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Abstract

Building effective LLM agents increasingly re-
quires selecting appropriate Al models as tools
from large open repositories (e.g., Hugging-
Face with >2M models) based on natural lan-
guage requests. Unlike invoking a fixed set
of API tools, repository-scale model selection
must handle massive, evolving candidates with
incomplete metadata. Existing approaches in-
corporate full model descriptions into prompts,
resulting in prompt bloat, excessive token costs,
and limited scalability. To address these issues,
we propose HuggingR*, the first framework to
recast model selection as an iterative reasoning
process rather than one-shot retrieval. By inte-
grating Reasoning, Retrieval, Refinement, and
Reflection, HuggingR* progressively decom-
poses user intent, retrieves candidates through
multi-round deliberation, refines selections via
fine-grained analysis, and validates results
through reflection. To facilitate rigorous evalu-
ation, we introduce a large-scale benchmark
comprising 14,399 user requests across 37
task categories. Experiments demonstrate that
HuggingR* achieves 93.01% workability and
84.25% reasonability—outperforming state-of-
the-art baselines by absolute margins of 17.81%
and 23.13%, respectively, while reducing token
consumption by 6.9x.

1 Introduction

The Model Context Protocol (MCP) has catalyzed
the evolution of large language models by mak-
ing the integration of diverse external interfaces a
key paradigm in Al agent development, with re-
markable results across various fields (Zhang et al.,
2025; Contreras Ortiz et al., 2025; Kadiyala et al.,
2024). These external interfaces generally fall into
two categories: functional APIs (Li et al., 2023a;
Mastouri et al., 2026; Liu et al., 2025) and system-
level interfaces (Ehtesham et al., 2025; Ahmadi
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Query: Detect all buildings and vehicles in the image. | % : model descriptions

Prompt:
Based on the request {query}, Select the most suitable mode
I for {task}. Your candidate models:
Model l:@, Model 2: @ , ... Model 30:%
[All model descriptions are provided by the prompt. &)
Response:
The 'detr-resnet-50' model is well-suited for your task of de > 7
tecting buildings in satellite images due to its robust architec
ture, extensive training on relevant datasets, and ease of use
for object detection tasks.

¥ Wrong & Token: 61,512 =

(a) Direct Prompting

Prompt:

You are a model selection expert. Based on the request {qu
ery}, Select the best model through iterative reasoning.
Reasoning Process:

1. First, analyze the user's request carefully. You can freely
use the retrieval tool to obtain candidate models.

2. Once sufficient information is collected, If the number of
candidate models is <3, the system will provide detailed des
criptions of these 3 candidates. Select the best model.

3. Reflect on the result: if unsatisfied, return to Step 1.

[No model description embedding needed! £1 ¢ N
Response: i 5&

£ The user needs a model for detecting buildings and vehicles from an aerial view.
Q Let me retrieval: Retrieve(aerial object detection), Retrieve(buildings and vehicles) ...
EI Well, Retrieval complete. Now analyzing: WALDO-SO% . YOLOVSQ, Anzhcs_YOLOs%
Q WALDO-30 is the best choice because of specializes in detecting buildings and vehicles.
o Correct (& Token: 8,934
(b) HuggingR* (ours) it

Figure 1: Comparison of baseline and HuggingR*
prompts and responses. For the same query, HuggingR*
chooses the correct model with 6.9x fewer tokens,
whereas the baseline chooses an incorrect model.

et al., 2026). By leveraging these interfaces, LLMs
extend beyond pure text-based reasoning, enabling
them to process visual inputs, access real-time
data, and perform complex tasks. As the interf-
ace ecosystem rapidly expands across cross-modal
domains, selecting the most appropriate interfaces
from vast repositories based on user queries has
become a critical challenge in building Al agents.
Among these interfaces, community-driven Al
models represent a rich yet underexplored resource.
While existing work has primarily focused on in-
voking a fixed set of curated APIs (Gan and Sun,
2025; Lumer et al., 2025), the selection of appropri-
ate models from large, evolving community repos-
itories remains largely unexplored. To date, the
HuggingFace community has amassed over 2.5 mil-
lion models and 776k datasets, supporting 4,700
languages and vastly expanding the available tool
set for Al agents. Models fine-tuned on domain-
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specific data inherently excel in meeting users’ par-
ticular needs. For instance, BioBERT (Lee et al.,
2020) is significantly better suited for medical text
analysis than standard BERT (Koroteev, 2021).
However, due to the sheer scale of the commu-
nity model ecosystem and pervasive metadata gaps,
the performance of traditional retrieval systems is
severely degraded. Therefore, developing model
selection algorithms that balance both efficiency
and accuracy has become a critical bottleneck in
unlocking the full potential of community models.

Current mainstream approaches for community
model selection, such as HuggingGPT (Shen et al.,
2023), rely on directly embedding all candidate
model descriptions into prompts, leading to sig-
nificant token consumption (Figure 1). Recent re-
search has shifted towards a paradigm driven by
meta-learners that select models based on dataset
similarity (Li et al., 2023b; Zhou et al., 2024; Lu
et al., 2023; Zhang et al., 2024b). However, these
methods are limited to fixed, small-scale, task-
specific repositories and struggle to generalize to
novel tasks or adapt to dynamically evolving large-
scale model communities. Moreover, existing ap-
proaches lack the capability to perform fine-grained
analysis of model descriptions. This makes it diffi-
cult to achieve an optimal match between the het-
erogeneous nature of community models and the
diverse, complex needs of users.

To address these challenges, we introduce
HuggingR*, a novel reasoning-driven framework
for scalable model selection in dynamic community
repositories. It employs a coarse-to-fine strategy
that combines efficient broad-scale retrieval with
precise fine-grained refinement, achieving state-
of-the-art performance while reducing token con-
sumption by 85.6% (Figure 1). The framework
of HuggingR* operates in three stages: (1) Itera-
tive Reasoning and Dual-Stream Retrieval. The
LLM performs step-by-step reasoning to decom-
pose user queries and iteratively retrieves a com-
pact set of candidates. (2) Fine-Grained Semantic
Refinement. The LLM conducts fine-grained anal-
ysis of candidates’ full descriptions to select the
most suitable model based on task-specific require-
ments. (3) Meta-Cognitive Reflection. The LLM
validates selections through self-reflection and dy-
namically adjusts retrieval parameters if necessary.
To handle pervasive metadata gaps, we integrate a
failure traceback mechanism after each retrieval op-
eration. Additionally, we introduce a novel sliding
window strategy that intelligently manages context

window usage, optimizing both information cover-
age and token efficiency.

To evaluate our approach, we introduce
ModelSelect-Bench, the first large-scale and
expert-annotated benchmark for model selection.
It comprises 1,016 single-task and 13,383 multi-
task requests spanning vision, language, audio,
and multimodal scenarios, each rigorously human-
annotated with optimal model selections. We
employ two complementary metrics: workability
(whether the selected model executes successfully),
and reasonability (whether outputs meet user re-
quirements). In summary, our contributions are:

» We propose HuggingR*, the first scalable frame-
work for model selection in community reposi-
tories, combining iterative LLM reasoning with
advanced retrieval techniques to scale seamlessly
to large, evolving repositories.

* We construct ModelSelect-Bench, the first com-
prehensive global benchmark comprising 14K+
requests across vision, language, audio, and mul-
timodal domains.

* Extensive experiments demonstrate that
HuggingR* achieves SOTA performance across
multiple LLM architectures while reducing
token consumption by 6.9x.

2 Related Work

Model Selection. Model selection aims to iden-
tify the most suitable model from a candidate pool
for specific tasks. Existing approaches primarily
fall into data-driven and query-driven paradigms.

Data-driven methods require access to datasets
and extract meta-features for model recommenda-
tion. Early work relied on rule-based heuristics and
lightweight selector models (Taylor et al., 2018;
Marco et al., 2020; Wang et al., 2017; Meng et al.,
2021; Hu et al., 2023). Recent advances focus on
metadata-based (Li et al., 2021; Luo et al., 2020;
Lu et al., 2023; Li et al., 2023b; Zhou et al., 2024;
Wanaskar et al., 2025; Zhang et al., 2024b) and
graph-based (Li et al., 2024; Wang et al., 2023)
approaches. However, they are infeasible in com-
munity scenarios due to missing metadata, the in-
ability to access datasets in real-time, and neglect
of user preferences.

Query-driven methods eliminate dataset depen-
dency via natural language queries. While Hug-
gingGPT (Shen et al., 2023) pioneered this by em-
bedding descriptions directly into prompts, this
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I TASK
o

-
/

... Reasoning 1:

2 The user query requires an OCR model capable of process
ing French text from a book cover image. Let me start by
searching for OCR models

Reasoning 2:

) The selected model's training dataset should ideally consist
of book cover images. Book covers often contain stylized f
onts, decorative elements, and varying text layouts.

. Reasoning 3:

@D prioritize models explicitly trained on French text.

