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Abstract
Automated machine learning (AutoML) is a collection of
techniques designed to automate the machine learning devel-
opment process. While traditional AutoML approaches have
been successfully applied in several critical steps of model
development (e.g. hyperparameter optimization), there lacks
a AutoML system that automates the entire end-to-end model
production workflow for computer vision. To fill this blank,
we propose a novel request-to-model task, which involves
understanding the user’s natural language request and exe-
cute the entire workflow to output production-ready models.
This empowers non-expert individuals to easily build task-
specific models via a user-friendly language interface. To fa-
cilitate development and evaluation, we develop a new ex-
perimental platform called AutoMMLab and a new bench-
mark called LAMP for studying key components in the end-
to-end request-to-model pipeline. Hyperparameter optimiza-
tion (HPO) is one of the most important components for Au-
toML. Traditional approaches mostly rely on trial-and-error,
leading to inefficient parameter search. To solve this problem,
we propose a novel LLM-based HPO algorithm, called HPO-
LLaMA. Equipped with extensive knowledge and experience
in model hyperparameter tuning, HPO-LLaMA achieves sig-
nificant improvement of HPO efficiency.

Code — https://github.com/yang-ze-kang/AutoMMLab
Extended version — https://arxiv.org/abs/2402.15351

Introduction
Machine learning (ML) has achieved considerable successes
in recent years and an ever-growing number of disciplines
rely on it. However, this success crucially relies on human
ML experts to perform tasks including data preparation,
model algorithm selection, model training with hyperparam-
eter tuning and model deployment. The rapid growth of ma-
chine learning applications has created a demand for off-the-
shelf machine learning methods that can be used easily and
without expert knowledge. To this end, automated machine
learning, or AutoML, has been developed in literature. Au-
toML aims to minimize the workload of human experts in
the ML development process, making AI algorithms avail-
able and easily accessible even for non-AI experts.
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Intelligence (www.aaai.org). All rights reserved.

Hi, I am working on a project related to autonomous driving. 
I need a model to detect vehicles. The model should be able to 
run on a GPU and process at least 30 frames per second. 

Input: Request (Data & Model & Deploy)

Output: Deployment-ready model
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Figure 1: AutoMMLab autmatically creates deployable
models from user’s language instructions.

Recent public computer vision (CV) communities (e.g.
OpenMMLab) have provided a wide variety of toolboxes
in various research areas such as image classification (MM-
Pretrain (Contributors 2023)), object detection (MMDetec-
tion (Chen et al. 2019)), semantic segmentation (MMSeg-
mentation (Contributors 2020a)), and pose estimation (MM-
Pose (Contributors 2020b)). Considering large language
models (LLMs) have exhibited exceptional ability in lan-
guage understanding, generation, interaction, and reasoning,
we are inspired to employ LLMs to connect AutoML with
public CV communities (e.g. OpenMMLab) for automating
the whole CV model production workflow via a natural lan-
guage based interface.

In this paper, we introduce a novel comprehensive task
called request-to-model. Unlike traditional AutoML task
that focus on one particular step in the model production
workflow (e.g. neural architecture search or hyperparame-
ter optimization), request-to-model extends the reach of Au-
toML to evolve towards fully automated model production
through a user-friendly language interface. This empowers
individuals to leverage the capabilities of AI without exten-
sive expertise, driving progress in various fields.

To facilitate the development of the request-to-model
task, we propose a LLM-empowered platform called Au-

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

22056



toMMLab, which can serve as a testbed for developing
and evaluating the request-to-model algorithms. As shown
in Figure 1, given language-based user requirements, our
AutoMMLab platform will schedule each module to exe-
cute the entire workflow and finally output production-ready
models for computer vision tasks. AutoMMLab connects di-
verse datasets, CV models, training pipelines and deploy-
ment tools to facilitate the solution of numerous CV tasks.
The whole workflow consists of 5 major modules, including
request understanding, data construction, model construc-
tion, model training with hyperparameter optimization, and
model deployment.

