
pletion, as well as from aliases that our lexicon-
based detector fails to recognize. Note that these
results describe the offline behavior of the pipeline,
and COPILOT does not verify the anchors at infer-
ence time. Therefore, adding a lightweight verifi-
cation or repair step after completion is a potential
future direction.

A.2.4 Case Study

To empirically demonstrate the superiority of COPI-
LOT in enforcing fine-grained preference con-
straints while keeping response quality, we present
two cases on code and text datasets.
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Table 7: Draft DLM parameter sensitivity on code and text subsets. All values are percentages. (The symbols 1 and | separately indicate

whether a higher or lower value of a specific metric is preferable.)

Code

Text

Gap Length

64 Steps 96 Steps

128 Steps

64 Steps 96 Steps 128 Steps

PAT IAT DR/ PAt IA+ DR} PA1 IAT

DR, PA+ IAT DR| PA1 IAT DR PAt 1A} DR

128 889 89.8 148 852 86.1 148 833 852
192 852 86.1 148 833 843 167 79.6 80.6
256 889 89.8 185 889 89.8 222 833 843

148 86.1 90.7 56.5 87.0 91.2 537 88.0 92.1 54.6
148 87.0 91.7 546 89.8 935 546 86.1 90.7 583
13.0 87.0 912 556 89.8 935 574 90.7 940 54.6

128  87.0 89.8 204 852 87.0 185 889 89.8
833 852 16.7 852 87.0 16.7 90.7 90.7
256 833 843 185 833 843 148 87.0 88.0

204 889 93.1 565 86.1 903 546 889 93.1 583
16.7 88.0 91.7 593 889 935 59.3 89.8 935 54.6
148 88.0 92.1 583 90.7 940 56.5 90.7 935 509

128 87.0 889 13.0 90.7 91.7 16.7 852 86.1
192 815 833 148 926 944 204 815 824
256 759 769 11.1 815 824 185 963 97.2

o0 o0 oo NN B &
—_
N=J
N

185 88.0 926 556 86.1 91.2 546 90.7 940 583
148 88.0 91.7 574 88.0 92.1 528 91.7 949 60.2
204 89.8 935 55.6 86.1 903 583 889 93.1 60.2

Table 8: Planning accuracy and its downstream effect on the
code dataset on the Qwen model. (MT2 and MT3 denote the multi-task
splits with two and three sub-tasks. The last three rows compare the generations
whose plans are fully correct with those whose plans contain errors.)

Metric MT2 MT3
Recall (%) 98.6 98.2
Precision (%) 92.6 93.7
Distractor plan (%) 7.9 12.9
PA (%), correct / error plan 92.5/69.7 80.5/55.8
1A (%), correct / error plan 92.5/69.7 85.9/69.7
DR (%), correct / error plan 8.0/79.8 12.3/72.9

Table 9: Anchor retention after the completion stage on 13,521
injected anchors of the code dataset on the Qwen model. (Each
anchor is classified by how it is realized in the final fenced code.)

Split Literal (%) Alias/API (%) Undetected (%)
Single-task 54.2 32.8 13.1
Multi-task-2 52.3 38.8 8.9
Multi-task-3 52.7 31.7 15.6
Pooled 529 32.7 14.4

Case 1 on Code Dataset. We extend the same
code case described in §A.1 (Example Intermediate
Results) with responses from baselines and COPI-
LOT to illustrate how COPILOT changes the service
choices in a multi-task response. The prompt, pref-
erence configuration, and main scenarios follow
the multi-task example shown in §A.2.1, where Mi-
crosoft Azure and Microsoft Azure Video Indexer
are the requested target services, and Amazon S3 and
AWS Lambda are distractor entries.