Model #1: pix2struct-ocrvqa-base, Model #2: pix2struct-ocrvqa-large i
Both models meet the core requirements (French OCR for book covers), so I will proceed to the refinement stage. )

Stage II: Fine-Grained Semantic Refinement

Refinement by examining the HuggingFace full model cards of the
shortlisted candidates:

]
i
H
! Model#1 < @
1
1
1
1
1
1
1
1
1

After examining the full model cards, I found that both models share
the same architecture and training data, but differ in capacity. Therefo
re, I determine that #2 pix2struct-ocrvqa-large is preferable, as high
er-performing models are recommended by default.

Stage I: Iterative Reasoning and Dual-Stream Retrieval

Model's language capabilities must include French. I should==—p-

i
i
|
i
i If candidate models <= N: I have now engaged in thorough reasoning and obtained a selection of candidate models:
i
1
)

5.0
Model #2 +Q

= addressing both the language and domain specificity.

| Q: Extract the text from this French book cover image [imagel.jpg] using OCR.

Retrieval Result 1 (Direct Retrieval):

@ trocr-base-handwritten @ pix2struct-ocrvqa-base
© pix2struct-ocrvga-large @ trocr-large-printed

@© donutdcover of books

Retrieval Result 2 (Metadata Retrieval):
@ pix2struct-ocrvga-base @ pix2struct-ocrvqa-large
© donutdcover of books

()

Retrieval Result 3 (Metadata Retrieval):
@ pix2struct-ocrvqa-base @ pix2struct-ocrvqa-large

~
~
L

Stage I11: Meta-Cognitive Reflection

Self-Reflection:

Can this model meet the user's needs?
#2 pix2struct-ocrvqa-large:

This model is fine-tuned on French book covers, directly

=)

@ Get the best: #2 pix2struct-ocrvqa-large

o Increase k, Trace back to Stage I

Figure 2: Workflow of HuggingR* with an example. The process includes: 1) Reasoning and Retrieval: Iterative
querying and top-k candidate retrieval from the vector database. 2) Refinement: Fine-grained model selection via
sliding window access to complete model cards. 3) Reflection: Self-evaluation to verify model suitability.

one-shot paradigm scales poorly to massive repos-
itories and struggles to capture fine-grained task
requirements. Broadly, existing approaches remain
ill-equipped for community repositories character-
ized by rapid evolution, incomplete metadata, and
diverse multimodal tasks.

Tool Selection vs. Model Selection. Unlike prior
work on API tool selection, which operates on dis-
crete function categories (weather vs. email) with
structured schemas, community model selection
faces continuous capability spaces where thou-
sands of models (e.g., 6,117 sentiment models)
differ subtly in domain and architecture. This trans-
forms the problem from category-based classifi-
cation to fine-grained ranking under incomplete
metadata and context-dependent performance. We
provide a detailed comparison of these paradigm
differences in Appendix D.2.

LLMs for Reasoning. While LLMs exhibit
strong capabilities in reasoning (Wei et al., 2022;
Kojima et al., 2022; Wang et al., 2024; Zhang et al.,
2024a; Yu et al., 2025; Yuan et al., 2026) and dy-
namic information retrieval (Huang et al., 2025;

Li et al., 2025; Wu et al., 2025; Shi et al., 2025;
Gerych et al., 2024), their application to model se-
lection remains underexplored. Inspired by human
iterative decision-making (Zhao et al., 2023), we
uniquely frame community model selection as a
step-by-step reasoning process rather than a single-
step matching task.

3 Methodology

3.1 Task Formulation and Notation

We consider the task of model selection within a
massive, evolving ecosystem (e.g., Hugging Face).
Let D = {m,ma,...,my} denote a repository
containing candidate models, where n is the num-
ber of models. Each model m; is characterized by
a high-dimensional model card C(m;), which we
define as a composite tuple:

C(mz) = <-Abase7 Astruct, 7;1630>7 (D

where Ap,e represents atomic metadata (e.g.,
unique identifier, usage statistics, and canonical
task labels), Asyuct the schematized attributes (e.g.,
supported languages, dataset lineage, and licens-
ing constraints), and 7gesc unstructured semantic
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content (e.g., technical specifications, architectural
nuances, and qualitative performance metrics).

Given a user query ¢ that encodes latent func-
tional requirements and domain constraints, the
objective is to find the optimal model companions
M*. We frame this as a maximization of an align-
ment function ®:

M* = arg max & (g, C(M)). 2

In the context of repository-scale selection, @ is
non-trivial to compute due to three challenges. (1)
Informational Asymmetry: the mapping between
g and C(M) is often obscured by incomplete
or noisy metadata in Agge. (2) Computational
Tractability: the cardinality of D precludes the di-
rect application of LLM-based reasoning across
all Tgesc. (3) Semantic Drift: natural language re-
quests ¢ often require iterative decomposition to
align with the technical granularity of C'(M).

3.2 Stage I: Iterative Reasoning and
Dual-Stream Retrieval

Stage I operationalizes a closed-loop reasoning-
retrieval cycle designed to navigate the high-
cardinality model space. Rather than treating re-
trieval as a static, one-shot operation, HuggingR*
employs an agentic paradigm that autonomously
refines search parameters based on intermediate
feedback, progressively distilling the global reposi-
tory into a high-precision candidate set.

Semantic Distillation of Model Cards. To max-
imize the signal-to-noise ratio within the prompt
context, we perform semantic distillation on the
raw model cards. For any m; € D, we apply a
transformation ¥ : C'(m;) — C(m;) that prunes
non-informative artifacts such as raw URLs, re-
dundant citations, and organizational boilerplate,
while canonicalizing technical specifications. This
distillation ensures that the reasoning operates on
high-density semantic representations, effectively
mitigating prompt bloat and reducing token over-
head by focusing on descriptors.

Intent Decomposition and Query Synthesis. At
each iteration ¢, a reasoning agent Freason Synthe-
sizes a strategic search descriptor s; based on the
user query g, the task category c, and the historical
reasoning trace H;_;. This process is formalized
as:

St = freason(Qv Hy 4, C)- 3)

The agent performs three critical operations:

* Functional decomposition: translating user
needs into discrete technical constraints (e.g.,
“low-latency”, “quantized”, “domain-specific”).

» Lexical mapping: generating targeted search
terms to bridge user vernacular and technical
terminology in repository metadata.

* Policy selection: adaptively choosing between
semantic and metadata-constrained retrieval

based on intent specificity.

Dual-Stream Adaptive Retrieval. To account
for the inherent sparsity of repository metadata,
we implement a dual-stream retrieval mechanism.
Depending on the agent’s assessment, the system
selects the appropriate embeddings:

* Direct stream: encoding the full distilled de-
scription ﬁesc(mi) into a dense vector Vﬁ‘,lllil €
R, capturing broad functional nuances.

* Metadata stream: employing the structured at-
tributes Agruet (1) to generate a constrained vec-
tor v?{jm € R?, prioritizing hard-constraint satis-
faction (e.g., language, dataset or license).

We employ multi-query augmentation to enhance
robustness. The system generates a set of K se-
mantically diverse variants S; = {sgl), ey s,gK)},
which are concatenated into a composite query
sf = @fil sgi). The final retrieval set M eason

is identified via cosine similarity:

Mieason = {mi € D | sim(sf,v},.) € Top-k},

“)
where sim(-) denotes the normalized inner prod-
uct, and me is the embedding from the selected
stream. The process terminates when | M eason| <
N (where N is a predefined hyperparameter), en-
suring the subsequent refinement stage remains
computationally tractable.

Failure Tracing and Backtracking. To mitigate
incomplete or misleading repository metadata, we
introduce a failure tracing mechanism. It validates
metadata stream searches by comparing their se-
mantic density against a parallel direct stream. If
the similarity divergence exceeds a threshold 6, the
system triggers a backtrack. This forces the agent
to revise its query strategy, preventing retrieval er-
rors from propagating to the refinement stage.

3.3 Stage II: Fine-Grained Semantic
Refinement

While Stage I prunes the search space through
coarse-grained vector similarity, Stage II facilitates
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fine-grained refinement. At this stage, the frame-
work transitions from identifying relevant models
to identifying the optimal one. This stage is critical
because embedding-based retrieval often fails to
distinguish between models with similar high-level
descriptions but divergent technical nuances, such
as specific quantization formats, library dependen-
cies, or edge-case performance characteristics.

High-Fidelity Candidate Adjudication. Once
the candidate set M eq50n 18 reduced to a cardinal-
ity |[Mieason| < N, the refinement agent Frefine
is granted access to the complete model cards
C (M eason)- These complete model cards provide
the LLM with the necessary context to perform
multi-dimensional cross-verification. The refine-

ment process is formalized as a selection function:

Mreﬁne - reﬁne(% C(Mreason))‘ (5)
The agent performs a semantic analysis, evaluating
candidates against g across several axes:

* Technical compatibility: ensuring the model’s
architecture and dependencies align with the
user’s infrastructure.