Thanks to the modular design of AutoMMLab, we
also develop the LAMP (Language-instructed Automated
Model Production) benchmark for research on the language-
instruction based model production. The LAMP is the first
benchmark for evaluating the request-to-model AutoML al-
gorithms in computer vision, which enables the commu-
nity to explore key components in the end-to-end request-
to-model pipeline.

Hyperparameter optimization (HPO) aims to choose a set
of optimal hyperparameters that yields an optimal perfor-
mance based on the predefined objective function. Thanks
to its wide applications, it becomes one of the most impor-
tant components for AutoML. Traditional approaches (e.g.
bayesian optimization) mostly rely on trial-and-error, lead-
ing to inefficient parameter search. To solve this problem, we
propose a novel LLM-based hyperparameter optimization
algorithm, called HPO-LLaMA. Equipped with rich knowl-
edge of model training, HPO-LLaMA can skillfully search
for the optimal model training hyperparameters with signif-
icantly reduced numbers of trials.

Our main contributions can be summarized as follows:
• We propose the novel request-to-model task, automating

the whole model production workflow. We present the
first request-to-model AutoML platform for computer vi-
sion tasks, called AutoMMLab. By integrating AutoML
and language interface, it enables non-expert users to eas-
ily build and deploy CV models, unlocking the potential
of AI for a wider audience.

• Based on the AutoMMLab platform, we build a bench-
mark termed LAMP for evaluating end-to-end prompt-
based model production, and also studying each compo-
nent in the whole production pipeline.

• We propose a novel LLM-based hyperparameter opti-
mization algorithm, called HPO-LLaMA. To the best of
our knowledge, HPO-LLaMA is the first supervised fine-
tuned LLM specifically designed for HPO.

Related Works
Hyperparameter Optimization (HPO). Grid search and
random search (Bergstra and Bengio 2012) are commonly
employed methods for hyperparameter optimization (HPO).
Grid search divides the search space into regular intervals
and evaluates all choices to select the best-performing one,
while random search selects the best choice from a set
of randomly sampled hyperparameters. Bayesian optimiza-
tion (Lindauer et al. 2022) is another efficient HPO method,

where a surrogate model such as random forest and Gaus-
sian process is constructed to learn from past function eval-
uations and choose promising future candidates. Gradient-
based optimization methods (Pedregosa 2016; Franceschi
et al. 2017) further improve it by employing gradient infor-
mation. In contrast to these traditional approaches that rely
solely on trial-and-error, our proposed HPO-LLaMA lever-
ages a large language model with extensive knowledge and
experience in model hyperparameter tuning, resulting in sig-
nificant improvement of HPO efficiency.

AutoML libraries and systems. While several AutoML
pipeline libraries and systems have been introduced, most
of them specialize in specific components of the pipeline
and are mainly designed for AI developers. Early AutoML
frameworks like Auto-WEAK (Thornton et al. 2013) and
Auto-Sklearn (Feurer et al. 2015) concentrated on optimiz-
ing traditional machine learning pipelines and their associ-
ated hyperparameters. More recent frameworks like Auto-
PyTorch (Zimmer, Lindauer, and Hutter 2021) and AutoK-
eras (Jin, Song, and Hu 2019) have shifted their focus to-
wards searching for deep learning models. There are also
comprehensive AutoML solution. For example, Microsoft’s
NNI1 toolkit automates feature engineering, neural architec-
ture search, hyperparameter tuning, and model compression
specifically for deep learning. Vega (Wang et al. 2020) pro-
vides an extensive pipeline that encompasses data augmen-
tation, HPO, NAS, model compression, and full training.
Google’s AutoML2 suite offers a user-friendly collection of
AutoML tools that streamline the entire machine learning
pipeline. However, they still require intervention and effort
from users with expertise.