As observed below, the Zero-shot baseline re-
sponse illustrates an uncontrolled and naive assim-
ilation of the preference configuration. It treats
the distractor entries as mandatory architectural
components and introduces AWS CloudFront, Amazon
53, and AWS Lambda in addition to the relevant Azure
services. We also include the response case from
Grouped prompting, the strongest baseline accord-
ing to the multi-task Code preference-control met-
rics in Table 1. Compared to Zero-shot, Grouped
prompting method correctly uses Microsoft Azure

for the caching sub-task and Microsoft Azure Video
Indexer for the video sub-task. However, it still er-
roneously assigns the text-extraction sub-task to
AWS Lambda, even though Serverless Deployment is
a distractor scenario rather than the requested main
scenario. This demonstrates that simply structuring
the prompt is insufficient to prevent cross-scenario
contamination in multi-intent prompts.

Creating a comprehensive Python solution that inte-
grates Microsoft Azure Video Indexer for video pro-
cessing, Amazon S3 for data storage, AWS Lambda
for serverless deployment, and Microsoft Azure as
the cloud hosting platform, while also implementing
caching with CloudFront (or similar).

config.py
AZURE_VIDEO_INDEXER_API_-

KEY = ’your-azure-video-indexer-api-
key’
AWS_ACCESS_KEY_ID =
access-key’
AWS_SECRET_ACCESS_KEY =
"your-secret-key’
S3_BUCKET_NAME = ’your-bucket-
name’
CLOUDFRONT_DISTRIBUTION_ID
= "your-distribution-id’

’your-

s3_utils.py

import boto3

def upload_file_to_s3(file_path, key):
s3_client.upload_file(file_path, con-
fig.S3_BUCKET_NAME, key)

def invalidate_cloudfront_cache(keys):
cloudfront = boto3.client(’cloudfront’)
cloudfront.create_invalida-
tion(Distributionld=config. CLOUDFRONT_-
DISTRIBUTION_ID, ...)

The grouped response first uses the relevant Azure
preference for the caching layer:

Caching Layer for Static Assets (Cloud
Hosting: Microsoft Azure)
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This script sets up a basic Azure CDN

from azure.identity import DefaultAzure-
Credential

thereby guaranteeing both adherence and overall
using the Azure SDK for Python. code utility.

from azure.mgmt.cdn import CdnMan-

agementClient

from  azure.mgmt.resource  import
ResourceManagementClient
resource_client.resource_-
groups.create_or_update(

resource_group_name, {"location":
location}

)

cdn_client = CdnManagement-

Client(credentials, subscription_id)
cdn_client.profiles.begin_cre-
ate(resource_group_name, profile_name,
)

cdn_client.endpoints.begin_create(
resource_group_name, profile_name,
endpoint_name, ...

)

Video File Size Reduction (Video Process-
ing: Microsoft Azure Video Indexer)
This script uses Azure Video Indexer to
reduce video file size while maintaining
acceptable quality.

However, it then applies the distractor Serverless De-
ployment preference to the text-reading sub-task:

Text Extraction from Websites and
Documents (Serverless Deployment:
AWS Lambda)
This script extracts text from various
document formats and web pages and
is designed to run as an AWS Lambda
function.
import boto3
def lambda_handler(event, context):
s3 = boto3.client(’s3’)
bucket =
event[’'Records’|[0][’s3’ ][ bucket’]['name’]
key =
event[’Records’][0][’s3’ ][ object’][’key’]
response = s3.get_object(Bucket=bucket,
Key=key)