* Performance benchmarking: analyzing qual-
itative and quantitative metrics reported in the
model cards to verify domain suitability.

 Instruction adherence: confirming that the
model’s intended use-case matches the opera-
tional requirements.

Computational Tractability via the Sliding Win-
dow Mechanism. We refer to the aforemen-
tioned approach as a sliding window mechanism:
across Stage I iterations, the system progressively
slides its focus across the model space, maintaining
a fixed-size window | Meason| < IV of candidates
for Stage II analysis. Unlike text-based sliding
windows, this operates over the model space.

The refinement stage drives computational ef-
ficiency by restricting LLM analysis to M easons
capping context consumption at O(N - L) where
L is the average model card token length. Since N
is much smaller than the full repository size |D|,
this bypasses the O(|D| - L) complexity of direct
Prompting and avoids “lost-in-the-middle” effects
in long-context processing. Crucially, the approach
decouples computational cost from repository size,
enabling our agent to scale to millions of models.

3.4 Stage III: Meta-Cognitive Reflection

The final stage introduces a meta-cognitive reflec-
tion layer to mitigate hallucinations and false posi-
tives caused by partial information in earlier phases.
Because Stage I reasons primarily over distilled
metadata, the system may occasionally converge
on a “local maximum” that lacks specific functional
requirements hidden in deep documentation.

To address this, Frefiect €Xecutes a “zero-trust”
audit of the refined candidate M.fne against the
original query g:

M = -Freﬂect(qa C(Mreﬁne))' (0)

The agent identifies any misalignment between ac-
tual model capabilities (e.g., tensor constraints or
licensing) and user intent. If a discrepancy is de-
tected, it documents why M. is insufficient.

Dynamic Sliding Window and State Transition
The core innovation of our reflection process lies
in its integration with the Sliding Window Strategy.
Rather than terminating upon a failed validation,
the framework initiates a state-space transition:

1. Freezing: The current windows Meason 18
marked as “exhausted” and cached in the reason-
ing history H; to prevent redundant processing.

2. Sliding: The selection window W; slides for-

ward by N positions in the global ranked list:

Wt+1 — Shde(Wt, N) (7)

3. Recursive Recovery: The system re-enters

Stage I. The reasoning agent Fieason leverages
previous failure traces to adjust search param-
eters and explore the next partition under im-
proved guidance.

This recursive mechanism ensures recall robustness.
By treating the repository as sequential windows,
the framework recovers from initial retrieval bi-
ases without the heavy costs of global re-analysis,
balancing exhaustive search with efficiency.

4 Experiments

4.1 Dataset Construction

To evaluate our approach, we constructed a com-
prehensive dataset comprising three components.
The complete dataset construction process and as-
sociated prompts are detailed in the Appendix B.

Model Cards. The dataset includes 37 different
tasks from HuggingFace. For each task, we ranked
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HuggingGPT (Shen et al., 2023)

HuggingR** HuggingR*

LLM Agent Workability Reasonability Workability Reasonability Workability Reasonability
GPT-40-mini 65.52 49.21 84.77 75.56 92.03 82.46
GPT-40 75.20 60.70 84.15 75.16 91.14 82.09
GPT-4.1-mini 66.44 50.79 85.00 75.79 91.04 82.38
GPT-4.1 74.80 60.73 85.27 75.72 91.43 83.86
GPT-5.4-mini 70.47 56.50 85.13 77.26 91.83 83.96
GPT-5.4 75.20 61.12 87.40 77.36 93.01 84.25
Qwen3.6-flash 73.40 58.96 84.05 73.81 91.24 81.49
Claude-Sonnet-4 78.64 64.86 86.02 76.19 90.85 81.59
Deepseek-v4-pro 78.14 67.22 87.11 77.06 92.12 83.07
Qwen2.5-7b 56.59 41.83 82.78 73.82 85.73 76.31

Table 1: Performance comparison of different LLMs on the single-task dataset. We evaluate HuggingGPT and our
HuggingR* across proprietary and open-source models; HuggingR**: the retrieval-only version without refinement.

models based on the number of likes and selected
the top-ranking models, resulting in a candidate
pool of 1,110 models. The complete task distribu-
tion is provided in Appendix Table 11.
Single-Task User Requests. We constructed 1,016
requests covering various domains. Each was an-
notated by experts across two dimensions: worka-
bility (basic execution success) and reasonability
(alignment with domain-specific preferences).
Multi-Task User Requests. We leveraged GPT-40
to combine single-task requests into 13,383 multi-
task scenarios (2-5 tasks each). Five domain ex-
perts manually verified all scenarios based on three
criteria: (1) domain consistency, (2) semantic co-
herence, and (3) technical feasibility. Requests
failing any criterion were revised or discarded, en-
suring rigorous quality control.

4.2 Experimental setup

We evaluate HuggingR* across ten LLMs from the
GPT, Claude, Qwen, and DeepSecek series. These
models represent diverse architectures and varying
scales of reasoning capabilities.

We set the Multi-Query count to 4 using
text-embedding-3-large. For the sliding win-
dow, parameters N and k are set to 3 and 5, respec-
tively, with a failure tracing threshold 6 = 80%.
To ensure statistical significance, we report results
averaged over three independent runs. Complete
parameter details are in Appendix D.1.

We employ HuggingGPT as our baseline, as it is
a representative and the only query-driven model
selection method. Following the official implemen-
tation, we apply a 100-character truncation limit to
each model card.

Additionally, based on HuggingR*, we introduce

a pure retrieval variant, denoted as HuggingR**,
which retains only the multi-stage retrieval mech-
anism and achieves maximal token savings by re-
moving the refinement and reflection.

4.3 Evaluation Metrics

We evaluate model selection quality using two met-
rics: Workability (task compatibility) and Reason-
ability (domain appropriateness).

* Workability (Task Compatibility): We define
a model as workable if it satisfies three binary
criteria: (1) task type matches the request, (2)
input/output formats are compatible, and (3) the
model is executable on Hugging Face Hub or
locally. A model receives a Workability score of
1 if all criteria are met, O otherwise. This yields
an average of 8.3 workable models per request.

* Reasonability (Domain Appropriateness):
Among workable models, we define a model as
reasonable if it satisfies two criteria: (1) trained
on domain-relevant datasets (verified through
model card metadata), and (2) achieves competi-
tive performance (within top-5 reported metrics
among candidate models). This yields an aver-
age of 2.1 reasonable models per request.

Detailed annotation guidelines and inter-
annotator agreement are provided in Appendix C.

4.4 Results and Analysis

Table 1 compares HuggingR* against HuggingGPT
across diverse LLMs. HuggingR* consistently out-
performs the baseline across all models and metrics.
Notably, it achieves peak performance on the latest
GPT-5.4 (93.01% workability, 84.25% reasonabil-
ity). Moreover, models like GPT-40-mini exhibit
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Method Workability Reasonability

HuggingR**
text-embedding-3-large 84.77 75.56
jina-embeddings-v3 84.81 73.75
text-embedding-3-small 83.04 70.93
HuggingR*
text-embedding-3-large 92.03 82.46
jina-embeddings-v3 90.62 80.67
text-embedding-3-small 90.12 79.95

Table 2: Performance of HuggingR** and HuggingR*
with different embedding models on GPT-40-mini.

Method Workability  Reasonability
HuggingGPT 68.08 51.44
HuggingR** 78.27 69.86
HuggingR* 85.03 75.73

Table 3: Performance comparison on the multi-task data
using GPT-40-mini with text-embedding-3-large.

massive absolute gains of 26.51 and 33.25 percent-
age points over HuggingGPT. Furthermore, the
retrieval-only variant HuggingR** demonstrates
stable performance across backbones, as it relies
primarily on Multi-Query Generation rather than
deep reasoning capabilities.

While stronger LLMs generally elevate baseline
results, framework effectiveness varies due to dis-
tinct reasoning patterns. For instance, despite a
strong baseline, Claude-Sonnet-4 yields subopti-
mal gains due to over-analysis during reflection,
leading to overly strict candidate filtering. In con-
trast, advanced reasoning models like Deepseek-v4-
pro and GPT-5.4 seamlessly adapt to the iterative
refinement. Conversely, our method drastically em-
powers smaller open-source models: on Qwen2.5-
7B, it achieves 85.73% workability. These obser-
vations underscore the importance of balancing
thorough analysis with reasoning efficiency.

We also evaluate the performance of our meth-
ods with different embedding models. As shown
in Table 2, the performance of HuggingR* gener-
ally scales with the capacity of embedding mod-
els, while the consistently high performance across
all models (90%+ workability) demonstrates the
robustness of our approach to different semantic
encoders. Notably, even with the smaller text-
embedding-3-small, HuggingR* achieves 90.12%
workability, only 1.91 points lower than the best
configuration, demonstrating that our method pro-
vides flexibility in balancing computational effi-

Method (w/ GPT-40-mini) Work. Reas.
Standard RAG 65.94 49.40
RAG + Cohere Rerank 75.59 52.06
ReAct (Yao et al., 2023) 81.67 69.13
Reflexion (Shinn et al., 2023) 81.83  71.25
HuggingR* (Ours) 92.03 82.46

Table 4: Performance comparison with general-purpose
retrieval and agent frameworks.