LLM in AutoML. Large Language Models (LLMs)
are large-scale neural networks with billions of parame-
ters that are pre-trained on massive amounts of data to
achieve general-purpose language understanding and gen-
eration. LLMs such as GPTs (Brown et al. 2020; OpenAI
2023), PaLM (Chowdhery et al. 2022) and LLaMAs (Tou-
vron et al. 2023a,b), have demonstrated impressive capa-
bilities in comprehension and generation of natural lan-
guage. Some studies directly explore GPT’s capabilities on
AutoML including feature engineering (Hollmann, Müller,
and Hutter 2023), neural architecture search (NAS) (Zheng
et al. 2023). For example, GENIUS (Zheng et al. 2023) pro-
poses to use GPT-4 as a “black box” optimiser to tackle
the problem of NAS through an iterative refinement process,
(Zhang et al. 2023) demonstrates that in hyperparameter op-
timization tasks, LLM-based methods outperform random
search and Bayesian optimization. More recently, (Huang
et al. 2024) and (Guo et al. 2024) leverage LLMs to itera-
tively optimize the baseline method for a specific task, re-
sulting in a better-performing method. (Hong et al. 2024)
leverages LLMs to automatically analyze structured data
but lacks a self-improvement strategy to refine the results.
(Viswanathan et al. 2023) presents a demo that provides a
natural language task description to LLMs, and uses it to
train a special-purpose NLP model that is conducive to de-

1https://github.com/microsoft/nni
2https://cloud.google.com/automl
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ployment. Different from the work mentioned above, Our
propose AutoMMLab system has several distinct features.
First, it automates the whole model production pipeline,
from understanding requirements to deploying the model,
while supporting a wide range of mainstream computer vi-
sion tasks, including classification, detection, segmentation,
and pose estimation. Second, instead of relying solely on
prompt engineering, we developed a requirements under-
standing dataset and a hyperparameter optimization dataset,
leveraging supervised fine-tuning of LLMs to enhance their
domain-specific capabilities. Third, it can recommend opti-
mal hyperparameters tailored to specific requests.

AutoMMLab
Overview
The overview of AutoMMLab platform is illustrated in Fig-
ure 2. It directly takes language-based model request from
users as the input, and automatically schedule and exe-
cute the entire workflow to produce deployable models. The
whole pipeline of AutoMMLab consists of 5 main stages,
including request understanding, data selection, model se-
lection, model training with hyperparameter optimization
(HPO), and model deployment. The Request Understand-
ing stage understands the language-based model request
and schedules the model production workflow, generating
a structured configuration. The configuration contains de-
tailed data information, model constraints and deployment
requirements. AutoMMLab then construct the training data
inside built-in dataset zoo and select the most appropriate
model that meets the model constraints. When the data and
model are ready, AutoMMLab execute model training with
hyperparameter optimization (HPO) to obtain the final tri-
aned model. In the model deployment stage, AutoMMLab
apply MMDeploy (Contributors 2021) to deploy the model
based on the user’s hardware requirements.

Request Understanding
Request understanding aims to automatically and accurately
understand the user’s request, schedule the model produc-
tion workflow, and generate the JSON-format configuration.
Since it is non-trival for general-purpose LLMs to succeed
in request understanding solely through prompting, we also
train a task-specific LLM (RU-LLaMA) to achieve this goal.

GPT-assisted Training Data Generation. Tuning LLMs
typically require numerous training data (Liu et al. 2023b,a),
which is exceptionally costly and time-consuming to collect
with human crowd-scouring. Inspired by the success of re-
cent LLMs in data generation (Wang et al. 2022), we lever-
age GPT-4 to build our data generation pipeline. For each
task type, (i.e. image classification, object detection, seman-
tic segmentation, and keypoint estimation), we first ask 5
professional computer vision researchers to manually design
100 diverse request-config pairs. These human annotations
are used as seeds in in-context-learning to query GPT. In
our pipeline, we first design prompts to ask GPT to generate
diverse requests, and then use carefully designed prompts to
query GPT to parse the requests and generate corresponding
configurations. In our preliminary experiments, we ablated

the use of GPT-3.5 and GPT-4 and empirically found that
GPT-4 can consistently produce higher quality data. There-
fore, we use GPT-4 in our data generation pipeline and gen-
erate 1,000 request-config pairs. Finally, the generated data
samples are carefully checked and manually corrected by a
group of professional annotators.

