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Abstract

Large language models have shown promis-
ing performance in code generation bench-
marks. However, a considerable divide ex-
ists between these benchmark achievements
and their practical applicability, primarily at-
tributed to real-world programming’s reliance
on pre-existing libraries. Instead of evaluating
LLMs to code from scratch, this work aims to
propose a new evaluation setup where LLMs
use open-source libraries to finish machine
learning tasks. Therefore, we propose ML-
BENCH, a benchmark to evaluate how well
these models use open-source libraries for ma-
chine learning tasks. It includes 10,100 sam-
ples spanning 169 tasks from 18 GitHub repos-
itories, requiring models to understand com-
plex documents and code structures. Notably,
while GPT-4 exhibits remarkable improvement
over other LLMs, it completes only 33.82% of
tasks. Furthermore, we present an agent base-
line ML-AGENT, which navigates codebases
and generates executable code effectively.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in function-level
code generation, producing sophisticated code
snippets with remarkable performance (Li et al.,
2022; Austin et al., 2021b; Hendrycks et al., 2021;
Chen et al., 2021a) in existing benchmarks.

Despite these significant strides, a notable gap
remains between the competencies exhibited by
these models under the dynamic requirements
of real-world programming scenarios (Jimenez
et al., 2023). Existing code generation bench-
marks (Chen et al., 2021a; Austin et al., 2021a)
evaluate LLM’s ability to write code from scratch,
while real-world programming often employs pre-
existing and open-source libraries to accomplish
tasks effectively (Zan et al., 2023) as Fig. 1. These

( Human Eval

Instruction:

Return list of all prefixes from shortest to longest of the
input string.

Ground Truth Code:
def all prefixes(string: str) -> List[str]:
result =[]
for i in range(len(string)):
result.append(string[:i+1])
return result

ML-Bench

Instruction:

Use the DualGAN model with facades dataset
learning rate to be set to 0.0001, the batch size to be
16, the number of training epochs to be 100 and the
image size to be set to 128.

Ground Truth Code:

python3 dualgan.py --dataset name facades --Ir
\0.0001 --n_epochs 100 --batch_size 16 --img_size 128

ML-Bench

Instruction:
Write a code for text classification using BERT.

Ground Truth Code:

from transformers import BertTokenizer

import torch

tokenizer = BertTokenizer.from_pretrained (‘bert-base')
text = "Example text for classification"

inputs = tokenizer(text, padding=True, truncation=True)

\_ J

Figure 1: Examples of ML-Bench compared with exist-
ing code benchmark HumanEval. ML-Bench focuses
on using open-source libraries to finish tasks.

open-source libraries offer robust, battle-tested so-
lutions to various problems. Therefore, measuring
the effectiveness of code LLMs should not merely
be restricted to function generation (Shrivastava
et al., 2023; Liu et al., 2023; Zhang et al., 2023).
It should also include their ability to utilize open-
source libraries and accurately configure parame-



@ Lavis - A Library for Language

‘M\ Time Series Library

... Grounded-Segment

long term forecast

idea

et -Anyfhlng
Clage;

0, Ss’ﬁcation

BERT imp"'atiou Time-series

short term forecast
-
g 02 Text
Ke“d‘“my/
cred®
Tensor2Tensor

O Learning3D

PyTorch Image
Models

PyTorch pytorch-GAN

TOIeOTISSe[o SFew]

Multimodel

OpenCLIP O

IF by DeepFloyd Lab .

Text-to-Image

vid2vid NVIDIA.

Classic Img2Img

Stable Diffusion

S.

3
7

&

Image
AR v;i- 7=m»<holImugc-lnr!magaT Y

- Attention Series

Deep Graph Library @

Text Classification O

Evolutionary Scale Modeling 00

Medical Zoo 0

Figure 2: ML-BENCH encompasses 18 prominent GitHub repositories and aggregates a total of 10,100 samples.

ters when executing programming files.

This target often demands not just code genera-
tion but also comprehension of natural language
documentation appended to the code, such as
README files. README files typically provide
a walkthrough of the open-source library, offering
detailed narratives on task examples that the library
can handle, including guidance on parameter se-
lection. In reality, the parameters stipulated by the
user may not always align with those enumerated
in the README examples, mandating the LLM
to accurately adapt the parameter values based on
the user’s specific requirements. Hence, an LLM
with the ability to effectively interpret and lever-
age the information within README files and
precisely customize parameters in code based on
README examples would significantly advance
machine learning automation.

Based on the aforementioned motivation, we intro-
duce ML-BENCH, a comprehensive and realistic
benchmark dataset designed to evaluate LLMs in
understanding user instructions, navigating code-
bases, and writing executable code. ML-BENCH
provides high-quality instructions along with corre-
sponding executable ground truth code that meets
the requirements specified in the instructions. ML-
BENCH consists of 10100 samples spanning 169

tasks over 18 notable machine learning GitHub
repositories as Fig. 2. We carefully provide vari-
ous settings to accommodate different LLMs. Ad-
ditionally, we carefully design comprehensive and
fair evaluation metrics (i.e., Pass @k conditioned
by additional checks) to quantify the performance.

ML-BENCH proposes new challenges to LLMs.
Empirically, we find that GPT-4 performs remark-
able improvement over other LLMs but still only
manages to accomplish less than 40% of the tasks.
LLMs suffer from hallucinations and perform
poorly. A key insight from our study is the crucial
need for LLMs to comprehend long-text documen-
tation, not just generate code. We also propose an
agent baseline ML-AGENT, an autonomous lan-
guage agent developed to fill the aforementioned
gaps. The agent is able to understand natural lan-
guage and instructions, navigate the codebase, and
produce requisite code effectively.

2 Dataset and Benchmark

In this section, we provide information about ML-
BENCH, including definition of the task (Sec 2.1),
how to select repositories (Sec 2.2), annotation
pipeline (Sec 2.3), and dataset statistics (Sec 2.4).



Step1: ReadMe Page Selection
README path: dgl/examples/pytorch/bgrl/README.md

This DGL example implements the GNN experiment proposed in the

paper Large-Scale Representation Learning on Graphs via Bootstrapping. For the

original implementation, see here(URL).

Requirements
The codebase is implemented in Python 3.8. For version requirement of
packages, see below.
- dgl0.8.3
¢ numpy1.21.2 ..
Step2: Task Mining

Inductive Task

python main.py \
--dataset coauthor_cs \
--graph_encoder_layer 1024 \
--drop_edge_p 0.3\
--feat_mask_p 0.25 \
--Ir 5e-2

Dataset
Dataset summary:

WikiCS Transductive 11,701 216,123 300
Amazon Computers Transductive 13,752 245,861 767
Amazon Photos Transductive 7,650 119,081 745
Coauthor CS Transductive 18,333 81,894 6,805

Step3: Argument Extraction

Dataset:
Graph Encoder Layer: 64, , ) )
Learning Rate: ) , , , ,

Step4: Multi-Argument Combination

Argument combination 1
Selected Argument :

’

Argument combination N

Steps5: Diverse Instruction Construction

In Selected Argument:

Human Instruction: | have a dataset entitled that I'm eager to
utilize for training purposes. Specifically, I'm aiming to employ this
dataset to train a cutting-edge BGRL Model. To achieve optimal
performance, | intend to utilize graph encoder layer , alongside a
learning rate (Ir) of . Could you kindly assist me in crafting the
necessary code to accomplish this task?”

Step6: Ground Truth Code Construction

python main.py \
--dataset \
--graph_encoder_layer \
--drop_edge_p 0.3\
--feat_mask_p 0.25\
-Ir

Figure 3: The construction pipeline of the ML-BENCH. Step 1: Find the readme file in the repository that
implements a specific task. Step 2: Extract essential task-related information. Step 3: Extract parameters from task
mining. Step 4: Leverage the details extracted from the readme file and multiple combinations of parameters are
formulated. Step 5: Create the instructions for each parameter combination. Step 6: Substitute the code or script
within the readme, serving as the ground truth code for ML-BENCH.

2.1 Task Formulation

In our benchmark, we focus on a scenario where,
given a GitHub repository JF, the language model
has access to all files f € F within the repository.
Upon receiving a user instruction ¢ with a set of
specific parameters arg; € .A. We emphasize that
the generated code ¢ must align with the user’s
instruction ¢, particularly in terms of all specified
parameters arg; € A, and must be executable.

2.2 Repositries Selection

We collected papers with corresponding GitHub
links from the PapersWithCode website!, then or-
ganized these papers based on their categorical
information. From each category, we selected the
top repositories based on the ranking of stars. Fur-
ther, through manual filtering, we identified the
most representative and feature-rich repositories
from this subset, making our large group of 18
repositories. More details about the selected repos-
itories can be found in Sec. 2.4 and Appendix B.

2.3 Annotation Pipeline

Regarding data annotation, relying solely on hu-
man efforts can be time and labor-intensive. To

lhttps ://paperswithcode. com/

address this challenge, we have developed a com-
prehensive workflow with the help of LLMs to
facilitate the annotation process. Some of the au-
thors are employed as annotators. Our annotators
consist of graduate students with proficient pro-
gramming skills. Fig. 3 shows The construction
pipeline of the ML-BENCH. Each GitHub reposi-
tory is assigned to a designated annotator.

README Page Selection: When users utilize
a GitHub repository to accomplish tasks, the
README file is often the most valuable resource.
Therefore, we instruct annotators to carefully re-
view the contents of the repository first. Their
primary task includes identifying all README
files within the repository. This encompasses not
only the main README but also those located
in various sub-directories, which describe the con-
tents of their respective folders. On average, each
GitHub covers 12 README pages, while GNN
covers 154 README pages.

Task Mining: After identifying all the README

*The minimum hourly wage in the United States is near
$7.5, which can be found at https://www.worker.gov/.
On average, annotating an example takes 5 hours. Conse-
quently, the cost per annotator amounts to $37.5.
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files contained within a GitHub repository, our
annotators are tasked with pinpointing each task
covered by every README, along with the code
scripts capable of accomplishing these tasks. The
annotators are instructed to select the most repre-
sentative and practical tasks inside each GitHub.
On average, each GitHub repository covers 9 tasks.