Method | Input Type # Tasks # Models Online
AutoMRM Dataset 1 11 X
TransferGraph | Dataset 2 348 X
ModsNet Dataset 3 3,194 X
HuggingGPT | User Query 24 >10K v
HuggingR* | User Query 37 >10K v
Table 5: Comparison of HuggingR* with Other

Paradigms.

ciency and performance. This robustness enables
practitioners to select embedding models based on
their specific deployment constraints without sig-
nificantly compromising recommendation quality.
We further evaluate HuggingR? in multi-task
scenarios using HuggingGPT’s task planning. As
shown in Table 3, HuggingR* yields 85.03% work-
ability and 75.73% reasonability. While continuing
to substantially outperform baselines, this repre-
sents a notable drop from our single-task results
(92.03% and 82.46%, respectively). This perfor-
mance gap stems primarily from the heightened
complexity of task decomposition in multi-task sce-
narios, indicating that our orchestration and depen-
dency management require future optimization.
To validate our architectural design, we compare
HuggingR* against established retrieval and agent
paradigms (Table 4). Standard RAG and RAG
with Cohere Rerank struggle significantly (65.94%
and 75.59% workability), proving that naive text
matching is insufficient for navigating continuous
model capability spaces. While general-purpose
agents like ReAct (Yao et al., 2023) and Reflex-
ion (Shinn et al., 2023) introduce reasoning and
self-correction, elevating workability to roughly
81%, they still fall short in repository-scale se-
lection. This highlights the absolute necessity of
our domain-specific fine-grained refinement and
sliding-window reflection mechanisms.

4.5 Comparison with Other Paradigms

Table 5 highlights fundamental differences be-
tween two paradigms. Data-driven methods (Au-
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Method Workability Reasonability
HuggingR* 84.77 75.56
w/o Multi-Query 82.94 71.63
w/o Semantic Distillation 81.36 71.26
w/o Metadata Stream 78.97 69.82
HuggingR* 92.03 82.46
w/o Failure Tracing 88.09 77.66
w/o Self-reflection 85.33 80.21
w/o Sliding Window Strategy 90.98 81.30

Table 6: Ablation study on individual module contribu-
tions using GPT-40-mini with text-embedding-3-large.

N (k=5) k(N =3)
N  Workability Reasonability | & Workability ~Reasonability
1 88.98 79.82 3 90.98 81.30
2 91.54 81.99 4 91.73 82.14
3 92.03 82.46 5 92.03 82.46
4 92.35 83.07 6 91.63 81.79
5 92.32 82.48 7 91.34 81.99

Table 7: Performance impact of hyperparameters N
(window size) and k (number of retrieved candidate
models) in the sliding window strategy using GPT-4o-
mini with text-embedding-3-large.

toMRM (Li et al., 2023b), TransferGraph (Li et al.,
2024), ModsNet (Wang et al., 2023)) rely on expert-
extracted dataset meta-features and offline training,
restricting them to narrow domains (typically 1-3
tasks). In contrast, our query-driven framework
offers three key advantages: (1) Usability: Non-
experts can express needs via natural language (e.g.,
“Chinese movie review sentiment”); (2) Adaptabil-
ity: It seamlessly integrates with rapidly evolv-
ing online repositories without retraining; and (3)
Scalability: It comprehensively handles 37 diverse
tasks across 10K+ models.

5 Ablation Study
5.1 Impact of Individual Modules

Table 6 presents our module ablation study. For
HuggingR**, removing Semantic Distillation sig-
nificantly degrades workability and reasonability
(-3.41 and -4.30 points), as it is vital for enhancing
model card embedding quality. Disabling the Meta-
data stream causes even steeper drops (-5.80 and
-5.74 points), highlighting its necessity for filtering
relevant tasks to narrow the search space.

For the full HuggingR* framework, deactivat-
ing Failure Tracing yields the most substantial per-
formance degradation (-4.80 points in reasonabil-
ity). This highlights its critical role in catching
undetected metadata mismatches and preventing
error propagation. Furthermore, removing either

Threshold 6 \ Workability (%) Reasonability (%)
0% 88.09 77.66
40% 90.45 80.41
60% 91.73 81.69
80% 92.03 82.46
100% 91.24 81.99

Table 8: Ablation study on the failure tracing thresh-
old # using HuggingR* with GPT-40-mini and text-
embedding-3-large.

5 10°;
3 30, 61512)
172]
on
2
~ 4
210"
%” (30, 8878)
-} —e— Direct Prompting
5 (30, 2344) HuggingGPT
'é 103 i —— HuggingR4*
. 4
(30, 344) —*— HuggingR
20 40 60 80 100 120

Number of Candidate Models

Figure 3: Token usage comparison across different num-
bers of candidate models using GPT-40-mini with text-
embedding-3-large (log scale).

Self-reflection or Sliding Window Strategy impairs
performance. Collectively, these components em-
power the system to explore beyond initially re-
trieved candidates, facilitating the multi-round rea-
soning necessary for robust model selection.

5.2 Analysis of the Sliding Window Strategy

We further investigate the impact of the two key
hyperparameters in the sliding window strategy: k
and N. As shown in Table 7, increasing IV consis-
tently improves both Workability and Reasonability
scores, with peak performance at N=4. However,
larger N values also lead to higher token due to
more full model cards being processed in stage
II. To strike a balance between performance and
efficiency, we select N=3 as the default configura-
tion. In contrast, varying k shows a relatively stable
trend, where performance improves up to k=5 but
slightly degrades when k exceeds 5. This indicates
that an appropriate number of initial candidates is
beneficial, but overly large candidate pools may
introduce noise and reduce effectiveness.

5.3 Failure Tracing and Backtracking

To evaluate the effectiveness of the failure tracing
mechanism, we conduct ablation studies by varying
the similarity threshold 6 that triggers the traceback
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process. Table 8 presents the results across differ-
ent threshold settings. We observe a consistent
improvement trend as 6 increases from 0% to 80%,
with performance peaking at § = 80% (92.03%
workability and 82.46% reasonability). Disabling
the mechanism (0 = 0%) yields the lowest per-
formance (88.09%/77.66%), while an overly strict
threshold (6 = 100%) leads to slight degradation
(91.24%/81.99%), indicating that moderate thresh-
olds best balance failure detection and false positive
avoidance. Note that § = 0% coincides with the
w/o Failure Tracing variant in Table 6.

5.4 Analysis of Token Usage

In practical applications, token consumption is a
key efficiency indicator. A major advantage of our
approach is that it avoids increasing token usage as
the number of candidate models grows, making it
highly scalable. As shown in Figure 3, both Direct
Prompting and HuggingGPT consume significantly
more tokens when handling more models, due to
their reliance on directly embedding large model
cards into the prompt. In contrast, HuggingR*’s
token consumption is independent of the number
of candidate models, as they operate on retrieval
results. Notably, HuggingR** achieves high model
selection performance while consuming only a min-
imal amount of tokens. Due to its multi-step rea-
soning process, HuggingR* requires slightly more
tokens. However, it achieves superior performance
when handling a larger number of candidate mod-
els. Therefore, our proposed methods not only
excel in model selection capability but also provide
significant advantages in token consumption.

6 Conclusion

We present HuggingR?, a progressive reason-
ing framework for selecting optimal AI models
from massive, evolving repositories, alongside
ModelSelect-Bench, the first large-scale, expert-
annotated and verified benchmark designed specifi-
cally for repository-scale model selection. Exten-
sive experiments demonstrate that HuggingR* sig-
nificantly outperforms existing baselines by accu-
rately capturing fine-grained user intents, reaching
up to 93.01% workability and 84.25% reasonability
with consistent gains across ten LLM backbones.
Crucially, its multi-stage design completely decou-
ples token consumption from the candidate pool
size, delivering state-of-the-art accuracy with ex-
ceptional scalability and token efficiency.

Limitations

Firstly, the performance of HuggingR* degrades
in multi-task scenarios, dropping from 92.03% to
85.03% workability, indicating that task decompo-
sition and dependency management across chained
requests remain unresolved.

Secondly, HuggingR* lacks adaptive policy op-
timization: its retrieval and reflection behavior is
driven by prompted reasoning under fixed hyper-
parameters (N, k, and the failure-tracing threshold
0) rather than learned from interaction. In future
work, we plan to employ agentic reinforcement
learning (RL) to dynamically learn and optimize
these model selection policies.