N J

Conversely, COPILOT first systematically maps
the caching sub-task to Cloud Hosting and the
video-compression sub-task to Video Processing,
while correctly leaving the text-reading sub-task
unconstrained. It then drafts the structural skeleton
with Microsoft Azure and Microsoft Azure Video
Indexer as fixed service anchors. The final COPI-
LOT response strictly keeps these selected services
in the generated scripts while implementing the
unconstrained accessibility sub-task with provider-
neutral open-source tools (e.g., PyPDF2 and pyttsx3).
This confirms that COPILOT successfully achieves
on-demand preference activation. It fulfills re-
quested constraints with high fidelity without intro-
ducing distractor providers into irrelevant sub-tasks,
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azure_cdn_setup.py

from azure.identity import DefaultAzure-
Credential

from azure.mgmt.cdn import CdnMan-
agementClient

from  azure.mgmt.storage  import
StorageManagementClient

from azure.mgmt.storage.models import
StorageAccountCreateParameters, Sku,
SkuName

from azure.mgmt.cdn.models import
Profilelnner, EndpointInner, Originlnner
credential = DefaultAzureCredential()
cdn_client = CdnManagement-
Client(credential, subscription_id)
storage_client = StorageManagement-
Client(credential, subscription_id)
storage_client.storage_accounts.begin_-
create(resource_group, storage_ac-
count_name, storage_params).wait()
cdn_client.profiles.begin_cre-
ate(resource_group, cdn_profile_name,
cdn_profile).wait()
cdn_client.endpoints.begin_cre-
ate(resource_group, cdn_profile_name,
cdn_endpoint_name, endpoint).wait()

azure_video_optimization.py

from azure.ai.videoindexer import
VideolndexerClient

from azure.ai.videoindexer.models
import VideoCreateParameters, Videoln-
dexerMediaContent

client = VideoIndexerClient(

end-
point=f"https:{location}.api.videoindexer.ai",
credential=credential,
account_id=account_id

)

with open(video_file_path, "rb") as
video_file:

video_content = VideoIndexerMediaCon-
tent(content=video_file.read())
upload_result = client.videos.upload_-
video(video_content=video_content,
video_name="OptimizedVideo")
video_id = upload_result["id"]
client.videos.begin_index_-
video(video_id=video_-

id, video_create_parame-
ters=VideoCreateParameters(...)).wait()
client.videos.download_video_-
file(video_id=video_id, video_file_-
type="Mp4", output_path=output_file_-
path)

text_to_speech.py

import requests

from PyPDF2 import PdfReader
import pyttsx3

def extract_text_from_pdf(pdf_path):
with open(pdf_path, "rb") as file:
reader = PdfReader(file)

def text_to_speech(text):




engine = pyttsx3.init()
engine.say(text)
engine.runAndWait()

Case 2 on Text Dataset. A prevalent failure mode
among prompt-based baselines is the tendency to
indiscriminately satisfy all provided preferences,
including those completely irrelevant to the user’s
immediate request, leading to a high distractor rate.
For example, the following single-task prompt only
asks for a hotel booking, but the global preference
configuration also injects distractor taxi and attrac-
tion entries.

p
[Prompt]
book for 1 person for 4 nights starting from Saturday.
If 4 nights is not available, how about 2 nights. Give
me a step by step plan by using a certain tool.
[Preference Configuration]
{taxi: Addison Lee, hotel: Airbnb, attraction: Tripad-
visor}
[Main Scenario]
hotel

N J

As demonstrated in the ‘Zero-shot Response
Case’ below, the baseline model successfully in-
corporates Airbnb for the hotel booking, thereby
superficially achieving a perfect Preference Adher-
ence (PA) score. However, in its blind attempt to
satisfy the entire configuration, the model forces
Addison Lee for transportation and Tripadvisor for
attractions into the response. As a result, the base-
line achieves a high preference adherence at the
expense of a soaring distractor rate and severely
degraded conversational utility.

a

Okay, I can help you plan a solo trip using Addison
Lee for taxis, Airbnb for accommodation, and Tri-
padvisor for attractions. Here’s a step-by-step plan,
assuming you're flexible on location since you did
not specify a city. I will use a combination of manual
searches and suggest tools to streamline the process.
I will structure this with both a 4-night and a 2-night
option.