Parameters Extraction: In addition to specifying
the task, users may also need to define important
parameters, as the setting of these parameters is
crucial to the effectiveness of finishing the task.
Annotators all have experience in machine learn-
ing the annotators are tasked with locating key
parameters in the code (such as batch size, epochs,
model architecture, and dataset). Our target is to
find representative parameters that are likely to be
searched and tested during practical experiments.

Multi-Parameter Combination: Once the code
and its pertinent parameters for each task were
identified, the annotators iteratively and system-
atically combined candidate values for selected
parameters. This approach resulted in numerous
combinations of parameters relevant to each task.

Diverse Instruction Construction: For each set
of parameters obtained during the Multi-Parameter
Combination process, we utilized ChatGPT to gen-
erate instructions specifically tailored to the task
and these parameters. We meticulously design
templates to ensure that output instructions con-
tain the given parameter requirements and exhibit
a strong diversity by providing specific parameter
indications and various diverse examples.

Ground Truth Code Construction: Based on
the parameter combinations obtained during the
Multi-Parameter Combination process, we further
produce a code template based on the code for
the target task. Then we use the code template to
construct ground truth code.

Quality Test: We have conducted rigorous qual-
ity checks on the dataset. Specifically, for the
ground truth output, we perform strict checks for
executability and parameters. Any data that did
not meet the requirements were discarded. Regard-
ing the instructions, we ensured that all parameters
were explicitly specified within the instructions.

2.4 Overall Statistics

Referring to the data construction process detailed
in Section 2.3, we carefully curated a dataset tai-
lored to prominent Machine Learning domains,
serving as the cornerstone of our ML-BENCH.

This extensive dataset is partitioned into separate
training and testing subsets, designed for distinct
purposes in training and evaluation. Tab.7 delin-
eates the specific data statistics. Further detailed
data metrics for each repository utilized can be
found in Appendix C.

The comprehensive statistics of ML-BENCH are
itemized in Appendix E, which is culled from our
selected GitHub repositories, offering statistical
insights into the diverse range of instructions we
meticulously developed.

3 Proposed Agent Baseline: ML-AGENT

In our practice, an autoregressive model can not
solve the problems in ML-BENCH in a single step
without user intervention. So we introduce ML-
AGENT: an agent baseline to inspire the work per-
formed on ML-BENCH. Our objective is to em-
ulate humans in the situation when given an ML
task in which they go through the following steps:

Firstly, humans typically prefer to retrieve task-
specific tools from the Web instead of creating
code from scratch. After preliminary retrieval, they
will select the prime ones and attempt to utilize
the tools for their tasks. Then, humans will look
for helpful content in tool documents. To ensure
proper utilization of the tools, they may find it
necessary to scan the parameter definitions within
the files. Besides, they also decide whether the
tool is useful when finding details. Once the tools
are confirmed to be correct, humans will modify
the tool’s code according to their requirements.
To this end, we structured the agent design into
four distinct phases, encompassing the processes
of retrieval, ranking, planning, and generating. We
use the function-call ability of GPT-4 to homoge-
nize the communication of modules in the agent.
Now we introduce the features of our ML- AGENT:
Retrieval: ML-AGENT extracts keywords from
the user’s instructions, including factors like tasks
and desired models. These keywords are then used
to retrieve the top-k related repositories on GitHub.
Ranking: The agent ranks the repositories based
on the relevance of their meta information, like
repository descriptions, to the users’ instructions.
Planning: The agent delves into the repositories.
For each repository, ML-AGENT extracts the di-
rectory structure, scans the files in the repositories,
decides, and extracts related README contents
and code snippets. Providing a feasible way to
generate code to meet the user’s requirements.



Generating: Given the selected README con-
tents and code snippets, ML-AGENT will generate
corresponding code or script or refine to the previ-
ous planning step; the actions form a loop, which
can only be exited by either writing or refining.

We show the structure of ML-AGENT in App. J.
4 [Experiments

This section presents details about the con-
ducted experiment. Including experimental setup
(Sec. 4.1) and evaluation metrics (Sec. 4.2).

4.1 Experimental Setup

For single models, we have three experimental
setups, differing in how the content of README
files in the repositories is presented:

Oracle Segment: The annotators were asked
to record the corresponding segments in the
README files when writing the ground-truth
code. An oracle segment usually comprises a task-
related code and its natural language explanation.

Raw README: In this setting, we present the en-
tirety of all the README files to the model with-
out any modifications. The texts will be truncated
when the length of the README files exceeds the
model’s maximum context limit.

BM2S5 Retrieval: A BM25 retriever is used to as-
sist the model in locating relevant information. We
set a retrieval span of 10 sentences for the BM25
retriever using the NLTK sentence tokenizer >, as

the average length of an Oracle Segment is 9.5.

We specifically sampled 260 examples from 14
repositories as our test set. We introduce two
setups to fine-tune open-source models: the ID
(In-Distribution) setting and the OOD (Out-of-
Distribution) setting. The remaining samples from
the 14 repositories served as training set for the ID
setting. The train set consists of all the samples in
the other four repositories for the OOD setting.

Model input includes their specific system prompt,
human instruction, and the chosen README con-
tent, as shown in Appendix K. To ensure we
did not exceed the tokens limitation for closed-
source models, we utilized GPT-3.5-16k, GPT-
4-32k, and Claude 2. We chose Codel.lama-7b-
Instruct, DeepSeek-Coder-6.7b-base, and Llama-
2-7b-hf # to test the performance of open-source

3https://www.nltk.org/api/nltk.tokenize
“Due to hardware limitations, the input of open-source
models is truncated to the first 8k tokens for training and

models. Since the first two models have garnered
significant attention in code generation. LLaMA
is directly compared with CodelLlama to assess
whether the training of code data significantly im-
proves the model performance on ML-BENCH.

For agents, We chose AutoGen > equipped with
GPT-4 as a comparative agent for our task. The
chunk token size utilized was set to 2000. For
ML-AGENT, we provide only human instruction
and all the repositories in ML-BENCH test set
as retrieval candidates; for AutoGen, we provide
human instruction and the README files of the
specific repository, as shown in Appendix K.

4.2 Evaluation Metrics

we employ pass@K to assess the output generated
by models or agents. Pass@K refers to the proba-
bility that the correctly executed code is generated,
conditioned by hitting the claimed parameters and
the same generation type as the reference content.

5 Result Analysis

This section discusses data leakage, shows our ex-
perimental results, and analyzes the performance
of models and agents conducted on ML-BENCH.

Data leakage. Our early experiments found that
models tended to generate code regardless of
whether the content the model was supplied with
was about script or code. This is related to the fact
that model trainers expect they can get high scores
on other code benchmarks, causing these polished
repositories to be more likely to be put into the
training set compared to lesser-known ones, and
code data is a larger percentage than script data.

To mitigate the influence of data leakage, the type
and parameters of the generated result are checked
to see whether it is the same as those present in the
provided documents and user instructions before
execution. We show the updating status for all
repositories in Appendix B and the cutoff date of
training data for models in Appendix I.

Main result. Tab. 1 and Tab. 2 show the Pass@K
results for models and agents. Across the table, we
observe that:

1. GPT-4 consistently demonstrates superior
performance. However, ML-BENCH is
still challenging for GPT-4, as it achieved
a Pass@5 score under 50%. Meanwhile,
LLaMA almost does not solve any problem.

inference.
Sour implementation of AutoGen
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https://microsoft.github.io/autogen/blog/2023/10/18/RetrieveChat/

Models Oracle Segment Raw README BM25 Retrieval
Pass@1 Pass@2 Pass@5 Pass@l Pass@2 Pass@5 Pass@1l Pass@2 Pass@5
GPT-4 * 33.82 39.71 48.53 30.88 36.76 45.59 22.06 23.53 27.94
GPT-3.5 * 27.94 33.82 38.23 15.07 20.55 30.14 13.70 19.18 24.66
Claude 2 * 21.92 32.88 34.25 27.40 34.25 35.62 9.59 13.70 20.55
GPT-3.5 21.92 27.31 36.92 13.46 20.38 35.39 10.00 15.00 22.69
Claude 2 18.46 26.54 30.38 25.38 30.77 32.31 8.08 10.77 16.92
CodeLlama-raw 8.85 11.92 21.15 1.54 3.85 8.85 0.77 2.69 8.85
CodeLlama-ID 17.69 23.46 30.77 / / 2.69 6.15 9.62
CodeLlama-OOD 15.76 21.53 28.46 / / 1.92 3.46 5.38
DeepSeekCoder-raw 1.54 2.31 7.31 0.00 0.00 1.36 0.00 1.54 2.31
DeepSeekCoder-ID 18.46 25.38 30.38 / / 7.69 10.32 13.00
DeepSeekCoder-OOD 0.77 2.31 8.85 / / 2.69 5.00 6.54
LLaMA-raw 0.00 0.00 0.77 0.00 0.00 0.00 0.00 0.00 0.00
LLaMA-ID 0.38 3.46 6.54 / / 1.15 2.69 3.08
LLaMA-OOD 0.00 0.00 0.38 / / 0.77 1.15 2.31

Table 1: Pass@K (%) results. Pass@1, Pass@2, and Pass@5 scores are reported for models. We report the results of
GPT-3.5 and Claude 2 on the quarter set to show the distribution bias among the full and quarter test sets. We didn’t
fine-tune open-source models under the Raw README setting. * Means evaluated on quarter set in ML-BENCH

bound to the budget.

2. After training, open-source models are still
less effective than the worst closed-source
model. The observation that CodeLlama-raw
and DeepSeekCoder-raw beat LLaMA-raw
shows that training on code data improves
script skills significantly.

3. Providing accurate and short task-related con-
tent helps improve all models’ performance.
However, inflexible retrieval methods such as
BM25 have side effects on the model’s ability
to solve problems in ML-BENCH. We show
the BLEU scores between Oracle Segments
and BM2S5 retrieved contents in Appendix I.

4. ML-AGENT achieved noteworthy results
without any provided repository information.
We observed that ML-AGENT sometimes
delves the Python files in cases where the
README files should be consulted, leading
it to refer to the code. However, to keep the
evaluation metric consistent, we treat these re-
sults as hallucination errors when performing
the type check. The same as AutoGen.

Error defination. By analyzing the execution log,
we find that the errors for models and agents in
ML-BENCH fall into four categories:

Hallucination Errors: These errors include in-
stances when the models misinterpreted the user’s

Agent Name  Pass@1l Pass@2 Pass@5
ML-AGENT * 2353 35.29 47.06
AutoGen* 6.06 6.06 6.06

Table 2: Pass@K results for agents

intention, misplaced Python Code and Bash Script,
or generated random or irrelevant code.