Thirdly, ModelSelect-Bench carries residual bi-
ases. Fixed quotas and expert review mitigate task
imbalance and annotation noise, but the candidate
pool is ranked by likes and therefore favors es-
tablished, well-documented models over recent or
long-tail ones, all candidates originate from a sin-
gle platform, and the multi-task requests were com-
posed with GPT-40, which shapes their phrasing.

Ethical Considerations

This work abides by the ACL Code of Ethics. The
annotated material consists solely of publicly avail-
able technical metadata from Hugging Face model
cards and task-oriented model selection queries.
We collected no data about individuals, no person-
ally identifiable information, and no sensitive per-
sonal information, and all queries were manually
screened before inclusion in ModelSelect-Bench.
Model cards were obtained through the public Hug-
ging Face interface and are used only as derived
metadata, in accordance with the licenses declared
by their respective owners. We further emphasize
that HuggingR* serves only as a model recommen-
dation and ranking mechanism: it reasons over
documented model capabilities and neither modi-
fies, retrains, nor certifies the models it retrieves.
In high-stakes domains such as medicine and law,
its output must never be treated as a certification of
safety or applicability; domain-specific evaluation
and human oversight remain indispensable.
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A Methodology Implementation Details

A.1 Methodology Prompt

Our framework structures the LLM as a multi-stage
reasoning assistant. Given user query ¢ and op-
tional task label, the system prompt orchestrates:

Stage I: Iterative Retrieval. The system generates
targeted search queries and applies filtering tools
across multiple rounds, adaptively refining the strat-
egy (broadening if too few results, narrowing if too
many) until obtaining | Mieason| < N candidates.
The prompt prohibits inferring capabilities from
model names, enforcing metadata validation.

Stage II: Comparative Refinement. With
| Mreason| < N candidates, a refinement tool per-
forms comparison across: (1) task performance, (2)
efficiency, (3) compatibility, and (4) community
adoption. The LLM selects the optimal model m*
through pairwise analysis with justification.

Stage III: Meta-Cognitive Reflection. A reflec-
tion agent adversarially audits Mefiect against re-
quirements (language, dataset, size, license, hard-
ware, special constraints). If verified, the system
returns | MODEL_NAME |; if any check fails, it outputs

UNCERTAIN | with failure trace, triggering fallback
Stage I with augmented query. The prompt as show-
cased below:

You are an expert reasoning assistant for select-
ing models on HuggingFace. Your task is to
progressive reasoning, iteratively filtering out
the most appropriate model based on the user’s
input: {user query}.

Stage I: Iterative Reasoning and Dual-
Stream Retrieval

- Carefully analyze the user’s requirements and
generate targeted search queries. - Use avail-
able filtering tools iteratively (e.g., filter by task,
language, size, license).

- Refine your search strategy based on intermedi-
ate results, if you get too many results, add more
constraints; if you get zero results, broaden your
search.

- Continue retrieval cycles until you obtain N
or fewer candidate models.

- Critical: Do NOT assume model capabilities
based solely on model names. Always validate
against model metadata.

Stage II: Fine-Grained Semantic Refinement

- Once you have < {N'} candidate models, use
refinement tool to provide a selection of the one
best model.

- Analyze each candidate across multiple dimen-
sions: Task alignment and performance bench-
marks. Efficiency (inference speed, memory
usage). Compatibility (frameworks, hardware).
Community adoption and maintenance status.
- Select the best model based on this compre-
hensive analysis.

Stage II1: Meta-Cognitive Reflection

- Verify the selected model satisfies all user cri-
teria: language, dataset compatibility, model
size, type, and special requirements

- If the model meets all these criteria, and you
have information to recommend this model, re-

turn the final result: | MODEL_NAME |.

- If any of the criteria are not satisfied, system

output: [UNCERTAIN |

A.2 TIterative Reasoning and Dual-Stream
Retrieval Prompts

Semantic Distillation of Model Cards. Given
that raw model cards often contain verbose docu-
mentation, redundant metadata, and heterogeneous
formatting that can hinder retrieval efficiency, we
perform semantic distillation on all model cards be-
fore framework execution. Specifically, we apply a
transformation W : C(m;) — C(m;) that removes
non-informative artifacts (e.g., raw URLSs, redun-
dant citations, organizational boilerplate) while
canonicalizing technical specifications and extract-
ing essential fields. This preprocessing step maxi-
mizes the signal-to-noise ratio by retaining only the
core information needed for model selection, such
as model purpose, capabilities, and key technical
descriptors, while eliminating elements that con-
tribute to prompt bloat without aiding the reasoning
process:

Prompt: You are a helpful assistant special-
ized in simplifying HuggingFace model cards.
Your task is to extract only the fields rele-
vant to model selection: id, downloads, likes,
pipeline_tag, task, meta, language, datasets, and
description. For the description field, simplify
the content by keeping only the most essen-
tial information that helps users understand the
model’s purpose and use case. Output only a
clean, valid JSON object with the selected and
simplified fields.
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Dual-Stream Adaptive Retrieval Prompt. To
enable flexible and precise model filtering from
the large-scale repository while accounting for the
inherent sparsity of repository metadata, we in-
struct the LLM to utilize a dual-stream retrieval
mechanism in the main prompt. The system au-
tonomously selects between two retrieval streams
based on query analysis: direct stream and meta-
data stream. The LLM autonomously selects and
combines these tools based on query analysis, en-
abling adaptive retrieval strategies.

The retrieval prompts are structured as follows:

Tool 1: Direct Similarity Retrieval
- Used to find models similar to the user’s query.
Input: The retrieval query:

<|begin_similarity_query|>
Retrieval Query
<|end_similarity_query|>

Output: The top-k£ most relevant models:

<|begin_similarity_result|>
model 1, model 2 ...
<|end_similarity_result|>

Tool 2.1: Metadata Language Retrieval
- Filters models based on the specified language.
Input: The ISO language code of user query:

<|begin_language_query|>
ISO language code
<|end_language_query|>

Output: The Top-k models:

<|begin_language_result|>
model 1, model 2 ...
<|end_language_result|>

Tool 2.1: Metadata Dataset Retrieval

- Filters models based on the dataset require-
ments.

Input: Describe the required dataset:

<|begin_dataset_query|>
Describe the required dataset
<|end_dataset_query|>

Output: The Top-k models:

<|begin_dataset_result|> model 1,
model 2 ... <|end_dataset_result]|>

Special Case: If some model cards are missing
dataset labels, and no similarity search results
are returned for the dataset retrieval, mark this
dataset retrieval as untrustworthy.

Multi-Query Augmentation. To enhance query
diversity and improve retrieval coverage, we gener-
ate multiple search queries from different perspec-
tives before performing the model retrieval. This
multi-query approach allows us to capture various
aspects of the user’s intent and increases the likeli-
hood of finding relevant models through different
semantic angles. In our implementation, we set
K = 4 and use the following prompt to transform
the user query into four distinct search queries:

Prompt: You are a helpful assistant in gener-
ating multiple search queries based on a single
query entered by a user. This will allow us to
use the user query to more accurately find the
most similar model via Hugging Face model
card embeddings. The generated queries should
characterize the model itself (e.g., inputs to the
model, uses of the model, datasets, kinds of lan-
guages, etc.) as needed by the user. You only
need to output these K queries, each on a new
line, with no other information.

Generate multiple search queries related to:
{question}

Output: (4 queries)

The prompt instructs the LLM to focus on differ-
ent model characteristics such as input types, use
cases, training datasets, and supported languages.
The output consists of four queries, each presented
on a separate line without additional formatting
or explanations. These diversified queries are then
used in parallel during the reasoning-retrieval phase
to maximize the breadth of candidate model dis-
covery.

A.3 Fine-Grained Semantic Refinement
Prompts

Refinement Tool Prompt. In the refinement step,
the system obtains complete model cards for the
candidate models identified in the coarse-grained
retrieval phase. This enables more informed model
selection by providing comprehensive descriptions
rather than the simplified representations used in
the initial retrieval.

The refinement process utilizes a specialized
tool that fetches detailed model information from
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the vector database. This tool takes the candidate
model list from Stage I and returns their complete
model cards, allowing the LLLM to make more nu-
anced decisions based on full specifications, capa-
bilities, and usage guidelines:

Tool 4: Get a detailed description of the
model:

- Used to get the full model cards.

Input: Output model list of stage I:

<|begin_descriptions_query|>
model 1, model 2, model 3
<|end_descriptions_query|>

Output: Complete description of these models:

<|begin_descriptions_result|>
{description 1}, {description 2},
{description 3}
<|end_descriptions_result|>

A.4 Meta-Cognitive Reflection Prompts

Reflection Failure Handling. When the reflec-
tion module determines that the models selected
in Stage II are inadequate for the user’s request,
the main prompt outputs , triggering a
backtrack to Step 1 with an expanded search scope.
The system employs the following prompt to guide
the LLM through this recovery process:

Prompt: Now the system has completed a
full turn. The self-reflection module believes
that {model 1} is not capable of doing this job.
Please return to the Reasoning and Retrieval
stage and re-screen other models. The system
has automatically updated your previous query
results. Please go through Stage 1.