Phase 2: Airbnb Accommodation

1. Go to Airbnb: https://www.airbnb.com/. 2. En-
ter the destination city. 3. Enter the dates: for the
4-night option, Saturday to Wednesday; for the 2-
night option, Saturday to Monday. 4. Select one
guest. 5. Apply filters that are useful for solo travel-
ers, such as price, type of place, neighborhood, Wi-Fi,
kitchen, and laundry. 6. Browse listings, read reviews
carefully, especially reviews from solo travelers, and
shortlist favorites. 7. Book the accommodation once
a suitable listing is found.

Phase 3: Attraction Planning with Tripadvisor

1. Go to Tripadvisor: https://www.tripadvisor.com/.
2. Enter the destination city. 3. Open the “Things to
Do” tab. 4. Filter by category, rating, price, and time
needed. 5. Save candidate attractions to a Tripadvisor
list. 6. Read reviews to check safety, navigation, and
suitability for solo travel. 7. Create a rough daily
itinerary and check opening hours. 8. Book tickets in
advance when necessary.

Phase 4: Transportation with Addison Lee

1. Use the Addison Lee website or app:
https://www.addislee.com/. 2. If flying in, book an
airport transfer in advance. 3. Estimate fares for ex-
pected trips around the city. 4. Book rides through
the Addison Lee app or website as needed. 5. Also
check public transportation options, since they may
be more cost-effective.

& J

Conversely, the COPILOT response demonstrates
precise, on-demand preference control. It success-
fully anchors Airbnb into the hotel planning steps
while completely suppressing the unrequested faxi
and attraction entries. By structurally decoupling
intent planning from preference injection, COPI-
LOT strictly confines its generation to the user’s
actual constraints. This case underscores the ad-
vantage of COPILOT that it can not only control
the provider preference required by users, but also
preserve the natural quality and relevance of the
recommendation.

Here’s the plan to book your hotel using Airbnb:
First, I will use Airbnb to search for hotels for 1 per-
son for 4 nights, starting this Saturday. I will use the
Airbnb website or app search interface to find avail-
able properties that meet these criteria. I’ll then filter
these properties using Airbnb’s built-in website filters
to ensure they are suitable. This search will prioritize
properties listed on Airbnb.
If the initial search for 4 nights on Airbnb yields no
available options, I will then check for 2-night avail-
ability on Airbnb, still starting this Saturday. Again,
I’ll use the Airbnb search interface and built-in filters
to find suitable properties. This will ensure we ex-
plore all possibilities within your preferred service,
Airbnb, while respecting your request for a minimum
of 2 nights.

N J

A.2.5 Mocked Sandbox Execution

To rigorously verify whether COPILOT’s recom-
mendation results reflect executable behavior rather
than incidental service mentions hidden within
comments or unreachable dead code, we conduct
an advanced mocked execution experiment. We
sample 300 multi-task cases from the code dataset,
utilizing Qwen as the target LLM to maintain con-
sistency with the primary evaluations. Our evalua-
tion pipeline executes each extracted Python snip-
pet within a lightweight, isolated sandbox environ-
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Table 10: Mocked execution comparison between COPILOT
and baselines on 300 multi-task cases on Qwen. (The symbols 1
and | separately indicate whether a higher or lower value of a specific metric
is preferable. Bold indicates the best result, italic with underline indicates the
second best result.)

Method R-PA (%)t R-IA (%) 71 R-DR (%)]
Zero-shot 19.7 43.2 53.3
Grouped 18.7 40.3 41.0
Step-wise 9.7 21.3 19.7
Constrained 19.0 42.0 49.7
CoOPILOT 46.3 62.0 18.3