Lack of Knowledge or Information: This type of
error primarily stems from the model’s inability to
fulfill user requirements based on crucial parame-
ters. Possible types of errors are as follows:

1. Code inner information. The models some-
times lack sufficient information necessary to
satisfy the user’s requirements. For instance,
this deficiency might involve missing param-
eter names (-1r and -learning rate) or
unavailable options (it only accepts ’Citeseer’
when the input given was ’citeseer’).

2. Domain knowledge. The models sometimes
lack the domain-specific knowledge required
to handle certain instances. For example, in
BERT, the models simultaneously generated
—case=True and —-model=uncased.

3. Grammar knowledge. This happens when
the models incorrectly identify and handle
certain command line symbols. Like the $
symbol, which could affect execution.

4. Local data information. The models were
not supplied with enough crucial parameter
information for specific commands, leading
to the inability to find paths and successful
execution. While less common, this error was
particularly notable in the OpenCLIP.

Knowledge Manipulation: Take BERT, for in-
stance, where the model needed to integrate
DIR=/model/ and -model_dir=$DIR to form
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Figure 4: Quantification of models and settings errors for five times attempts. The total statistic results are 1300 for
the full test set and 340 for the quarter test set. Statistical results that exceed these numbers are caused by multiple
errors made on one result simultaneously. For models, CL means CodeLlama, DC means deepseek-coder, and L
means LLaMA. For errors, E1 means Hallucination Errors, E1 means Lack of Knowledge or Information, E3 means
Knowledge Manipulation, E4 means Syntax Errors, and R means right results.

-model_dir=/model. There were also cases
where it couldn’t merge /model_name in /data
into a proper path format like /data/model_name.
Similar incidents were observed in OpenCLIP.

Syntax Errors: These errors cover instances of in-
correct code generation of syntax errors instead of
hallucination, mainly Python syntax errors such as
the use of undefined variables. These errors arise
from cases that prefer generating Python code.

Settings and models error analysis. Fig. 4
overviews the error statistics for models and set-
tings. Generally, the proportions of E3 and E4 are
small. For E3, this is because the capable cases of
producing such errors constitute a small portion.
For E4, only after passing through the type check
and parameters check does the generation result
undergo execution, and execution exposes E4.

For closed-source models, we find that Claude 2 is
more prone to hallucinations than GPT-3.5. How-
ever, its ability to fulfill user-stated requirements
(represented by E2) is better than that of GPT-3.5.
Compared to the RR setting, under the BM25 set-
ting, neither GPT-3.5 nor Claude 2 exhibits an
increase in hallucination but an increase in the pro-
portion of E2. For GPT-4, both the occurrence of
El and E2 have increased. Logs show this phe-
nomenon occurs because GPT-4 generates code
without considering the content in cases involving
task-irrelevant information, but not GPT-3.5 and

Claude 2. Compared to the Raw README setting,
oracle segment provision leads to a decrease in the
quantities of E1 and E2, while the differences in
E3 and E4 are insignificant. This suggests that the
closed-source models’ knowledge manipulation
and Python code generation abilities are not signif-
icantly affected by whether an oracle segment is
provided. We tend to attribute these to the models’
inherent ability rather than the reference.

For open-source models, we find that without su-
pervised fine-tuning, the models make errors of
E1 and E2 with nearly equal frequency, and fine-
tuning can significantly reduce the percentage of
hallucination errors under both OOD and ID set-
tings. In addition, both Codellama and Deepseek
have shown significant improvement compared to
LLaMA after fine-tuning on ML-BENCH.

For agents, ML-AGENT made more hallucinatory
mistakes than GPT-4. This is mainly because the
agent did not always stay within the file type con-
sistent with the predefined output type in ML-
BENCH during the last two steps. This aspect
is demonstrated by the significant improvement
in the ML-AGENT’s pass@K performance as K
increases in Tab. 2. Indeed, multiple attempts aid
ML-AGENT in locating content types consistent
with the ML-BENCH’s requirements. This un-
derscores the capability that such agents need to
enhance. For AutoGen, a similar situation persists,
with the extensive presence of E2 within the gen-



. GPT 4% Claude 2* GPT 3.5 Claude 2
Repos ML-AGENT *

oS RR  BM25 oS RR BM25 OS RR BM25 OS RR BM25
DGL 80.00 80.00 60.00 60.00 40.00 20.00 80.00 | 47.62 23.81 23.81 2857 19.05 14.29
BERT 50.00 50.00 50.00 16.67  0.00 80.00 16.67 | 22.73 13.63 13.63 0.00 4.54  0.00
Lavis 57.14 4286 7143 4286 57.14 8571 1429 | 5556 7037 5185 51.85 59.26 29.63
If 100.00 100.00 100.00 33.33 100.00 0.00 1333 | 7143 6190 5238 7143 76.19 52.38
vid2vid 0.00 50.00 75.00 50.00 0.00 25.00 50.00 | 92.31 7692 69.23 7692 3846 15.38
ESM 0.00 60.00 0.00 80.00 0.00 100.00 20.00 | 47.06 29.41 58.82 588 11.76 11.76
OpenCLIP 66.67 66.67 66.67 66.67 66.67 66.67 0.00 | 63.63 36.36 5455 63.63 63.63 45.46
TSL 75.00 25.00 25.00 0.00 25.00 0.00 0.00 | 1429 1429 0.00 7.14 7.14  0.00
EAP 80.00 100.00 80.00 0.00 100.00 20.00 80.00 | 66.66 70.83 3333 70.83 83.33 20.83
Py-GAN 12.50 0.00 12.50  0.00 0.00 1250  0.00 6.67 000 000 000 000 0.00
Py-IM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 | 20.00 0.00 0.00 0.00 0.00 0.00
Learning3d 0.00 0.00 0.00 0.00  25.00 0.00  25.00 | 23.53 47.06 3529 17.65 0.00 0.00
muzic 40.00 80.00 60.00 40.00 60.00 20.00 20.00 | 66.67 7222 61.11 3889 3333 3333
Grounded-SAM 60.00 60.00  60.00 20.00 0.00 0.00 0.00 0.00 20.00 000 500 3500 10.00
Total 47.06 48.53 4559 2794 3425 35,61 2055 | 3692 3539 2269 3038 3231 1692

Table 3: This table shows the Pass@5 scores of ML-AGENT, GPT-4, and Claude 2 on Oracle Segment, Raw
README, and BM25 Retrieval settings in different GitHub repositories on quarter set.

erated code contributing to its overall low scoring.

Repositories analysis. We report Pass@35 scores
of models in Tab. 3 and the detailed GPT-4 and
ML-AGENT results in Appendix G for each repos-
itory. Shows that the impact of offering an Ora-
cle segment is notable for repositories that prefer
Bash Script in the folder READMESs, such as DGL.
Also, for DGL, ML-AGENT sometimes generates
Python code by viewing Python files but not ex-
tracting content from README, which leads to
even correct results being classified as E1.

When information is scattered across sections of a
README, the Oracle Segment setting performs
worse than the Raw README setting. A good ex-
ample is Lavis. The task of If looks more accessi-
ble because it is centralized with less redundant in-
formation in the README. However, Learning3d,
TSL, and Py-IM seem complicated for models.
This may caused by their insufficient and decentral-
ized information in README and the proportion
of code. We show their features in Appendix F.

The scores of ML-AGENT on DGL, TSL, and
Lavis show that the agent can retrieve and inte-
grate information accurately, demonstrating it is a
strong baseline for ML-BENCH. However, its per-
formance in simpler tasks such as ESM, vid2vid,
and muzic suggests that there is still room for im-
provement.

6 Related work

Code generation has been a subject of longstanding
inquiry in the field of NLP. It demonstrates activ-
ity in the formulation of methodologies and the
establishment of benchmarks (Chen et al., 2021a;
Christopoulou et al., 2022; Cassano et al., 2022;

Orlanski et al., 2023; Wang et al., 2023d; Tang
et al., 2023a,b). While existing code benchmarks
target advancing the capability for function-level
code generation, ML-BENCH focuses on lever-
aging code generation for facilitating tool usage.
More details are shown at Tab. 4

The objective of function-level code generation
is to produce code snippets meeting user require-
ments or contribute to code completion (Feng et al.,
2020; Li et al., 2022), encompassing the develop-
ment of foundational models for code generation
(Zheng et al., 2023; AL, 2023).

Bench Name Type Domain # Samples
ML-Bench Func. Calling ML 10,000
HumanEval Func. Prod. Python 164
MBPP Func. Prod. Python 1,000
DS-1k Func. Prod. ML 1,000
Table 4: The characteristics of code generation

benchmarks. The compared benchmarks include Hu-
manEval (Chen et al., 2021b), MBPP (Austin et al.,
2021a) and DS-1k (Lai et al., 2023).

7 Conclusion

In this paper, we introduced ML-BENCH, a com-
prehensive benchmark designed to evaluate the
effectiveness of utilizing existing packages for ML
tasks. In addition, we proposed ML-AGENT, an
agent baseline capable of reading files and writing
scripts to fulfill user needs. We carefully provide
various settings to accommodate different LLMs
and carefully design comprehensive and fair eval-
uation metrics to quantify the performance. We
believe that ML-BENCH contributes substantially
to machine learning, offering researchers and prac-
titioners new tools to advance the SOTA in auto-
mated machine learning processes.



limitation

Our study, while comprehensive within its scope,
is subject to certain limitations that stem primarily
from linguistic and data source constraints.

Linguistic Limitation - English as a Working
Language We exclusively focused on English
for our analyses and model development. This
choice, while pragmatic due to English’s preva-
lence in scientific literature and technical documen-
tation, inherently limits the generalizability of our
findings. English, as a language, possesses unique
syntactic and semantic structures that may not be
representative of other languages. Consequently,
the applicability of our results to non-English con-
texts is uncertain. This linguistic limitation also
restricts the diversity of perspectives and cultural
nuances that non-English documents could offer.