RU-LLaMA. LLM has learned massive knowledge in the
pre-training stage and have strong general question and an-
swer capabilities. However, its usually require supervised
fine-tuning on instruction-tuning dataset to better activate
its domain-specific capabilities. We construct a instruction
fine-tuning dataset based on the dataset generated by GPT-4.
Following the mainstream methods of fine-tuning large lan-
guage models in specific domains, we use LoRA (Hu et al.
2022) technology to fine-tune the LLM. Specifically, we uti-
lize LoRA to fine-tune Llama-2 (Touvron et al. 2023b), and
obtained RU-LLaMA that is skilled in parsing user’s re-
quirements into JSON-format configurations.

Data Selection
Data selection stage aims to use the JSON-format configu-
ration parsed by RU-LLaMA to automatically retrieve and
build request-related training dataset from the dataset zoo.
Dataset Zoo. To facilitate dataset preparation, we construct
a comprehensive dataset zoo encompassing a wide variety
of public datasets (Krizhevsky, Sutskever, and Hinton 2017;
Lin et al. 2014; Cordts et al. 2016). Each dataset is com-
plemented by a data card that contains the meta information
appertaining to the dataset intricately. We also take into ac-
count AI safety considerations, by ensuring openness, trans-
parency, and reliability of data. Dataset Selection Pipeline.
We design an elaborate pipeline to automatically retrieve
pertinent images from the dataset zoo. First, we extract the
relevant data cards from the dataset zoo based on the spec-
ified task category. Next, if the user requests the specific
dataset, we compute the fuzzy match scores, quantifying the
similarity between the user-designated name and the name
of data cards. These cards are subsequently reordered in a
descending pattern, according to their scores. Then the im-
ages that meet the requirements are sequentially collected
from each dataset. Meanwhile, we use WordNet (Miller
1995) to identify semantic relationships between objects.

Model Selection
Model selection automates the process of choosing the most
suitable model from the model zoo. Model Zoo. We first
construct a comprehensive model zoo where each model is
accompanied by a detailed model card and the pre-trained
model weights. Each model card incorporates attributes such
as the model’s name, structure (e.g. network depth), param-
eters, floating point operations per second (FLOPs), infer-
ence speed, and performance. We have considered AI safety
issues when constructing the model zoo. We try to keep the
model source open and transparent, and all models are pre-
trained with reliable public data. Model Selection Pipeline.
We also design a elaborate pipeline able to automatically
determine the most suitable model in model zoo, tailored to
the user’s model-specific requirements. First, we extract the
task-related model cards from the model zoo according to
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Response

Request Understand:  The requirements parsing is
completed, and the parsing results are as follows ...
Data Selection: According to your request, I collect 3900
related images from the ImageNet dataset and construct a
training dataset. The number of images in each category in
the training dataset is as follows:

Model Params(M) Flops(G) Inf time (fps)
mobilenet-v3-large 5.48 0.23 174.42

Model Selection:  Based on your request, I find the
following model that meets your requirements:

Siamese Cat Persian Cat Tiger cat
1300 1300 1300

Model Training and Hyperparameter Optimization: The
model is training ...

After three rounds of hyperparameter optimization,  the
accuracy of the model on the test set reaches 98.01%,
which meets the requirements.

We require a MobileNet-based model which has been specifically trained to differentiate between breeds of domestic cats
including the Siamese cat, Persian cat, and the Tiger cat. The model should maintain an accuracy of over 98%. Please
ensure that the total number of model parameters does not exceed 20M. Futhuremore, the model should be deployed on a
GPU using the ONNX Runtime inference engine and process at least 100 frames per second.

Request

Model Deploy:  The model was successfully converted to
ONNX Runtime format, please download it in the
link: http://127.0.0.1:10045/model.zip

lo
ss

#Round 1 #Round 2 #Round 3

Optimizer: Adam
Initial Lr: 1e-4
Iters: 7000
…

Stage #4: Model Training with HPO

HPO-LLaMA

Model Training

Stage #5: Model Deployment

Stage #2: Data Selection

Cat

Siamese
Cat

Tiger
cat

Persian
Cat

Data:
    Targets: Siamese cat, Persian cat,Tiger cat
Model:
    Task: Image Classification Name: MobileNet
    Params: 20M FLOPs: none Speed: 100fps
Deploy:
    Device: GPU Inference engine: onnxruntime
    ...