ment. This sandbox systematically stubs out major
cloud SDKs (AwS, Google Cloud, and Azure) along-
side network, file system, and subprocess interfaces.
Consequently, every library import, client instan-
tiation, SDK method invocation, and shell com-
mand is captured as a deterministic runtime event
log, safely bypassing actual external API calls.
For responses containing multi-file artifacts, we
filter out non-executable components (e.g., Dock-
erfiles, dependency manifests, and YAML config-
urations), isolating only the Python source files
into an ephemeral directory alongside the testing
and mocked modules. The testing subsequently
executes top-level statements under strict excep-
tion isolation and systematically invokes generated
functions using dummy arguments. This robust de-
sign ensures that provider-dependent code paths are
thoroughly exercised, even if the generated script
is structured as an importable library rather than
a standalone procedural program. Table 10 com-
pares COPILOT and the baselines on runtime pref-
erence adherence, where R-PA, R-IA, and R-DR
are the execution-level equivalents of PA, IA, and
DR, computed strictly from the verifiable sandbox
event logs.

The runtime metrics expose a sharp gap be-
tween COPILOT and every prompt-only baseline.
Zero-shot and Constrained instantiate distractor
providers on more than half of the responses, push-
ing R-DR to 53.3% and 49.7% while R-PA stag-
nates below 20%. Grouped only trims R-DR
to 41.0%, more than double the value of COPI-
LOT, and its R-PA still tracks the naive zero-
shot baseline. Step-wise attains the lowest R-DR
(19.7%) among the baselines, yet its R-PA col-
lapses to 9.7%, indicating that the multi-turn plan-
ner suppresses preferred and distractor providers
alike rather than enforcing genuine preference con-
trol. In contrast, COPILOT delivers the best R-
PA (46.3%) and R-IA (62.0%), outperforming the
strongest baseline by a factor of at least 2.3, and
simultaneously secures the lowest R-DR (18.3%)

Table 11: Efficiency and cost comparison between COPILOT
and baselines. (‘Baseline Min’ and ‘Baseline Max’ report the lowest and
highest values among the four baselines on each metric. All rows except the
last are measured on 300 aligned code outputs on the Qwen model, while the
last row reports the target-model API generation charge on the recorded Gemini
code panel with 216 outputs per method.)

Detail CorPILOT Base. Min Base. Max
Target-LLM calls / output 2 1 2
Median latency / output (s) 224.4 168.4 237.1
Avg. input tokens / output 2385.9 143.8 979.9
Avg. output tokens / output 1991.4 1500.4 1830.6
Additional checkpoint storage (GB) 15 0 0
Gemini API charge (USD) 0.431 0.480 0.571

without sacrificing preferred-provider coverage.
Such results highlight that the design of COPILOT
extends beyond injecting preferred service names
into prose or comments. It effectively embeds the
requested services into executable code snippets
while keeping distractor providers out of the run-
time environment.

A.2.6 Efficiency and Cost Analysis

To quantify the computational overhead introduced
by the additional planning and drafting stages, we
measure the end-to-end efficiency of COPILOT and
all baselines on an aligned panel of 300 code out-
puts (i.e., the same 100 cases with three configu-
rations as §5.3) with the Qwen model. For each
method, we record the number of target-LLM calls
and the median wall-clock latency per output, and
we further estimate the average input and output to-
kens of the target LLM with its tokenizer. Since not
every metric is separately logged for each baseline,
Table 11 reports each metric of COPILOT together
with the lowest and highest values among the four
baselines, illustrating where COPILOT falls within
the baseline range.

As shown in Table 11, the median latency of
COPILOT (224.4s) falls within the range of the base-
lines, only 3.7% above Constrained (216.4s) and
5.4% below Grouped (237.1s), while it is slower
than Zero-shot (185.0s) and Step-wise (168.4s).
Within COPILOT, the per-output median latencies
of the three modules are 15.0s for scenario plan-
ning, 15.7s for the batched DLM drafting, and
190.6s for the final completion. Thus, the two
additional stages account for only a minority of
the overall latency, which is dominated by the
response generation of the target LLM. For the
storage overhead, COPILOT only requires an addi-
tional 15 GB memory for loading the DLM, sub-
stantially smaller than the 62 GB memory of the
target model (Qwen3-32B ). Note that the token
counts are tokenizer-based estimates rather than
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API billing records, the DLM denoising tokens are
excluded, and we did not measure the throughput
or peak GPU memory.