Data Source Limitation - Reliance on GitHub
Repositories in English  Our reliance on GitHub
repositories with documents exclusively in En-
glish introduces a selection bias. GitHub, while
rich in open-source projects and documentation,
may not comprehensively represent the broader
landscape of software development practices and
trends globally. This choice potentially overlooks
significant contributions and insights from non-
English-speaking communities. This limitation
might impact the development of tools and mod-
els tailored to a more diverse set of programming
environments and community needs.

Methodological Limitation - Relying on Pre-
built Machine Learning Packages In our
methodology, we utilized existing machine learn-
ing packages instead of developing algorithms
from scratch. While this approach allowed us to
leverage well-established, tested, and optimized
tools, it also introduces certain constraints. De-
pendence on pre-built packages means our work is
confined to the capabilities and limitations of these
tools. This reliance could limit our ability to fully
explore novel or unconventional approaches possi-
ble with custom-built algorithms. Moreover, this
choice potentially impacts the reproducibility and
customization of our findings. Researchers who
seek to build upon our work may encounter similar
constraints imposed by the pre-built packages we
utilize. These limitations can hinder innovation

and adaptation in different contexts or for specific
usage.

Scope Limitation - Tasks Limited to README
File Descriptions By strictly adhering to the
specified tasks, our study may overlook poten-
tial applications or challenges not explicitly doc-
umented in README. This limitation can result
in a narrower understanding of the tools we ex-
amined, as it fails to explore their full potential
and applicability. The reliance on README de-
scriptions also assumes that these documents com-
prehensively and accurately reflect all relevant as-
pects of the repositories, which may not always
be accurate. Important tasks or nuances might be
undocumented or underrepresented in these files.

Ethics Statement

In our work, we have carefully considered the
ethical implications of our work, particularly in
data annotation and related activities. Our method-
ologies and processes have been meticulously de-
signed to ensure they are free from moral concerns.
We affirm that our research practices, including
data handling, have been conducted with the ut-
most integrity and in compliance with ethical stan-
dards.

Our approach has been guided by principles pri-
oritizing respect for data integrity, transparency in
our methods, and adherence to established ethical
guidelines.
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A Related work

A.1 Code Generation

Code generation has been a subject of longstanding
inquiry in the field of NLP. It demonstrates activ-
ity in the formulation of methodologies and the
establishment of benchmarks (Chen et al., 2021a;
Christopoulou et al., 2022; Orlanski et al., 2023;
Wang et al., 2023d; Cassano et al., 2022; Tang
et al., 2023a,b). While existing code benchmarks
target advancing the capability for function-level
code generation, ML-BENCH focuses on leverag-
ing code generation to facilitate tool usage. More
details are shown at Tab. 4

Function-Level Code Generation The objective
of function-level code generation is to produce
code snippets meeting user requirements or con-
tribute to code completion (Feng et al., 2020; Li
et al., 2022), encompassing the development of
foundational models for code generation (Zheng
et al., 2023; Al 2023).

Tool-using. Tool-using code generation empow-
ers the model’s ability of tool calling, enabling it
to acquire the proficiency to invoke tools when
engaging with the user, like ToolLLM (Qin et al.,
2023), Gorilla (Patil et al., 2023) and HuggingGPT
(Shen et al., 2023).

A.2 Agent

The rapid advancement of usages (Yao et al., 2023;
Lietal., 2023; Wang et al., 2023c; Cai et al., 2023)
for large language models (Brown et al., 2020;
Shao et al., 2022; Zhao et al., 2023a) has propelled
the evolution of intelligent agents within the realm
of artificial intelligence (Zhao et al., 2023b; Xi
et al., 2023). The development of agents based on
LLMs encompasses two primary facets: general
agents and task-specific agents.

General Agents. General agents refer to agents
who are not explicitly assigned a predefined task
during construction. This category of agents
demonstrates the capability to autonomously un-
dertake a diverse range of complex tasks through
mechanisms such as planning, reaction, memoriza-
tion, reasoning, and the establishment of commu-
nication protocols (Yao et al., 2023; Wang et al.,
2023b), like AutoGPT (Gravitas, 2023), XAgent
(Team, 2023), AgentVerse (Chen et al., 2023b),
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HOLMES (Chen et al., 2023a) and MetaGPT
(Hong et al., 2023).

Task-specific Agents. Task-specific agents per-
tain to agents meticulously engineered for the ex-
plicit purpose of undertaking a specific task. IlI-
lustrative instances encompass MindAgent (Gong
et al., 2023), designed to augment collaborations
between humans and NPCs in games, and Voyager
(Wang et al., 2023a), playing Minecraft.

B Details of Selected GitHub Repositries

Tab.5 shows details of selected GitHub reposito-
ries.

Tab.6 shows characteristics of selected GitHub
repositories.

C Details

Tab.8 shows the detailed length of tokens for each
repository.

D Data Construction of ML-BENCH

Tab.9 shows the data construction of ML-BENCH.

E Statistics of ML-BENCH

Tab.9 shows the statistics of ML-BENCH.

F Characteristics for Repositories

Tab.10 shows the characteristics of repositories,
the sufficiency of information means whether the
README has sufficient information to generate
output. The sparsity of code demonstrates the ra-
tio of text and code; dense means README files
have more code than text, while text is more than
code. The concentration of information illustrates
whether the information is centralized; the higher
the number is, the more centralized the files are; 0
means some samples have no information to gen-
erate output in README files in the repository.

We hope this information can help distinguish dif-
ferent difficulties for different repositories.



Domain GitHub Star URL #README  Last Updated
BERT 35693 https://github.com/google-research/bert 1 2020.03.11
Text Tensor2Tensor 14280 https://github.com/tensorflow/tensor2tensor 9 2023.04.01
Text Classification 7665  https://github.com/brightmart/text_classification 1 2022.09.21
GNN GNN 12429  https://github.com/dmlc/dgl 154 2023.11.16
molecular ESM 2462  https://github.com/facebookresearch/esm 8 2023.06.27
Image-GAN PyTorch-GAN 14947  https://github.com/eriklindernoren/PyTorch-GAN 1 2021.01.07
LAVIS 7300  https://github.com/salesforce/lavis 8 2023.09.25
Multi-Modalit IF 7237  https://github.com/deep-floyd/if 1 2023.06.03
Y OPEN CLIP 6856  https://github.com/mlfoundations/open_clip 1 2023.11.01
Stable 31506 https://github.com/Stability-AI/stablediffusion 1 2023.03.25
Segment-Anything 11976  https://github.com/IDEA-Research/Grounded-Segment-Anything 3 2023.12.11
Music Muzic 3866 https://github.com/microsoft/muzic 8 2023.12.06
3D Learning3d 579 https://github.com/vinits5/learning3d 1 2023.10.24
Video Vid2Vid 8393 https://github.com/NVIDIA/vid2vid 2 2019.07.04
Time-Series Time-Series-Library 2670  https://github.com/thuml/Time-Series-Library 1 2023.11.10
Attention Usage  External-Attention-pytorch 9949  https://github.com/xmu-xiaoma666/External-Attention-pytorch 1 2023.10.25
Medicine MedicalZooPytorch 1516  https://github.com/blacke@17/MedicalZooPytorch 21 2022.02.07
Table 5: Detailed information about the selected GitHub repositories.
GitHub sufficiency of information sparsity of information concentration of information Last Updated
BERT Yes Dense 1 22 Bash Script
Tensor2Tensor 14280 https://github.com/tensorflow/tensor2tensor 9 2023.04.01
Text Classification 7665 https://github.com/brightmart/text_classification 1 2022.09.21
GNN No Sparse 3 21 Bash Scirpt
ESM Yes Dense 2 15 Bash Scirpt, 2 Python Code
PyTorch-GAN No Sparse 3 30 Bash Script
LAVIS Yes Dense 1 4 Bash Script, 23 Python Code
IF Yes Dense 2 21 Bash Script
OPEN CLIP Yes Dense 3 11 Python Code
Stable 31506 https://github.com/Stability-AI/stablediffusion 1 2023.03.25
Segment-Anything 11976 https://github.com/IDEA-Research/Grounded-Segment-Anything 3 20 Bash Script
Muzic 3866 https://github.com/microsoft/muzic 8 17 Bash Script
Learning3d 579 https://github.com/vinits5/learning3d 1 17 Python Code
Vid2Vid Yes Dense 3 13 Python Code
Time-Series-Library No Sparse 3 14 Python Code
External-Attention-pytorch Yes Dense 3 24 Python Code
MedicalZooPytorch 1516 https://github.com/black0@17/MedicalZooPytorch 21 2022.02.07
Pytorch-IM 1516 https://github.com/black0@17/MedicalZooPytorch 21 5 Bash Script

Table 6: Characteristic information about the selected GitHub repositories.

Raw README  Oracle Segment ~ BM25
Train
Average token length 8009.42 151.32 492.90
Max token length 20701 851 5540
00D Train
Average token length 4118.90 186.04 585.80
Max token length 8363 367 1339
Test
Average token length 7842.47 1186.37 1402.24
Max token length 20655 5420 3192

Table 7: The statistics of README files.
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CodeLlama GPT 3.5

Repos Raw README BM2S5 retrieval Oracle segment Raw README BM2S5 retrieval Oracle segment
Train Test Train Test Train Test Train Test Train Test Train Test

vid2vid 4468 4669 408 1615 556 556 3569 3807 338 1240 416 416
If 3972 4202 1390 1065 3023 3023 3042 3320 1119 851 2367 2367
DGL 7401 9668 312 2598 179 138 5924 7194 275 1924 143 110
Py-GAN 10619 10644 532 515 314 314 9067 9092 433 424 268 268
ESM 11955 12705 585 1419 177 173 9218 10101 486 1168 139 136
BERT 13373 14309 401 985 372 375 10558 11323 335 783 287 290
OpenCLIP 8005 8403 415 1517 5420 5420 6340 6813 350 1202 4397 4397
Lavis 4447 4779 471 1735 1984 1984 3377 3699 372 1347 1547 1547
TSL 1891 2008 382 1136 345 345 1460 1598 315 918 276 276
EAP 20701 20655 1155 473 105 118 14591 14908 857 410 69 80
Grounded-SAM / 9130 / 1557 / 164 / 6741 / 1196 / 113
Py-IM /19701 / 8929 / 89 /14192 / 6061 / 68
muzic / 2150 / 800 / 83 / 1727 / 625 / 64
Learning3d / 3952 / 1163 / 50 / 2970 / 896 / 45
SD 4203 /471 / 234 /3341 / 393 / 183 /
MedZooPy 2393 /1101 / 133 /1868 / 879 / 99 /
TCL 8363 / 304 / 116 /7066 / 278 / 96 /
Tensor2Tensor 4566 /476 / 192 /3673 / 399 / 153 /

Table 8: Detailed length of tokens for each repository.