This mechanism ensures that when initial model
selections prove insufficient, the framework can
systematically explore alternative candidates while
maintaining the context of previously evaluated
models, thereby improving the overall success rate
of model discovery.

A.5 Detailed Workflow of the Sliding Window
Strategy

To further elucidate the dynamic context manage-
ment of HuggingR*, Figure 4 provides a visual
representation of our sliding window strategy. This
mechanism is fundamentally designed to decouple
token consumption from the massive size of the

(a) Step 1: Reasoning and Retrieval

CEEE T L]

[:I No Access

D Model ID Only

D Full Model Cards &

D Selected Model

Can this model meet the
user's needs?

K+=N,
[ l_l l | | | | I l l Io Trace back to Step 1
Sliding N models

Figure 4: The sliding window strategy treats each model
as a window and ranks them in descending order of
similarity scores. The color of each window indicates
the system’s access level to the corresponding model
card during selection.

community repository, resolving the prompt bloat
issue inherent to existing query-driven methods.

As depicted in the figure, the repository is con-
ceptualized as a continuous array of candidate mod-
els, ranked from left to right in descending order of
their initial semantic similarity scores. Each block
represents a candidate model, and its color strictly
encodes the system’s access privilege to the corre-
sponding metadata during the decision process.

The strategy operates through a multi-stage state
transition, efficiently balancing computational over-
head and selection accuracy:

Step 1: Coarse-Grained Reasoning and Re-
trieval. In the initial phase, the system identi-
fies the Top-K candidates (e.g., K = 5). To
strictly control token consumption, the LLM is
only granted access to the Model IDs and highly
distilled metadata of these candidates (represented
by the blue windows). The vast majority of the
repository remains unaccessed (cream windows),
preventing massive context overload.

Step 2: Fine-Grained Refinement. Once the
initial metadata screening isolates N or fewer can-
didate models, the access privilege is elevated: the
system fetches the full model cards for these candi-
dates (represented by the pink windows). By grant-
ing full access only to this highly restricted subset,
the LLM can perform an in-depth, comparative
analysis of technical nuances (e.g., dependencies,
quantization formats) without exploding the token
count.
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Step 3: Reflection and State Transition. After
the refinement stage, the LLM selects the single
most optimal model (dark yellow window). Cru-
cially, the system then executes a "zero-trust" reflec-
tion to verify if this specific model can genuinely
satisfy the user’s intricate requirements.

* Success Path: If the selected model passes the
reflection audit (indicated by the green check-
mark), the search terminates successfully, and
the model is outputted.

* Failure and Sliding Path: If the model fails the
audit (indicated by the red cross), a backtrack-
ing event is triggered. To prevent the LLM from
entering a hallucination loop or repeatedly select-
ing the same suboptimal candidates, the currently
evaluated models (pink/yellow windows) are
frozen and marked as "exhausted". The retrieval
window then dynamically slides forward along
the ranked list by N positions (K < K + N).
The system traces back to Step 1, exposing a
fresh, unexplored partition of candidate models
to the agent.

This recursive sliding mechanism is the corner-
stone of HuggingR*’s robustness. By evaluating
the repository via sequential, carefully managed
windows rather than a global one-shot prompt, the
framework can gracefully recover from initial re-
trieval biases. It guarantees a systematic explo-
ration of the continuous capability space, ensur-
ing optimal model selection while maintaining a
strictly bounded token consumption per iteration.

B Data Construction and Details

B.1 Model Cards

This section describes the construction process of
model cards for the 1,110 HuggingFace models in
our dataset. Each model card is systematically orga-
nized to capture essential metadata and functional
descriptions that enable effective model selection
and retrieval.

Model Card Structure. Following a similar ap-
proach to HuggingGPT, we construct model cards
by extracting and organizing information from the
HuggingFace model hub. Each card contains struc-
tured metadata including model type, supported
tasks, performance metrics, and detailed descrip-
tions. The standardized format ensures consistent
information representation across all models in our
database.

This is the JSON format of the specific model
card data:

JSON:
{
"id": "Model's ID",
"task”: "Model's task label”,

"downloads"”: "Model downloads”,
"likes"”: "Number of model likes”,
"meta": {

"language"”: Supported languages,
"datasets”: Datasets used”,
"license”: "Model's license”,
"tags”: ["List of model tags"],

3

"description”: "Model description”

Task Categories Coverage. Our model cards en-
compass 37 distinct task categories, covering a
comprehensive range of machine learning applica-
tions from natural language processing to computer
vision and audio processing. Table 11 provides a
complete overview of all supported tasks in our
dataset, demonstrating the diversity and breadth of
models available for selection.

Single-Task User Requests. We systematically
constructed 1,016 single-task user requests based
on the characteristics of selected model cards from
the HuggingFace repository. The construction pro-
cess involved analyzing the capabilities and spe-
cializations of various models across different do-
mains and task types. For each task category, we
generated approximately 30 user requests, ensur-
ing comprehensive coverage of different use cases,
complexity levels, and domain-specific require-
ments. This approach allows us to evaluate our
framework’s performance across diverse scenarios
that users might encounter in practice.

The user requests were crafted to vary in speci-
ficity and complexity, ranging from straightforward
task descriptions (e.g., "I need a model for senti-
ment analysis") to more nuanced requirements that
include domain constraints, performance prefer-
ences, or specific technical requirements (e.g., "I
need a lightweight sentiment analysis model op-
timized for financial text that can run on mobile
devices").
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Data Structure. Each single-task user request in
our dataset follows a structured format:

JSON:
{

"request”: "User Request”,
"Task_label”: {
"workable": [Workable models],
"reasonable”: [Reasonable models]

b
3

B.2 Multi-Task User Requests

To better reflect real-world scenarios where users
often have complex, multi-faceted requirements,
we constructed multi-task user requests by lever-
aging GPT-40 to combine single-task requests into
comprehensive scenarios. The ground truth labels
for these multi-task requests are directly derived
from the corresponding Single-Task User Requests
labels:

Prompt: I would like to generate a multi-task
user request. Below are several single-task user
requests. Combine them into a natural, multi-
task user request.

1. The order of the tasks is not fixed; you can
arrange the tasks in a way that aligns with a
human query. 2. The combined request must be
coherent and meaningful, with each task relying
on the results of the previous task(s). 3. If it is
not possible to form a natural request, output
'NO’.

Below are the user requests to combine:

{user requests 1}-{task 1}, ...

The generated multi-task requests underwent rig-
orous review and refinement by domain experts to
ensure quality and coherence. Through this pro-
cess, we curated 13,383 multi-task user requests.

C Annotation Protocol

This appendix provides detailed annotation guide-
lines, inter-annotator agreement analysis, and ex-
ample annotations for our evaluation metrics.

C.1 Workability Annotation Guidelines
A model is considered workable if it satisfies all of

the following criteria:

1. Task Type Match: The model’s task type (ex-
tracted from the pipeline_tag field in model

metadata) matches the user request.

2. Input/Output Compatibility: The model ac-

cepts the required input format and produces the
expected output format.

3. Executability: The model is available and exe-

cutable on Hugging Face Hub or can be deployed
locally. This is verified through:

* API availability check
* Checkpoint availability
* No reported execution errors in model card

Annotation Decision Tree:

* If any criterion is not satisfied- Workability: O
* If all criteria are satisfied- Workability: 1

C.2 Reasonability Annotation Guidelines

Among workable models, a model is considered
reasonable if it satisfies the following criteria:

1. Domain-Relevant Training Data: The model is
trained on datasets relevant to the user’s domain.
This is verified through the datasets field in
model cards.

2. Competitive Performance: The model achieves
competitive performance within its domain, de-
fined as ranking within the top-5 reported metrics
among candidate models.

Annotation Decision Tree:

* If the model is not workable- Reasonability: 0

* If the model is workable but fails either criterion-
Reasonability: 0

e If the model is workable and satisfies both
criteria-Reasonability: 1

D Additional Results

D.1 Experimental setup

This section provides additional implementation
details that complement the experimental configu-
ration described in the main paper.

LLM Configuration. For the reasoning LLM
component in our HuggingR* framework, we main-
tain default parameter settings including temper-
ature, Top-K, and Top-P values to preserve the
model’s natural reasoning capabilities. In con-
trast, for all other LLM components involved in
the pipeline, we set the temperature to O to ensure
deterministic and consistent outputs across experi-
mental runs.

48234



Vector Database and Retrieval Framework.
We implement our vector database using Chroma,
which provides efficient storage and retrieval of
model embeddings. The retrieval operations are
orchestrated through the LangChain framework,
enabling seamless integration between the reason-
ing components and the vector database queries.

These additional parameters, combined with the
configuration details provided in Section 4.2 of the
main paper (Multi-Query number K = 4, text-
embedding-3-large embedding model, sliding win-
dow parameters N = 3 and k = 5, failure tracing
threshold #=80%), constitute the complete experi-
mental setup for our evaluation.