Stage #1: Request Understanding Stage #3: Model Selection

Name: mobile-v3
Task: classification
Params(M): 5.48
FLOPs(G): 0.23
Speed(fps): 174.42

Name: swin-base
Task: classification
Params(M): 49.61
FLOPs(G): 8.52
Speed(fps): 37.72

Figure 2: Overview of AutoMMLab. The workflow of AutoMMLab consists of five stages.

predicated task categorization specified in parsed config. If
the user has preference to specific model, then calculate the
fuzzy matching score between the card’s name containing
the model structure information and the user’s specified re-
quirements. Next, we filter out model cards that did not meet
the constraints imposed by users regarding the model’s pa-
rameters, FLOPs, or the inference speed. Finally, we select
the optimal model from the remaining model cards based on
fuzzy matching scores and model performance.

Model Training with HPO
Hyperparameter optimization (HPO) or hyperparameter tun-
ing is the problem of choosing a set of optimal hyperparam-
eters for model training, which is crucial for the enhance-
ment of the model performance. Hyperparameters are con-
figuration settings that are not learned during training, but

are predefined to control the learning process (e.g. learning
rate and batch size). AutoMMLab supports various types of
HPO baselines, including classic methods (e.g. random sam-
pling) and LLM-based methods.

Model Deployment
Model deployment in computer vision means integrating a
trained computer vision model into a real-world produc-
tion environment. Model deployment mainly involves model
conversion, graph structure optimization, and model quanti-
zation. Our AutoMMLab platform is equipped with MMDe-
ploy (Contributors 2021), a comprehensive model deploy-
ment toolbox, for one-click end-to-end model deployment.
It supports a growing list of models that are guaranteed to be
exportable to various backends (e.g. ONNX, NCNN, Open-
VINO). The model converters enable converting OpenMM-
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Lab models into backend models that can be run on target
devices. The resulting package is also with a inference SDK,
supporting data preprocessing, model forward and postpro-
cessing modules during the model inference phase.

LAMP Benchmark
Large language models (LLMs) have shown amazing emer-
gent abilities in recent studies, however, there lacks a com-
prehensive benchmark to evaluate the capability of recent
LLMs for AutoML. To fill in this blank, we introduce the
LAMP (Language-instructed Automated Model Production)
benchmark. The benchmark provides a common ground for
evaluating and developing the AutoML platform especially
for language-instruction based model production.

Testing Data Collection. The benchmark covers four ba-
sic computer vision tasks, i.e. image classification, object
detection, semantic segmentation, and keypoint detection.
To ensure the quality of the test data, we ask 5 professional
computer vision researchers to manually design 20 diverse
CV model requests for each task. In total, we collect 80
unique user instructions and each instruction is accompanied
with a ground truth configuration and a test dataset. To en-
able comparisons of different LLMs for request understand-
ing, we also provide the corresponding ground-truth config-
uration for each instruction.

Configuration Definition. We define three dimensions
of model requirements in the configuration file: “data”,
“model”, and “deploy”. “Data” contains the user’s data-
related requirements, including: application scenarios, target
objects, data modalities, etc. “Model” contains the require-
ments related to the model, including: task type, model con-
straints, and the performance that the model is expected to
achieve. The constraints of the model may include param-
eter size, floating point operations per second (FLOPs) and
inference speed. “Deploy” contains the user’s deployment
requirements for the model, including whether to use GPU,
which inference engine to use, etc. Note that all values in the
configuration can be empty or “none”.