G Detailed repository scores for models

Fig.5 shows the repositories error analysis results
for ML-AGENT and GPT-4.

H An Illustration of Input-Output Pairs

Fig.6 shows an illustration of input-output pairs
and its evaluation result.

I BLEU Scores and Cutoff Date

Tab.11 shows BLEU Scores between Oracle Seg-
ment and BM25 contents, and Tab.12 shows cutoff
date of training data for the models.

J Structure of ML-AGENT

Fig.7 shows the structure of ML-AGENT

K Template

Tab.13 shows template for LLMs, Tab.14 shows
template for fine-tuning LL.Ms, Tab.15 shows tem-
plate for Retrieval step in ML-AGENT, Tab.16
shows template for Ranking step in ML-AGENT,
Tab.17 shows template for Planning step in ML-
AGENT, Tab.18 shows template for Generating
step in ML-AGENT,
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L. Examples of input-output of each
GitHub Repo

In this section, we present detailed examples of the
input and output of each GitHub Repo in Tab.19
to Tab.36. The corresponding repository for each
table is shown below:

1. External-Attention: Tab. 19
2. BERT: Tab. 20

3. Deep learning on graphs: Tab. 21

. Evolutionary scale modeling: Tab. 22
5. Grounded-Segment-Anything: Tab. 23
. DeepFloyd IF: Tab. 24

7. Language-Vision Intelligence: Tab. 25

8. Deep learning on 3D point clouds data:
Tab. 26

. 3D multi-modal medical image segmentation
library: Tab. 27

10. Music understanding and generation: Tab. 28

11. Implementation of OpenAI’s CLIP: Tab. 29

12. Generative Adversarial Network varieties:

Tab. 30



Task Number

- GNN 608
- Text 1475
- Molecular 649
- Image-GAN 1189
- Multi-Modality 4732
- Video 75
- Time-series 1478
- Attention Usage 127
- Medical 805
-3D 264
- Music 704
Average token length per instruction 80.4
Max token length in instruction 216
Instruction edit distance among the same task 258.7
Instruction edit distance across tasks 302.1

Table 9: The statistics of ML-BENCH.
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Figure 5: Quantification of errors for five times attempts in different repositories perspective, the result for GPT-4 is
under the Oracle Segment setting.
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Model Input Gold Output

[readme content]:

DGL is framework agnostic, meaning if a
deep graph model is a component of an
end-to-end application, the rest of the
logics can be implemented in any major
frameworks, such as PyTorch, Apache

python citation.py --dataset --1r 0.0001 --num-stacks 5

Generated Result

MXNet or TensorFlow.... "python citation.py --dataset --1r 0.01 --stacks 5",
[instruction]: "python main.py --dataset citeseer --1r 0.0001 --stacks 5",

I am eager to utilize the

dataset as the training data to empower "dgl-go --model=arma --dataset=citeseer --1r=0.0001 --stacks=5",
the ARMA Model with the learning rate

set to a commendably small value of "import dgl\ndataset = dgl.data.CiteseerGraphDataset()\ng =
0.0001. Additionally, I'd like to dataset[@]\nfrom dgllife.model import DAGNNPredictor ...",

incorporate 5 stacks into this model.
Your assistance in formulating the "python citation.py --dataset --1lr 0.0001 --num-stacks 5"
necessary code to accomplish this task
would be of tremendous help.

Evaluation Result
[System Prompt]:
You are given [readme content], you need
to carefully see [readme content] and FAILED  python citation.py --dataset citeseer --Ir 0.0001 -=staeks 5 no argument error
choose wirte code or script to implement
my [instruction].

FAILED  python citation.py --dataset --Ir 0201 --stacks 5 wrong argument

FAILED  dgl<go --model=arma --dataset=citeseer --Ir=0.0001 --stacks=5 no file error

Please output code or script directly, FAILED  importdghndataset=-dgl-data:CiteseerGraphDataset()\n ... wrong execution
use markdown to output code without
explanation. PASSED python citation.py --dataset -Ir 0.0001 --num-stacks 5  pass

Figure 6: The illustrative set of input-output pairs, gold output, and execution results, accompanied by precision
metrics: Pass@1=0, Pass@2=0, and Pass@5=1. Various colors within the instructions signify different parameters.

sufficiency of information spargty\oll€ode-videncentziation: ofimfosmation

vid2vid Yes Dense 3
If Yes Dense 2
DGL No Sparse 3
Py-GAN No Sparse 3
ESM Yes Dense 2
BERT Yes Dense 1
OpenCLIP Yes Dense 2
Lavis Yes Dense 3
TSL No Sparse 0
EAP Yes Dense 3
Py-IM Yes Sparse 2
muzic Yes Dense 3
Learing3d No Sparse 0
Grounded-SAM No Dense 2

Table 10: The characteristics of repositories

13. PyTorch Image Models: Tab. 31
14. Stable diffusion: Tab. 32

15. Text classification: Tab. 33

16. Tensor2Tensor: Tab. 34

17. deep time series analysis: Tab. 35
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Table 11: The BLEU-1 scores between Oracle Segments ~ Table 12: Cutoff date of training data for GPTs and

and the BM25 Retrieval content. Claude 2
ID-train OOD-train ML-BENCH GPT-3.5 GPT-4 Claude 2  CodeLlama
BLEU score 0.0112 0.0087 0.0082 Datetime 2021.09 2021.09 Early 2023 2023.07
( -
/ ML-AGENT Code
Process
( Step 1 Step 4 |
— Repmppt ) | [ e path )
instruction m import ...
’ Choose a README code from ... import ...
Extract l: If Code
keywords No il ar
2
Can write code or Can write code or Yes
Human z { seript? L_le { seript? }
Instruction ] Yes| >
H 4 [ Codeor
“an you assist me H \ Script / -
‘xln writing the 'codc 5 Step3 _
oxscript o 2
*
Choose a repo
* If Scrif
- Seript -
Get repo name and Scrlpt
repo structure
==
Yes
N < / python xxx.py
-lr=...
\ --batch_size=...
Tool Server -—-dataset=...
‘ LLMs ‘ ‘ Retrieval_Repo ‘ ‘ Generete_Index ‘ Extract_Keywords

2 /

Figure 7: Structure of ML-AGENT. ML-AGENT follows a four-step process upon receiving human instructions:
Step 1: Extract keywords from the instructions and conduct searches on GitHub to identify the five most relevant
repositories. Step 2: Sort the retrieved GitHub data. Step 3: Evaluate each retrieved repository to determine its
capability to fulfil the task. Step 4: Write the script or code necessary to implement the task.

System Prompt

You are given [readme], you need to carefully see [readme] and choose wirte code or script to implement
my [instruction].
Please output your response in a python markdown code block.

Read Me

[readme]:{Read Me}

Instruction

[instruction]: {Instruction }

Table 13
Read Me
[readme]:{Read Me}
Instruction
[instruction]:{Instruction}
Table 14
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Instruction

Please help me extract the keywords in this sentence about the model used and the task I want to do.

Sentence :{}

Table 15: The function of this prompt agent is to extract keywords about the model used and the task I want to do
from the given sentence.

Instruction

Sort the names and descriptions of the GitHub repositories below based on their relevance to the
keywords {keyword}.
URLS:{} Make sure your answer is in standard json format, start!

Example

Below is an example:

Sort the names and descriptions of the GitHub repositories below based on their relevance to the
keywords { CNN, Time-Series}.

URLS:{

“https://github.com/mrharicot/monodepth’,
“https://github.com/saeedkhaki92/CNN-RNN-Yield-Prediction’,
“https://github.com/PatientEz/CNN-BiLSTM-Attention-Time-Series-Prediction_Keras’,
“https://github.com/hardyqr/CNN-for-Stock-Market-Prediction-PyTorch’,
“https://github.com/muskie82/CNN-DSO’,
“https://github.com/gognjanovski/StockPredictionCNN’,
“https://github.com/kristpapadopoulos/seriesnet’,
“https://github.com/Shen-Lab/DeepAffinity’,
“https://github.com/matheusbfernandes/stock-market-prediction’,
“https://github.com/perseus784/Vehicle_Collision_Prediction_Using_ CNN-LSTMs’

}

Make sure your answer is in standard json format, start!

Table 16: Rank github repositories related to keywords. Sort the github repository related to keywords, and the
array is arranged.

Instruction

I will provide you with the name of a GitHub repository and the main readme file. Please determine
if you can accomplish the following task. If you can, output *Yes’ and sort the provided readme files
below based on their helpfulness in completing the task, from most helpful to least helpful. If you
believe you cannot complete the task, please output *No.’

repo_name: {repo_name} main_readmefile: {Read Me} task: {Instruction}

Table 17: Use the information given to determine whether the task can be completed. The given
information serves as an indicator of whether the task can be completed. If it can be com-
pleted, return ’Yes’; if it cannot be completed, return ’No’.eg:No.eg:Yes.  Sorted list of readme
files based on their helpfulness in completing the task. Remember that the result must be a
list!leg:repo_name/README.md,repo_name/examples/README.md,repo_name/scripts/atlass/README.md.
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Instruction

I will provide you with a github readme file and directory index, please determine if this information is
enough to write the code or script for the task I gave you. Write the code or script directly if you can,
give us the path to the py file you want from the repository index file if you need more information.Please
make sure that the file path you return is in the repository index file!!!And return NO if you don’t think
all of this information will do the job.

repository_index_file:{ }

readmefile:{ }

task:{}

Table 18: Code that uses given information to determine whether or not it can accomplish a given task.
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Read Me:

As a supplement to the project, an object detection codebase YOLO. Air has recently been newly
opened, which integrates various attention mechanisms in the object detection algorithm. The code is
simple and easy to read. Welcome to play and star!

For beginners (like me): Recently, I found a problem when reading the paper. Sometimes the core
idea of the paper is very simple, and the core code may be just a dozen lines. However, when I open the
source code of the author’s release, I find that the proposed module is embedded in the task framework
such as classification, detection, and segmentation, resulting in redundant code. For me who is not
familiar with the specific task framework, it is difficult to find the core code, resulting in some difficulties
in understanding the paper and network ideas.