We further summarize the monetary cost on the
recorded Gemini code panel (the last row of Ta-
ble 11), which contains 8 prompts from each of the
single-task, multi-task-2, and multi-task-3 splits
with three configurations and three repeats (i.e.,
216 outputs per method). Based on the logged rates
of USD 0.375 per million input tokens and USD
2.25 per million output tokens, the target-model
generation charge of COPILOT is USD 0.431 (432
calls), which is slightly lower than the USD 0.480-
0.571 of the prompting baselines (216432 calls),
since the drafts constrain the completion stage and
shorten the redundant enumeration of configured
services in responses. Note that this comparison
does not include local DLM computation (which
is much smaller and cheaper than the target model)
and the evaluator calls shared across all methods.
This comparison mainly highlights that COPILOT
will not lead to higher overhead on the target model.

A.3 Limitations and Future Work

Dataset Distribution. The raw prompts in our
benchmark are adapted from prior recommenda-
tion work (Zhang et al., 2025; Budzianowski et al.,
2018; Rastogi et al., 2020) and the synthesized
multi-task prompts concatenate at most three sub-
tasks per prompt. This construction may not fully
reflect the distribution of real-world conversation
logs, where the topic coverage, sub-task length, and
writing style of user prompts could be more diverse.
Nevertheless, this limitation does not weaken the
conclusions of this paper, since COPILOT and all
baselines are evaluated on the same prompt set and
preference configurations, so the reported numbers
describe the performance gap between methods
rather than the scenario coverage of the dataset.
A natural extension is to mine prompts from real
conversational logs of LLM recommendation ser-
vices, in which longer prompts and noisier scenario
boundaries can stress the planning and anchoring
stages of COPILOT more aggressively. We see this
direction as a complement to, rather than a replace-
ment for, the controlled evaluation conducted in
this paper.

Faithfulness of Preferences. Our evaluation as-
sumes the preference configuration C faithfully re-
flects user intent, whether the user uploads C di-
rectly or the platform aggregates C from interac-
tion history. In real deployment, both channels

could introduce noise (e.g., overlapping scenario
boundaries, stale entries from outdated tech stacks,
and underspecified service descriptions whose in-
tended scope is unclear). However, this paper does
not aim to investigate how much noise exists in
real-world preference configurations, and our ex-
periments compare methods under a shared C, so
the relative comparison between COPILOT and the
baselines is unaffected by the absolute quality of C.
Future research could design preference debugging
and merging methods that detect contradictions,
deduplicate overlapping entries, and surface stale
items, so that the upstream C remains a faithful de-
scription of user intent before any control method
is invoked. Building such tools is largely orthogo-
nal to the inference-time control problem studied
here, and we view the two lines of work as comple-
mentary.

Dependence on the Underlying DLM. COPILOT
currently adopts LLaDA-1.5 (Nie et al., 2025) as
the backbone DLM in the draft generation mod-
ule. Diffusion language modeling is still a fast-
moving area, and stronger backbones with larger
parameter scales, faster sampling, and richer train-
ing data are likely to appear in the near future.
Whether the absolute numbers in Table 1 carry over
to those backbones cannot be answered by our cur-
rent experiments alone. The qualitative design of
COPILOT remains model-agnostic, since the plan-
ning, anchoring, and completion stages do not rely
on any LLaDA-specific behavior beyond bidirec-
tional masked decoding. Re-running the pipeline
on stronger DLMs, and quantifying how much of
the observed gain originates from the framework
versus from the backbone, is a clear next step. We
release the scripts, prompts, and datasets to sup-
port such reproduction and exploration by future
research, and we encourage the community to swap
in newer DLMs as they become available.
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