We establish three types of evaluation protocols for our
LAMP benchmark:
• Evaluation of Request Understanding. The evaluation
of request understanding assesses the ability of LLMs to
parse user’s requests into configurations, adhering to the pre-
defined JSON format. We measure performance based on
the accuracy of parsing key-value pairs in the configuration.
These pairs can be categorized into item-type pairs and list-
type pairs, depending on the data format. In the case of list-
type pairs, such as target objects, the pair is considered cor-
rectly parsed only if all items in the list are parsed accurately.
Note that we apply post-processing and fuzzy matching be-
fore calculating the parsing accuracy. Two evaluation metrics
are used to gauge the request understanding capabilities: (1)
Key-level accuracy calculates the average accuracy of each
key-value pair. (2) Req-Level accuracy calculates the accu-
racy of understanding the entire request.
• Evaluation of Hyperparameter Optimization. LAMP
allows researchers to assess the effectiveness of various Hy-
perparameter Optimization (HPO) algorithms across a wide

range of tasks. Different evaluation metrics are utilized for
different tasks, with the mean values of the generated model
serving as the primary evaluation metric for HPO. For im-
age classification, the top-1 accuracy is adopted. For object
detection, the standard mean Average Precision (mAP) is re-
ported. In the case of semantic segmentation, mean Inter-
section over Union (mIOU) is employed. For keypoint esti-
mation, mAP based on Object Keypoint Similarity (OKS) is
used. Simultaneously calculate the mean value and standard
deviation of four tasks for overall evaluation.
• End-to-end Evaluation. End-to-end evaluation focuses
on the functional quality of the model generated by the
request-to-model platform and is assessed using a grading
scale ranging from ‘F’ for total failure to ‘P’ for perfect con-
formity to users’ specifications: ‘F’ for total failure, scoring
0 points. The platform either fails to generate a functional
model. ‘W’ for workable model, scoring 1 point. The model
is runnable, but it may not fully meet all the users’ require-
ments, such as lower accuracy. ‘P’ for perfect model, scoring
2 points. The model perfectly matches the users’ expecta-
tions. There are four types of tasks. The full score for each
task is 40, and the total full score is 160.

HPO-LLaMA
We propose to tackle the challenging HPO task by tun-
ing a LLM-based optimizer, called HPO-LLaMA. Figure 3
demonstrates an overview of our proposed HPO-LLaMA
workflow. Initially, HPO-LLaMA begins by receiving a na-
ture language description of the HPO problem in conjunc-
tion with request-specific details relating to the data and
model. Following this, it generates a specific hyperparam-
eter setting tailored to the request. Subsequently, HPO-
LLaMA acquires the outcomes from the model trainings
conducted using the specified hyperparameter setting on the
test data and then endeavors to recommend an optimally en-
hanced hyperparameter setting.

Search Space We carefully constructed a compact yet ex-
pressive search space for HPO, which includes: optimizer
type, initial learning rate, learning rate decay policy, weight
decay value, batch size, and the training iterations. Consid-
ering the heterogeneity of the four tasks, a bespoke search
space is delineated for each individual task.

Training HPO-LLaMA We first adopt GPT-assisted data
generation method (introduced in Request Understanding)
to generate 100 diverse training requests for each of the four
CV tasks. And for each training request, we stochastically
select 20 distinct hyperparamter settings from the search
space. Consequently, we extensively execute model training
for 8000 experiments. The outcomes of these experiments
are compiled into a substantial dataset, comprising triplets
of ”request-hyperparameter-performance”. we further con-
duct a comprehensive evaluation to elucidate the correlation
between hyperparameters and model performance. This is
primarily to substantiate the appropriateness of the prede-
termined selection for hyperparameter space. Please refer to
supplementary for details.

The triplets of “request-hyperparameter-performance”
contains rich knowledge about model training and hyperpa-
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You are now a senior deep learning engineer ...
Here are some descriptions of the data and model ...