For advanced (like you): If the basic units conv, FC, and RNN are regarded as small Lego blocks, and
the structures transformer and RESNET are regarded as LEGO castles that have been built. The modules
provided by this project are LEGO components with complete semantic information. Let scientific
researchers avoid repeatedly building wheels, just think about how to use these "LEGO components" to
build more colorful works.

For proficient (maybe like you): Limited capacity, do not like light spraying!!!

For All: This project aims to realize a code base that can make beginners of deep learning understand
and serve scientific research and industrial communities. As fightingcv WeChat official account. The
purpose of this project is to achieve Let there be no hard-to-read papers in the world. (at the same
time, we also welcome all scientific researchers to sort out the core code of their work into this project,
promote the development of the scientific research community, and indicate the author of the code in
readme)

Golden Code Segment:

from model.attention. ViP import WeightedPermuteMLP
import torch

from torch import nn

from torch.nn import functional as F

Instruction:

I’m planning to utilize the fighting-cv model to complete the attention layers for ViP Attention Usage.
Could you provide me with some guidance on accomplishing this task?

Instruction:

package_1: ViP
sub_package: WeightedPermuteMLP
package_2: torch

Ground Truth Output:

from model.attention. ViP import WeightedPermuteMLP
import torch

from torch import nn

from torch.nn import functional as F
input=torch.randn(64,8,8,512)

seg_dim==8

vip=WeightedPermuteMLP(512,seg_dim)
out=vip(input)

print(out.shape)

Table 19: Example of input-output for External-Attention-pytorch GitHub on attention layer task on Attention
Usage domain. The ReadMe URL is https://github.com/xmu-xiaoma666/External-Attention-pytorch/b
lob/master/README_EN.md. The GitHub URL is https://github.com/xmu-xiaoma666/External-Attenti
on-pytorch.
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Read Me:

BERT

New March 11th, 2020: Smaller BERT Models

This is a release of 24 smaller BERT models (English only, uncased, trained with WordPiece masking)
referenced in Well-Read Students Learn Better: On the Importance of Pre-training Compact Models.

Golden Code Segment:

This demo code only pre-trains for a smallnumber of steps (20), but in practice you will probably want
to set ‘num_train_steps‘ to 10000 steps or more. The ‘max_seq_length‘ and ‘max_predictions_per_seq*
parameters passed to ‘run_pretraining.py‘ must be the same as ‘create_pretraining_data.py ‘.

python run_pretraining.py
--input_file=/tmp/tf_examples.tfrecord
--output_dir=/tmp/pretraining_output
--do_train=True
--do_eval=True
--bert_config_file=$BERT_BASE_DIR/bert_config.json
--init_checkpoint=$BERT_BASE_DIR/bert_model.ckpt

Instruction:

Behold, a formidable quest awaits - the pre-training of the unparalleled uncased_L-24_H-1024_A-16
model. Our path to victory lies in configuring the maximum sequence length to a mighty 512, with a
pledge to uphold the limit of 30 predictions per sequence. Battling through the treacherous terrain of
10000 steps, we shall march forward, with a stalwart battalion of 32 batch size by our side. But fear not,
for we shall brace ourselves with 10000 warmup steps, as we navigate the perilous sea of learning, with
a steadfast learning rate of 0.0001. I humbly beseech your assistance, noble comrade, to conjure the
code necessary to conquer this heroic endeavor.

Arguments Requirements:

model: ./model/uncased_L-12_H-768_A-16
train_batch_size: 32

max_seq_length: 512

num_train_steps: 10000
num_warmup_steps: 1000

learning_rate: 0.0001

Ground Truth Output:

python run_pretraining.py
--input_file=/tmp/tf_examples.tfrecord
--output_dir=/tmp/pretraining_output
--do_train=True
--do_eval=True
--bert_config_file=./model/uncased_L.-24_H-1024_A-16/bert_config.json
--init_checkpoint=./model/uncased_L-24_H-1024_A-16/bert_model.ckpt
—--train_batch_size=32
--max_seq_length=512

Table 20: Example of input-output for bert GitHub on pre-training task on BERT domain. The ReadMe
URL is https://github.com/google-research/bert/blob/master/README.md. The GitHub URL is
https://github.com/google-research/bert.
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Read Me:

1. DGL Implementation of CorrectAndSmooth

This DGL example implements the GNN model proposed in the paper Combining Label Propagation
and Simple Models Out-performs Graph Neural Networks. For the original implementation, see here.
Contributor: xnuohz

2. Requirements

The codebase is implemented in Python 3.7. For version requirement of packages, see below.
dgl 0.6.0.postl

torch 1.7.0

ogb 1.3.0

Golden Code Segment:

3.1 ogbn-arxiv
Plain MLP + C&S

python main.py
—dropout 0.5

python main.py
--pretrain
--correction-adj DA
--smoothing-adj AD
--autoscale

Instruction:

Together, we shall embark on a noble mission to train the illustrious CorrectAndSmooth Model, fortified
with a sublime dropout rate of 0.7. Our arduous journey spans 700 epochs, each pulsating with the
promise of enlightenment. Alas, I beseech your sage guidance in the ethereal realm of code crafting, to
manifest this grand undertaking.

Arguments Requirements:

dataset: ogbn-arxiv
model: mlp
dropout: 0.7
epochs: 700

Ground Truth Output:

python main.py
--dataset ogbn-arxiv
--model mlp
--dropout 0.7
--epochs 700

Table 21: Example of input-output for DGL GitHub on DGL Implementation of CorrectAndSmooth task on
GNN domain. The ReadMe URL is https://github.com/dmlc/dgl/blob/master/examples/pytorch/corre
ct_and_smooth/README . md. The GitHub URL is https://github.com/dmlc/dgl.
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Read Me:

Evolutionary Scale Modeling
atlas

Update April 2023: Code for the two simultaneous preprints on protein design is now released!
Code for "Language models generalize beyond natural proteins” is under examples/lm-design/. Code
for "A high-level programming language for generative protein design" is under examples/protein-
programming-language

This repository contains code and pre-trained weights for Transformer protein language models from the
Meta Fundamental Al Research Protein Team (FAIR), including our state-of-the-art ESM and ESMFold,
as well as MSA Transformer, ESM-1v for predicting variant effects and ESM-IF1 for inverse folding.

Golden Code Segment:

The following commands allow the extraction of the final-layer embedding for a FASTA file from the
ESM-2 model:
esm-extract esm2_t33_650M_URS0D examples/data/some_proteins.fasta
examples/data/some_proteins_emb_esm?2

--repr_layers 0 32 33

--include

python scripts/extract.py esm2_t33_650M_URS50D examples/data/some_proteins.fasta
examples/data/some_proteins_emb_esm?2

--repr_layers 0 32 33

--include mean per_tok

--A cuda device is optional and will be auto-detected.

Instruction:

Can you assist me in writing the code to extract the 24-layer embedding for a FASTA file named
rna.fasta using the esm1v_t33_650M_UR90S_5 model and save the output?

Arguments Requirements:

model: esmlv_t33_650M_UR90S_5
data: rna.fasta

layer_number: 24

layer_name: repr_layers

Ground Truth Output:

python scripts/extract.py esm1v_t33_650M_UR90S_5 rna.fasta output.embeddings
--repr_layers 24
--include mean per_tok

Table 22: Example of input-output for ESM GitHub on Extract ESMFold Structure Prediction Model’s
Embedding task on molecular domain. The ReadMe URL is https://github.com/facebookresearch/esm/bl
ob/master/README.md. The GitHub URL is https://github.com/facebookresearch/esm.
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Read Me:

Official PyTorch implementation of Grounding DINO), a stronger open-set object detector. Code is
available now!

Highlight

- Open-Set Detection. Detect everything with language!

- High Performancce. COCO zero-shot 52.5 AP (training without COCO data!). COCO fine-tune 63.0
AP.

- Flexible. Collaboration with Stable Diffusion for Image Editing.

Golden Code Segment:

Demo
python demo/inference_on_a_image.py
-c /path/to/config
-p /path/to/checkpoint
-1 .asset/cats.png
-o outputs/0
-t cat ear. [--cpu-only] # open it for cpu mode
See the demo/inference_on_a_image.py for more details.

Instruction:

I am interested in utilizing the grounding dino demo for a specific task. The input image path is
ground_segment/GD_new.json, and I would like the output to be saved in the directory output/cat2002.
Additionally, I would like the text condition to be set to right ear of cat. Could you kindly assist me in
writing the script to achieve this?

Arguments Requirements:

1: .asset/cat.jpg
o: output/cat2002
t: right ear of cat

Ground Truth Output:

python demo/inference_on_a_image.py
-¢ model/GroundingDINO_SwinT_OGC.py
-p model/groundingdino_swint_ogc.pth
-1 .asset/cat.jpg
-0 output/cat2002
-t right ear of cat

Table 23: Example of input-output for Grounded-Segment-Anything GitHub on Grounding DINO demo task on
Segment domain. The ReadMe URL is https://github.com/IDEA-Research/Grounded-Segment-Anything/
blob/main/GroundingDINO/README.md. The GitHub URL is https://github.com/IDEA-Research/Ground
ed-Segment-Anything.
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Read Me:

We introduce DeepFloyd IF, a novel state-of-the-art open-source text-to-image model with a high degree
of photorealism and language understanding. DeepFloyd IF is a modular composed of a frozen text
encoder and three cascaded pixel diffusion modules: a base model that generates 64x64 px image
based on text prompt and two super-resolution models, each designed to generate images of increasing
resolution: 256x256 px and 1024x1024 px. All stages of the model utilize a frozen text encoder based
on the TS5 transformer to extract text embeddings, which are then fed into a UNet architecture enhanced
with cross-attention and attention pooling. The result is a highly efficient model that outperforms
current state-of-the-art models, achieving a zero-shot FID score of 6.66 on the COCO dataset. Our work
underscores the potential of larger UNet architectures in the first stage of cascaded diffusion models and
depicts a promising future for text-to-image synthesis.