D.2 Tool Selection vs. Model Selection

While both traditional API tool selection and com-
munity model selection involve choosing appropri-
ate solutions for user tasks, they operate under fun-
damentally different paradigms. Traditional tool se-
lection handles discrete, non-overlapping function
categories (weather API and email API) with com-
plete structured metadata, where selection reduces
to categorical matching. In contrast, community
model selection faces three critical challenges:

* Massive capability overlap: Thousands of mod-
els target identical tasks (e.g., 6,117 sentiment
analysis models on HuggingFace), making dif-
ferentiation challenging.

* Subtle differentiation: Models vary in domain
adaptation, architecture, training data, and lan-
guage support, requiring fine-grained compara-
tive reasoning.

* Continuous quality spectrum: Models offer
varying degrees of suitability rather than binary
applicability.

These differences manifest across three critical
dimensions. First, search space characteristics.
Tool selection operates on 10 to 100 curated tools
with minimal overlap, enabling exhaustive enumer-
ation. Model selection navigates over 100,000 mod-
els with massive redundancy, requiring multi-stage
progressive filtering. Second, context dependency.
Tool performance is largely context-independent: a
weather API returns accurate data regardless of ap-
plication domain. In contrast, model performance
is highly context-dependent. For instance, an object
detector trained on everyday scenes (e.g., COCO)
may achieve strong performance on common ob-
jects but struggle with domain-specific targets like

Module / Variant Avg. Tokens per Query
Multi-Query Generation 204

Semantic Distillation 1,204
Metadata Stream 361
Self-reflection 1,067
HuggingR* (Total Pipeline) 10,464

Table 9: Step-wise breakdown of average token con-
sumption per query.

satellite imagery or industrial defects, where spe-
cialized models demonstrate superior accuracy.
Third, selection criteria. Tool selection uses bi-
nary applicability checks: Does the tool belong
to the target category? Are required parameters
available? This reduces to boolean logic. Model
selection requires multi-dimensional ranking that
balances task alignment, domain relevance, lan-
guage compatibility, architectural suitability, and
deployment constraints under incomplete informa-
tion, necessitating context-aware scoring with un-
certainty handling.

D.3 Token Consumption Breakdown

Table 9 details our token consumption. While
Distillation and Reflection require more tokens to
process detailed capabilities, modules like Multi-
Query Generation incur negligible overhead. Cru-
cially, our sliding window limits full model card
access, bounding the total usage and completely
decoupling it from the repository size.

D.4 Multi-Query Retrieval Strategy

As mentioned in the main text, we employ multiple
queries from different perspectives using LLMs be-
fore performing retrieval to achieve better results.
However, unlike previous methods, we do not per-
form separate retrievals for each generated query.
Instead, we concatenate these queries and conduct
a single retrieval operation to achieve cost savings.

As shown in Table 10, we conducted additional
experiments to validate our approach. We compare
our concatenation-based retrieval strategy against
separate retrieval methods with different top-%k con-
figurations using Reciprocal Rank Fusion (RRF)
for result merging.

The results demonstrate that our concatenation
approach achieves the best performance across both
metrics. For the separate retrieval methods, we ob-
serve an interesting trade-off: as the top-k value
increases, workability improves while reasonability
decreases. This phenomenon occurs because larger
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Method Workability Reasonability
Concatenation Retrieval 84.77 75.56
Separate Retrieval (Top-1) 83.07 74.11
Separate Retrieval (Top-3) 83.66 73.72
Separate Retrieval (Top-5) 84.65 73.62

Table 10: Comparison of Retrieval Strategies on
HuggingR** with GPT-40-mini and text-embedding-
3-large.

k values expand the retrieval scope, capturing more
potentially relevant models and improving worka-
bility. However, this broader scope introduces more
noise and less precise candidates, which negatively
impacts the subsequent fine-grained refinement pro-
cess, leading to decreased reasonability scores.

D.5 Adaptability to Other Repositories

Though evaluated on HuggingFace, HuggingR*
readily adapts to unstructured platforms like
GitHub. By integrating schema extraction into
our offline Semantic Distillation step, the LLM
can parse raw code or READMEs into standard-
ized metadata (e.g., tags) in a single pass. This
one-time preprocessing strictly incurs zero online
latency, seamlessly mapping unstructured data into
our searchable space without compromising effi-
ciency.

D.6 Qualitative Results

To demonstrate the effectiveness of HuggingR* in
real-world, we present three representative exam-
ples that showcase different aspects of our frame-
work’s capabilities.

Example #1. As shown in Table 12, HuggingR*
demonstrates its ability to understand domain-
specific requirements. The system effectively rec-
ognizes that the user needs a sentiment analysis
model specifically optimized for social media con-
tent. Through the reasoning-retrieval phase, our
framework identifies that tweet sentiment analysis
requires models trained on informal language, hash-
tags, and social media conventions, which differ
significantly from traditional text sentiment analy-
sis. The retrieved candidate models are then refined
based on their training data sources, with prefer-
ence given to models that explicitly mention Twit-
ter or social media datasets in their descriptions.

Example #2. As shown in Table 13, this case
exemplifies HuggingR*’s capability to recognize
multi-modal requirements and domain specificity
simultaneously. The system correctly identifies that

the user requires a computer vision model capable
of document layout analysis, specifically tailored
for academic papers. Through progressive reason-
ing, our framework understands that academic doc-
uments have unique structural elements that require
specialized recognition capabilities. The refine-
ment phase successfully filters models based on
their training on academic document datasets and
their ability to distinguish between different layout
components typical in research papers.

Example #3. As shown in Table 14, This exam-
ple particularly highlights the power of our reflec-
tion mechanism. Initially, the first round of retrieval
returned suboptimal results, focusing primarily on
generic text-to-speech models without emotional
expressiveness capabilities. However, our reflec-
tion module identified this mismatch between user
requirements and retrieved candidates. Recogniz-
ing the need for models with emotional speech syn-
thesis capabilities, the system performed a sliding
window backtrack and initiated a second retrieval
round with refined search criteria. In the second it-
eration, HuggingR* successfully identified models
specifically designed for emotional speech genera-
tion, demonstrating how the reflection component
enables self-correction through explicit error anal-
ysis and iterative improvement in model selection.
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Task Args #Candidate Models #Single-Task Requests
text-classification text 30 31
token-classification text 30 30
text2text-generation text 30 30
summarization text 30 32
translation text 30 18
conversational text 30 14
text-generation text 30 11
sentence-similarity text 30 31
tabular-classification text 30 30
object-detection image 30 42
image-classification image 30 30
image-to-text image-+text 30 31
text-to-image text+image 30 19
image-to-image image 30 38
visual-question-answering image-+text 30 22
document-question-answering text 30 30
image-segmentation image 30 32
depth-estimation image 30 12
text-to-video text+image 30 28
text-to-speech text+audio 30 30
automatic-speech-recognition audio 30 34
audio-to-audio audio 30 33
audio-classification audio 30 36
tabular-regression text 30 25
time-series-forecasting text 30 30
voice-activity-detection audio 30 18
text-to-audio text+audio 30 20
table-question-answering text 30 19
question-answering text 30 30
keypoint-detection image 30 24
image-to-3d image 30 20
text-to-3d text-image 30 22
video-classification video 30 30
visual-document-retrieval image+text 30 30
audio-text-to-text audio+text 30 33
image-text-to-text image+text 30 40
video-text-to-text video+text 30 31

Table 11: Overview of the task list, including arguments, candidate model pool sizes, and the number of single-task

requests for each task.
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Example #1

Question:
Could you perform a sentiment analysis on the tweets provided in ./tweets.txt?

Model Output by HuggingR*

To perform sentiment analysis on tweets, we need to select a model that is specifically designed for sentiment analysis, ideally
trained or suitable for analyzing social media data like tweets. Let’s go through the selection process step by step.

Initial Similarity Retrieval

Since the user wants to perform sentiment analysis on tweets, [ will start with a similarity search query focusing on sentiment
analysis related to social media or tweets.

Direct Retrieval
<|begin_similarity_query|> perform sentiment analysis on tweets <|end_similarity_query|>
<|begin_similarity_result|>

[finiteautomata/bertweet-base-sentiment-analysis, cardiffnlp/twitter-roberta-base-sentiment, cardiffnlp/twitter-roberta-base-
sentiment-latest, j-hartmann/emotion-english-distilroberta-base, siebert/sentiment-roberta-large-english]
<|end_similarity_result]|>

Analyzing the Similarity Results

The models returned from the Retrieval search are as follows:
1. finiteautomata/bertweet-base-sentiment-analysis

2. cardiffnlp/twitter-roberta-base-sentiment

3. cardiftnlp/twitter-roberta-base-sentiment-latest

4. j-hartmann/emotion-english-distilroberta-base

5. siebert/sentiment-roberta-large-english

These models are designed for sentiment analysis, and several of them are specifically trained on Twitter data, which is ideal
for the user’s requirement.