Please suggest a hyperparameter setting …

The hyperparameter setting achieves xx% AP,
please suggest a better hyperparameter setting …

Optimizer: Adam
Initial Lr: 1e-4
WeightDecay: 1e-4
Batchsize: 4
…

Model Training

HPO-LLaMA

Model Evaluation

AP F1 …
t > 1

t = 1

Provide the model accuracy as feedback to the iterative prompt

Figure 3: Overview of HPO-LLaMA.

rameter tuning. We utilize the triplet data to construct both
single-round and multi-round dialogues, thereby empower-
ing HPO-LLaMA to activate the capability of predicting ef-
ficient hyperparameters from these dialogues. Specifically,
when constructing the first round of dialogue, the contextual
prompts includes the hyperparameter search space, along
with a detailed description of the data and the model. The
hyperparameter settings to be predicted are derived from
the top-k optimal hyperparameter settings corresponding to
the request. In multiple rounds of conversations, the con-
textual prompt provided to HPO-LLaMA includes historical
prompt of previous conversations and the performance of the
model trained on the test set for the last time the model pre-
dicted hyperparameters. The predicted hyperparameter set-
tings are derived from top-k of all hyperparameter settings
corresponding to the request and are the best performing
hyperparameter setting in current multi-round dialogue. Fi-
nally, we construct the training dataset for up to three dia-
logue rounds and selectively sample a subset from the entire
pool of potential multi-turn conversation data. We then use
LoRA to fine-tune LLaMA-7B and get our HPO-LLaMA.
Considering the limited volume of data in a single-round di-
alogue, we mix dialogue rounds ranging from one to three
together to train the HPO-LLaMA.

Experiments
Request Understanding
Baseline Models. We built several baseline methods by giv-
ing LLMs carefully designed prompts. The prompts com-
prise an instruction and, optionally, a few demonstrations
of the anticipated behavior. LLaMA2-7B without instruc-
tion fine-tuning cannot accurately follows instructions, so
we choose LLaMA2-7B-Chat with instruction fine-tuning
as our baseline. As GPTs are currently the most successful
LLMs for general language tasks, we opt to employ GPT-
3.5-turbo and GPT-4 through API calls as baseline models
to evaluate the request understanding ability. We also evalu-
ate the request understanding ability of PaLM2.

Main Results. Table 1 presents the outcomes of various
methods evaluated on LAMP utilizing the evaluation met-
rics delineated in the section of LAMP Benchmark. The
findings manifest that LLaMA2-7B-Chat, which did not use
the dataset we constructed for fine-tuning, is not able to
completely correctly parse the request. Both RU-LLaMA

Model Key-Level Req-LevelItem List Total

LLaMA2-7B-Chat 85.71 50.00 77.78 0
PaLM2 96.79 88.13 94.86 63.75

GPT-3.5-turbo 96.43 95.63 96.25 72.50
GPT-4 97.50 93.13 96.53 80.00

RU-LLaMA 98.57 96.88 98.20 86.25

Table 1: Evaluation of request understanding (RU). Best re-
sults are marked in bold.

and GPT4 demonstrate exciting capability in understanding
requests. RU-LLaMA outperforms PaLM2, GPT-3.5-turbo,
and GPT-4 with a 7B-parameter model for both key-level
and req-level evaluations.

Hyper-parameter Optimization (HPO)
Baselines: (1) Random Sampling. In the realm of HPO,
random sampling is usually employed as an important base-
line. Specifically, we uniformly sample values from our pre-
defined hyperparameter search space. We perform sampling
for 10 rounds and subsequently identify the optimal config-
uration to serve as our baselines. Nevertheless, we observed
considerable variance across individual trials resulting from
this sampling approach. To address this, we repeated the
10-round process 1,000 times and reported the average and
standard deviation. (2) Bayesian. We compare with two
traditional Bayesian HPO methods, using random forest
(BayesianRF) and Gaussian process (BayesianGP) as surro-
gate models. For each method we perform five rounds of op-
timization. (3) LLM prompting. We compare with several
popular LLMs including LLaMA2-7B-Chat, PaLM2, GPT-
3.5-turbo, and GPT-4. Specifically, we directly prompt these
general-purpose LLMs with some few-shot examples to pro-
duce hyperparameter settings. Note that we used the same
prompt as our HPO-LLaMA for fair comparisons.

Main Results. Figure 4 shows that our proposed HPO-
LLaMA demonstrates a remarkable ability for hyperpa-
rameter optimization. It significantly outperforms the ran-
dom sampling baseline on all four representative tasks.
It is worth noting that with only one single round trial,
our HPO-LLaMA already produces good hyper-parameters.
In Table 2, we compare our proposed HPO-LLaMA with
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Figure 4: HPO results of HPO-LLaMA (blue) and random sampling (orange) baselines on four tasks.