Golden Code Segment:

I1. Zero-shot Image-to-Image Translation
In Style Transfer mode, the output of your prompt comes out at the style of the support_pil_img
from deepfloyd_if.pipelines import style_transfer

result = style_transfer(
t5 =t5, if I=if_L if I =if_II,

Instruction:

Time to create a visual masterpiece! I am excited to recreate *image’.jpg into a fascinating rendition of
the ink wash style. I am planning to utilize the capabilities of the IF-I-XL-v1.0 model for this endeavor.
Can you assist me in crafting the necessary code?

Arguments Requirements:

model: IF-I-XL-v1.0
argumentl: image.jpg
argument2: wash

Ground Truth Output:

from deepfloyd_if.modules import IFStagel, IFStagell, StableStagelll
from deepfloyd_if.modules.t5 import TSEmbedder

device = ’cuda:1’

if_I = IFStagel(IF-1-XL-v1.0’, device=device)

if _II = IFStagelICIF-1I-L-v1.0’, device=device)

if_III = StableStagelll(’stable-diffusion-x4-upscaler’, device=device)
t5 = TSEmbedder(device="cpu’)

style_prompt = a captivating ink wash style
image_path = image.jpg

Table 24: Example of input-output for IF GitHub on Zero-shot Image-to-Image Translation task on Image and
Text domain. The ReadMe URL is https://github.com/deep-floyd/IF/blob/develop/README.md. The
GitHub URL is https://github.com/deep-floyd/if.
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Read Me:

Lavis

Lavis - A Library for Language-Vision Intelligence

What’s New:

A simple, yet effective, cross-modality framework built atop frozen LLMs that allows the integration of
various modalities (image, video, audio, 3D) without extensive modality-specific customization.
Technical Report and Citing LAVIS:

Golden Code Segment:

how to use models in LAVIS to perform inference on example data. We first load a sample image from
local.

import torch

from PIL import Image

# setup device to use

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

# load sample image

raw_image = Image.open(merlion.png).convert(RGB)

This example image shows Merlion park (source), a landmark in Singapore.
# Image Captioning

In this example, we use the BLIP model to generate a caption for the image.

Instruction:

There is a task in front of me currently, which is the Image Captioning task. I ask for your kind help in
moving forward with this task.

Arguments Requirements:

image: image.jpg

Ground Truth Output:

import torch

from PIL import Image

from lavis.models import load_model_and_preprocess

device = torch.device(’cuda:1’ if torch.cuda.is_available() else cpu’)

model, vis_processors, _ = load_model_and_preprocess(name="blip_caption’,
model_type="base_coco’, is_eval=True, device=device)

raw_image = Image.open(’image.jpg’).convert('RGB”)

preprocessed_image = vis_processors[’eval’[(raw_image).unsqueeze(0).to(device)
output = model.generate({ image’: preprocessed_image})

caption = output[’captions’][0][ text’]

print(caption)

Table 25: Example of input-output for Lavis GitHub on Image Captioning task on Multimodal Image and Text
domain. The ReadMe URL is https://github.com/salesforce/LAVIS/blob/main/README.md. The GitHub
URL is https://github.com/salesforce/lavis.
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Read Me:

Learning3D: A Modern Library for Deep Learning on 3D Point Clouds Data.

Learning3D is an open-source library that supports the development of deep learning algorithms that
deal with 3D data. The Learning3D exposes a set of state of art deep neural networks in python. A
modular code has been provided for further development. We welcome contributions from the open-
source community.

Available Computer Vision Algorithms in Learning3D

Golden Code Segment:

examples/test_dcp.py Learning3D is an open-source library that supports the development of deep
learning algorithms that deal with 3D data. The Learning3D exposes a set of state of art deep neural
networks in python
python test_dcp.py

--num_points 128

--j 12

--symfn max

Instruction:

I am interested in conducting a test using the decp model. Specifically, I would like to set the parameters
as follows: the test mode should be selected, the model should be set to dcp, the number of points
should be 512, the number of data loading workers should be -j 8, and the symmetric function should be
set to —symfn max. Could you please assist me in writing the code or script necessary to carry out this
test?

Arguments Requirements:

number of points: 512
number of data loading workers: 8
symmetric function: max

Ground Truth Output:

python test_dcp.py
--num_points 512
__j 8
--symfn max

Table 26: Example of input-output for Learning3D GitHub on Test dcp model task on 3D domain. The ReadMe
URL is https://github.com/vinits5/learning3d/blob/master/README.md. The GitHub URL is
https://github.com/vinits5/learning3d.
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Read Me:

MusicBERT

Basics

All models accept two parameters: a) the input the channels (in_channels), and b) the segmentation
classes (classes) and produce un-normalized outputs

All losses accept as input the prediction in 5D shape of [batch,classes,dim_1,dim_2,dim_3] and the
target in 4D target shape of [batch, dim_1, dim_2, dim_3]. It is converted to one-hot inside the loss
function for consistency reasons.

Furthermore the normalization of the predictions is handled here. Dice-based losses return the scalar
loss for backward(), and the prediction per channels in numpy to track training progress.

Golden Code Segment:

Usage

How to train your model

For Iseg-2017 :

python ./examples/train_iseg2017_new.py
--args

For MR brains 2018 (4 classes)

python .Jexamples/train_mrbrains_4_classes.py
--args

For MR brains 2018 (8 classes)

python ./examples/train_mrbrains_9_classes.py
--args

For MICCALI 2019 Gleason Challenge

python ./examples/test_miccai_2019.py
--args

The arguments that you can modify are extensively listed in the manual.

Instruction:

I’'m seeking assistance in writing a piece of code that can successfully train a model for the 'Iseg 2017
Task’. The model in question is 'RESNET3DVAE’ and I require the learning rate to be set to *1e-3". It
is also crucial that the training samples are set to *10’. Lastly, use ’sgd’ as the optimizer. Could you
kindly help out in creating this algorithm?

Arguments Requirements:

Ir: 1e-3

samples_train: 10
model: RESNET3DVAE
soptimizer: sg

Ground Truth Output:

python ./examples/train_iseg2017_new.py
--Ir 1e-3
--samples_train 10
--model RESNET3DVAE
--opt sgd

Table 27: Example of input-output for MedicalZoo GitHub on Iseg-2017 task on Medical domain. The ReadMe
URL is https://github.com/black0@17/MedicalZooPytorch/blob/master/manual/README.md. The
GitHub URL is https://github.com/black@@17/MedicalZooPytorch.
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Read Me:

MusicBERT

MusicBERT: Symbolic Music Understanding with Large-Scale Pre-Training, by Mingliang Zeng,
Xu Tan, Rui Wang, Zeqian Ju, Tao Qin, Tie-Yan Liu, ACL 2021, is a large-scale pre-trained model
for symbolic music understanding. It has several mechanisms including OctupleMIDI encoding and
bar-level masking strategy that are specifically designed for symbolic music data, and achieves state-of-
the-art accuracy on several music understanding tasks, including melody completion, accompaniment
suggestion, genre classification, and style classification.

Projects using MusicBERT:

midiformers: a customized MIDI music remixing tool with easy interface for users.

1. Preparing datasets

1.1 Pre-training datasets

Prepare

tar -xzvf Imd_full.tar.gz

zip -r Imd_full.zip Imd_full

Run the dataset processing script. (‘preprocess.py*)

python -u preprocess.py

The script should prompt you to input the path of the midi zip and the path for OctupleMIDI output.

Golden Code Segment:

Pre-training bash train_mask.sh Imd_full small Download our pre-trained checkpoints here: small
and base, and save in the checkpoints folder. (a newer version of fairseq is needed for using provided
checkpoints: see issue-37 or issue-45)

Instruction:

I am interested in conducting a test using the dcp model. Specifically, I would like to set the parameters
as follows: the test mode should be selected, the model should be set to dcp, the number of points
should be 512, the number of data loading workers should be -j 8, and the symmetric function should be
set to —symfn max. Could you please assist me in writing the code or script necessary to carry out this
test?

Arguments Requirements:

bash: train_mask.sh
dataset: Imd_full
checkpoint: small

Ground Truth Output:

bash train_mask.sh Imd_full small

Table 28: Example of input-output for Muzic GitHub on Pre-training model task on Music domain. The ReadMe
URL is https://github.com/microsoft/muzic/blob/main/musicbert/README.md. The GitHub URL is
https://github.com/microsoft/muzic.
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Read Me:

OpenCLIP

Welcome to an open source implementation of OpenAl’s CLIP(Contrastive Language-Image Pre-
training).

Using this codebase, we have trained several models on a variety of data sources and compute budgets,
ranging from small-scale experiments to larger runs including models trained on datasets such as
LAION-400M, LAION-2B and DataComp-1B.

Many of our models and their scaling properties are studied in detail in the paper reproducible scaling
laws for contrastive language-image learning.

Some of our best models and their zero-shot ImageNet-1k accuracy are shown below, along with the
ViT-L model trained by OpenAl. We provide more details about our full collection of pretrained models
here, and zero-shot results for 38 datasets here.

midiformers: a customized MIDI music remixing tool with easy interface for users.

Golden Code Segment:

Pre-training bash train_mask.sh Imd_full small Download our pre-trained checkpoints here: small
and base, and save in the checkpoints folder. (a newer version of fairseq is needed for using provided
checkpoints: see issue-37 or issue-45)

Instruction:

I’m hoping you could assist me with a task. I need to sort a collection of images located at the directory
’. /image’. For this purpose, I'll be using the *ViT-B-32’ model along with the pretraining model
’commonpool_s_laion_s13m_b4k’. Would you be able to provide instructions or steps on how to
accomplish this task?

Arguments Requirements:

model: ViT-B-32
pretraining_model: commonpool_s_laion_s13m_b4k
path: ./image

Ground Truth Output:

import os

import numpy as np

import torch

import open_clip

open_clip.list_pretrained()

model, _, preprocess =

open_clip.create_model_and_transforms(’ ViT-B-32’, pretrained="commonpool_s_laion_s13m_b4k’)
model.eval()

context_length = model.context_length

vocab_size = model.vocab_size

Table 29: Example of input-output for OpenCLIP GitHub on Image classification task on Image and Text domain.
The ReadMe URL is https://github.com/mlfoundations/open_clip/blob/main/README.md. The GitHub
URL is https://github.com/mlfoundations/open_clip.
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Read Me:

MusicBERT
Collection of PyTorch implementations of Generative Adversarial Network varieties presented in
research papers. Model architectures will not always mirror the ones proposed in the papers, but I have
chosen to focus on getting the core ideas covered instead of getting every layer configuration right.
Contributions and suggestions of GANSs to implement are very welcomed.
Table of Contents:

Installation

Implementations

Auxiliary Classifier GAN

Adversarial Autoencoder

Golden Code Segment:

Energy-Based GAN

Among them, we show one instantiation of EBGAN framework as using an auto-encoder architecture,
with the energy being the reconstruction error, in place of the discriminator. We show that this form
of EBGAN exhibits more stable behavior than regular GANs during training. We also show that a
single-scale architecture can be trained to generate high-resolution images.