Next, let’s check if these models are specifically trained on tweet datasets to filter for the best ones further.

Dataset Filtering

Considering the user’s need for sentiment analysis on tweets, I'll filter for models that mention a relevant dataset related to
social media or tweets.

Metadata Retrieval

<|begin_dataset_query|>

models designed for sentiment analysis on Twitter or social media datasets
<|end_dataset_query|>

<|begin_dataset_result|>

This retrieval is invalid. Please refer to other search results.
<|end_dataset_result|>

Candidate Analysis
Since the dataset filtering did not yield trustworthy results, I will proceed with analyzing the candidates based on their known
capabilities and descriptions from the initial similarity results.

I have the following candidates from the similarity retrieval:

1. finiteautomata/bertweet-base-sentiment-analysis 2. cardiffnlp/twitter-roberta-base-sentiment* 3. cardiffnlp/twitter-roberta-
base-sentiment-latest

I’ll now get detailed descriptions of these models to see which one would best fit the user’s need for analyzing the sentiment
in tweets.

Refinement Tool

<|begin_descriptions_query|>

[finiteautomata/bertweet-base-sentiment-analysis, cardiffnlp/twitter-roberta-base-sentiment, cardiffnlp/twitter-roberta-base-
sentiment-latest]

<|end_descriptions_query|>

<|begin_descriptions_result|>

[Model card 1: ..., model card 2: ..., model card 3: ...]

<|end_descriptions_result|>

All three models are capable of performing sentiment analysis on tweets. However, the ‘cardiffnlp/twitter-roberta-base-
sentiment-latest’ model stands out due to the following reasons:

- It is trained on a significantly larger dataset of tweets (124 million).

- It has more downloads and likes, indicating greater usage and community trust.

- It provides a comprehensive classification of sentiments.

After a module of Reflection, based on the analysis of the descriptions and the specific needs for sentiment analysis on tweets,
I recommend:

\boxed{cardiffnlp/twitter-roberta-base-sentiment-latest}.

Table 12: An illustrative example demonstrating how our proposed HuggingR* framework processes a user request.
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Example #2

Question:
I have an image of a research paper. Can you identify the layout elements such as images and text within it?

Model Output by HuggingR*

To address the user’s request for identifying layout elements such as images and text within an image of a research paper, we
need to identify a model suitable for document layout analysis or optical character recognition (OCR) focused on document
structures.

Identifying the model requirements

- Type of request: Layout element identification in an image of a research paper.

- Constraints: The model should be capable of handling layout elements like images and text.

Using the Direct Retrieval tool

Let’s start by retrieval for models that are relevant to document layout analysis.

Direct Retrieval

<|begin_similarity_query|>

Identify layout elements such as images and text in an image of a research paper. <|end_similarity_query|>
<|begin_similarity_result|>

[omoured/YOLOvV10-Document-Layout-Analysis, TahaDouaji/detr-doc-table-detection, keremberke/yolov8s-table-extraction,
Aryn/deformable-detr-DocLayNet, keremberke/yolov8m-table-extraction]

<|end_similarity_result|>

Dataset Filtering
Next, we’ll look to filter these models based on their suitability for datasets related to document layout analysis. This usually
includes datasets with annotated layouts that include text and images.

Since we’re targeting layout identification in research papers, I will describe the required dataset more specifically.
Metadata Retrieval

<|begin_dataset_query|>

Models trained on document layout datasets with elements such as text and images, specifically those suitable for research
papers.

<|end_dataset_query|>

<|begin_dataset_result|>

[omoured/YOLOv10-Document-Layout-Analysis, TahaDouaji/detr-doc-table-detection, keremberke/yolov8s-table-extraction,
Aryn/deformable-detr-DocLayNet, keremberke/yolov8m-table-extraction]

<|end_dataset_result|>

Detailed Descriptions of the Candidate Models
Since we still have more than three candidates, I will get detailed descriptions of these models to narrow it down further.
Refinement Tool

<|begin_descriptions_query|>

[omoured/YOLOvV10-Document-Layout-Analysis, = TahaDouaji/detr-doc-table-detection,  keremberke/yolov8s-table-
extraction]

<|end_descriptions_query|>

<|begin_descriptions_result|>

[Model card 1: ..., model card 2: ..., model card 3: ...]

<|end_descriptions_result|>

Final Selection

- omoured/YOLOv10-Document-Layout-Analysis is the most suitable model since it is specifically designed for document
layout analysis, capable of detecting not only text but also images, making it well-suited to the user’s needs.

- The other models focus primarily on table detection, which may not fully address the broader requirement of identifying
various layout elements in a research paper.

Self-Reflection

The selected model, omoured/YOLOv10-Document-Layout-Analysis, meets all the user’s requirements as it focuses on
document layout analysis and is trained on a dataset relevant to research paper layouts.

After a module of self-reflection, here is my final answer:

\boxed{omoured/YOLOv10@-Document-Layout-Analysis}.

Table 13: An illustrative example demonstrating how our proposed HuggingR* framework processes a user request.
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Example #3

Question:
Could you help me generate a speech clone that conveys specific emotions from the text: ./emotion_text.txt?

Model Output by HuggingR*

Analyze the User’s Request

- The user wants to generate a speech clone capable of conveying specific emotions based on text found in ./emotion_text.txt.
This indicates a requirement for a model that can perform emotion recognition or emotion synthesis in speech.

To find relevant models, I'll start with a similarity search related to generating speech that conveys emotions.

Direct Retrieval
<|begin_similarity_query|>Speech synthesis that conveys emotions. <|end_similarity_query|>
<|begin_similarity_result|>

[SWivid/F5-TTS, SparkAudio/Spark-TTS-0.5B, HKUSTAudio/Llasa-3B, coqui/XTTS-v2, metavoiceio/metavoice-1B-v0.1]
<|end_similarity_result|>

Analyze Results
The similarity retrieval returned 5 models. Now, I'll check if any of these models provide capabilities specific to synthesizing
speech that conveys emotions.

Filtering by Dataset

Next, some of these models might have used datasets related to emotional speech synthesis. I'll filter based on that.
Metadata Retrieval

<|begin_dataset_query|>

Models that utilize datasets for emotional speech synthesis.
<|end_dataset_query|>

<|begin_dataset_result|>

This retrieval is invalid. Please refer to other search results.
<|end_dataset_result|>

The dataset filtering returned no valid models, indicating that I cannot trust this retrieval for emotional speech synthesis
datasets. Therefore, I’1l proceed directly with the candidate models obtained from the similarity search without additional
filtering.

Retrieve Descriptions of Candidate Models

I will now get the detailed descriptions of the returned models to determine their suitability for generating emotional speech.
Refinement Tool

<|begin_descriptions_query|>

[SWivid/F5-TTS, SparkAudio/Spark-TTS-0.5B, HKUSTAudio/Llasa-3B]
<|end_descriptions_query|>

<|begin_descriptions_result|>

[Model card 1: ..., model card 2: ..., model card 3: ...]
<|end_descriptions_result|>

Given this analysis, I cannot confidently recommend a model that fully meets all requirements for generating emotionally
expressive speech.

Reflection

Proceeding with the self-reflection on the models, since none explicitly state the ability to express specific emotions.

Now system have completed a full turn, The Reflection module believes that [SWivid/F5-TTS, SparkAudio/Spark-TTS-0.5B,
HKUSTAudio/Llasa-3B] are not capable of doing this job. Please return to the thinking-retrieval stage and re-screen other
models. The system has automatically updated your previous query results for you. Please go through the Step 1.

Direct Retrieval
<|begin_similarity_query|>Speech synthesis that conveys emotions. <|end_similarity_query|>
<|begin_similarity_result|>

[coqui/XTTS-v2, metavoiceio/metavoice-1B-v0.1, amphion/MaskGCT, 1j1995/GPT-SoVITS, OuteAl/OuteTTS-0.1-350M]
<|end_similarity_result|>

Now, I will get detailed descriptions of these selected models for a final evaluation.
Refinement Tool

<|begin_descriptions_query|>

[coqui/XTTS-v2, metavoiceio/metavoice-1B-v0.1, 1j1995/GPT-SoVITS]
<|end_descriptions_query|>

<|begin_descriptions_result|>

[Model card 1: ..., model card 2: ..., model card 3: ...]
<|end_descriptions_result|>

Considering the explicit emphasis on emotional synthesis and ease of use in various speech scenarios, I will select
metavoiceio/metavoice-1B-v0.1 as the best fit due to its dedicated focus on emotional speech and strong specification
in processing long-form text, which aligns well with the user’s goal of generating expressive speech from a text file.

After a module of self-reflection, here is my final answer: \boxed{metavoiceio/metavoice-1B-v0.1}.

Table 14: An illustrative example demonstrating how our proposed HuggingR* framework processes a user request.
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