Model #R Cls. Det. Seg. Kpt.

BayesianRF 5 0.618±0.287 0.291±0.211 0.847±0.044 0.069±0.136
BayesianGP 5 0.761±0.264 0.280±0.208 0.848±0.041 0.081±0.150
LLaMA2-7B 1 0.839±0.213 0.128±0.164 0.291±0.409 0±0

PaLM2 1 0.964±0.056 0.367±0.196 0.845±0.067 0.719±0.079
GPT-3.5-turbo 1 0.849±0.214 0.364±0.194 0.852±0.044 0.204±0.160

GPT-4 1 0.861±0.188 0.434±0.147 0.803±0.194 0.096±0.158

HPO-LLaMA 1 0.975±0.028 0.435±0.148 0.854±0.042 0.728±0.051
HPO-LLaMA 3 0.983±0.020 0.440±0.150 0.856±0.043 0.738±0.053

Table 2: Evaluation of HPO. #R means the number of iteration rounds. The mean and standard deviation on for task are
exhibited. Best results are marked in bold, second best results are underlined.

RU HPO Cls. Det. Seg. Kpt. Total

LLaMA2-7B LLaMA2-7B 0 0 0 0 0
PaLM2 PaLM2 14 25 27 15 81

GPT-3.5-turbo GPT-3.5-turbo 24 24 25 11 84
GPT-4 GPT-4 17 27 29 14 87

RU-LLaMA HPO-LLaMA 31 31 32 18 112

Table 3: End-to-end evaluation on LAMP benchmark.

Bayesian HPO methods using a 5-round evaluation protocol,
as well as several popular LLMs with a 1-round evaluation
protocol, demonstrating the effectiveness of our approach.
In our experiment, we observed that relying on the few-shot
capability of LLaMA2-7B-Chat to suggest hyperparameters
doesn’t consistently yield the anticipated output, and the ef-
fectiveness of the suggested hyperparameters is poor. An in-
triguing finding is that after meticulously designing prompts
for GPT-3.5-turbo and GPT-4, they exhibit commendable
abilities in proposing hyperparameter settings in tasks re-
lating to image classification, object detection, and seman-
tic segmentation. However, in contrast, for the relatively un-
common task of keypoint detection, they fail to suggest use-
ful hyperparameter settings. The HPO-LLaMA model pro-
posed in our study demonstrates the capacity to provide use-
ful hyperparameter recommendations across all four com-
puter vision tasks, and achieves the best performance. At the
same time, as the number of rounds increases, HPO-LLaMA
can continue to search for better hyperparameter settings.

End-to-end Evaluation

Table 3 reports the results of end-to-end evaluation on
LAMP benchmark. There are four types of model training
tasks, i.e. image classification (Cls.), object detection (Det.),
semantic segmentation (Seg.) and keypoint detection (Kpt.).
We employ various LLMs for request understanding (RU)
and hyperparameter optimization (HPO) respectively. We
find that our AutoMMLab empowered by RU-LLaMA and
HPO-LLaMA significantly outperform GPT-3.5 and GPT-4
with a 7B-parameter model, scoring 112/160 in the over-
all evaluation and achieves the best performance on all four
computer vision tasks.

Conclusion
This paper presents AutoMMLab, an innovative AutoML
system that harnesses the power of LLMs to fully automate
the model development process for computer vision tasks,
guided by natural language instructions. We develop RU-
LLaMA for understanding the user’s requests and schedul-
ing the whole workflow. Furthermore, we propose HPO-
LLaMA, a novel LLM-empowered method for effective
hyperparameter optimization. Additionally, we present the
LAMP (Language-instructed Automated Model Production)
Benchmark to facilitate the evaluation of end-to-end prompt-
based model production. We equip our AutoMMLab with
various LLMs and test on LAMP, demonstrating the supe-
riority of our proposed RU-LLaMA and HPO-LLaMA. We
hope our work could have broad applicability and inspire
further research in related areas.
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