Run Example

$ cd implementations/ebgan/

$ python3 ebgan.py

Instruction:

I have a task to work with the Energy-Based GAN model. The learning rate for this task needs to be set
at 0.0001, the number of training epochs should be defined as 100, and the batch size should be fixed at
16. Furthermore, I want the image size to be set at 128. Can you please assist me in framing the script
to facilitate this?

Arguments Requirements:

Ir: 0.0001

n_epochs: 100
batch_size: 16
img_size: 128
model: ebgan

Ground Truth Output:

python3 ebgan.py
--Ir 0.0001
--n_epochs 100
--batch_size 16
--mg_size 128

Table 30: Example of input-output for pyGAN GitHub on Energy-Based GAN task on images-many-GANs
domain. The ReadMe URL is https://github.com/eriklindernoren/PyTorch-GAN/blob/master/README.
md. The GitHub URL is https://github.com/eriklindernoren/PyTorch-GAN.
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Read Me:

PyTorch Image Models
What’s new

Introduction

PyTorch Image Models (timm) is a collection of image models, layers, utilities, optimizers, schedulers,
data-loaders / augmentations, and reference training / validation scripts that aim to pull together a wide
variety of SOTA models with ability to reproduce ImageNet training results.

Golden Code Segment:

Existing method of changing patch_size (resize pretrained patch_embed weights once) on creation still
works.
Example validation cmd
python validate.py /imagenet
--model vit_base_patch16_224
--amp
-—amp-dtype bfloat16
--img-size 255
--crop-pct 1.0
--model-kwargs dynamic_img_size=True dyamic_img_pad=True

Instruction:

I am interested in performing the task of resizing the image or window. For this purpose, I would like
to utilize the model vit_base_patch16_224. Additionally, it would be helpful to set the amp-dtype to
bfloat16. Moreover, I would like to specify the image size as 255 and the crop percentage as 1.0. To
ensure flexibility, I would like to enable dynamic image size and dynamic image padding. Could you
kindly assist me in creating the code or script to accomplish this objective?

Arguments Requirements:

model: vit_base_patch16_224
amp-dtype: bfloat16
img-size: 255

crop-pct: 1.0
dynamic_img_size: True
dyamic_img_pad: True

Ground Truth Output:

python validate.py /imagenet
--model vit_base_patch16_224
--amp
-—amp-dtype bfloat16
--img-size 255
--crop-pct 1.0
--model-kwargs dynamic_img_size=True

Table 31: Example of input-output for PyIM GitHub on PyIM Implementation of Resize The Image/Window
task on Image domain. The ReadMe URL is https://github.com/huggingface/pytorch-image-models/bl
ob/main/README.md. The GitHub URL is https://github.com/huggingface/pytorch-image-models.
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Read Me:

Stable Diffusion Version 2

This repository contains Stable Diffusion models trained from scratch and will be continuously updated
with new checkpoints. The following list provides an overview of all currently available models. More
coming soon.

Requirements
You can update an existing latent diffusion environment by running.

Golden Code Segment:

We provide the configs for the SD2-v (768px) and SD2-base (512px) model. First, download the
weights for SD2.1-v and SD2.1-base. To sample from the SD2.1-v model, run the following:
python scripts/txt2img.py
--prompt "a professional photograph of an astronaut riding a horse"
--ckpt <path/to/768model.ckpt\>
--config configs/stable-diffusion/v2-inference-v.yaml
--H 768
--W 768
or try out the Web Demo: Hugging Face Spaces.

Instruction:

For the task of generating an image from text, I need your assistance in writing the code. We’ll be using
the scripts/txt2img.py script along with the SD2.1-v model. Ensure that the model checkpoint file is
located at ...... As we want to generate a high-quality image, set the number of sampling steps to 20. The
prompt to generate the image is "a professional photograph of an astronaut riding a horse" and we only
need one iteration of the generation process. Can you help me write the code to accomplish this task?

Arguments Requirements:

repeat: 1

config: "configs/stable-diffusion/v2-inference-v.yaml"

ckpt: "ckpt/SD2_1_v_model.ckpt"

prompt: "a professional photograph of an astronaut riding a horse"
precision: full

steps: 20

seed: 2048

Ground Truth Output:

python scripts/txt2img.py
-—-prompt "a professional photograph of an astronaut riding a horse"
--ckpt ckpt/SD2_1_v_model.ckpt
--config configs/stable-diffusion/v2-inference-v.yaml
--H 768
--W 768
--seed 2048
-—precision full
--steps 20
--repeat 1

Table 32: Example of input-output for SD GitHub on SD Implementation of Text-to-Image task on Stable
Diffusion domain. The ReadMe URL is https://github.com/Stability-AI/stablediffusion/blob/main/
README . md. The GitHub URL is https://github.com/Stability-AI/stablediffusion.
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Read Me:
Text Classification
The purpose of this repository is to explore text classification methods in NLP with deep learning.

Usage:
1.model is in xxx_model.py
2.run python xxx_train.py to train the model

Golden Code Segment:
it learn represenation of each word in the sentence or document with left side context and right side
context:
representation current word=[left_side_context_vector,current_word_embedding,right_side_context_vecotor].
for left side context, it use a recurrent structure, a no-linearity transfrom of previous word and left side
previous context; similarly to right side context.check: p71_TextRCNN_model.py
Instruction:
I am looking to utilize the TextRCNN model for a particular task. In the course of executing this task, I
would like to fix the learning rate at 0.00001, the number of training epochs at 300, and set my batch
size to 16. Are you in a position to assist me in creating the appropriate coding syntax for this purpose?
Arguments Requirements:
model: TextRCNN
learning_rate: 0.00001
num_epochs: 300
batch_size: 16
Ground Truth Output:
python3 a04_TextRCNN/p71_TextRCNN_train.py

--num_epochs 300

--batch_size 16

-=Ir 0.00001

Table 33: Example of input-output for TC GitHub on TC Implementation of TextRCNN task on texts domain.
The ReadMe URL is https://github.com/brightmart/text_classification/blob/master/README.md.
The GitHub URL is https://github.com/brightmart/text_classification.
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Read Me:

Tensor2Tensor
Tensor2Tensor, or T2T for short, is a library of deep learning models and datasets designed to make
deep learning more accessible and accelerate ML research.

Quick Start

This iPython notebook explains T2T and runs in your browser using a free VM from Google, no
installation needed. Alternatively, here is a one-command version that installs T2T, downloads MNIST,
trains a model and evaluates it:

Golden Code Segment:

Test the quick-start on a Workspace’s Terminal with this command
t2t-trainer —generate_data

--data_dir=./t2t_data

--output_dir=./t2t_train/mnist

--problem=image_mnist

--model=shake_shake

--hparams_set=shake_shake_quick

--train_steps=1000

--eval_steps=100
Note: Ensure compliance with the FloydHub Terms of Service.

Instruction:

I’d like assistance in trying to make sense of mathematical language. Any help you can give would be
highly appreciated, in comprehending the intricate nature of mathematical terminologies and symbols.

Ground Truth Output:

t2t-trainer —generate_data
--data_dir=/t2t_data
--output_dir= /t2t_train/mathematical_language
--problem=algorithmic_math_two_variables
--model=transformer
--hparams_set=transformer_tiny
--train_steps=1000
--eval_steps=100

Table 34: Example of input-output for tensor2 GitHub on tensor2 Implementation of Mathematical Language
Understanding task on Text domain. The ReadMe URL is https://github.com/tensorflow/tensor2tensor/
blob/master/README.md. The GitHub URL is https://github.com/tensorflow/tensor2tensor.
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Read Me:

Time Series Library (TSlib)

TSlib is an open-source library for deep learning researchers, especially for deep time series analysis.
We provide a neat code base to evaluate advanced deep time series models or develop your model,
which covers five mainstream tasks: long- and short-term forecasting, imputation, anomaly detection,
and classification.

Usage
1.Install Python 3.8. For convenience, execute the following command.
pip install -r requirements.txt

Golden Code Segment:

Train and evaluate model. We provide the experiment scripts for all benchmarks under the folder
Jscripts/. You can reproduce the experiment results as the following examples:

long-term forecast

bash ./scripts/long_term_forecast/ETT_script/TimesNet_ETTh1.sh

short-term forecast

bash ./scripts/short_term_forecast/TimesNet_M4.sh

Instruction:

I’m aiming to conduct a performance evaluation of my FEDformer model which is designated for a
classification task. I would like to utilize subset: FaceDetection of the UEA benchmark dataset for this
evaluation. The patience parameter needs to be set to 10, with the train epochs set to 16, and batch size
adjusted to 100. Could you kindly provide me the code necessary to accomplish this?

Arguments Requirements:

task_name: classification
model: FEDformer

data: UEA

model_id: FaceDetection
patience: 10

batch_size: 16
train_epochs: 100

Ground Truth Output:

python -u run.py
--task_name classification
--model FEDformer
--data UEA
--e_layers 3
--batch_size 16
--d_model 128
--d_ff 256
--top_k 3
--train_epochs 100
--patience 10

Table 35: Example of input-output for tsl GitHub on tsl Implementation of classification task on Time-series
domain. The ReadMe URL is https://github.com/thuml/Time-Series-Library/blob/main/README.md.
The GitHub URL is https://github.com/thuml/Time-Series-Library.
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Read Me:

vid2vid

Pytorch implementation for high-resolution (e.g., 2048x1024) photorealistic video-to-video translation.
It can be used for turning semantic label maps into photo-realistic videos, synthesizing people talking
from edge maps, or generating human motions from poses. The core of video-to-video translation is
image-to-image translation. Some of our work in that space can be found in pix2pixHD and SPADE.

Getting Started

Golden Code Segment:

To test the model (bash ./scripts/face/test_512.sh): #!./scripts/face/test_512.sh
python test.py

--name edge2face_512

--dataroot datasets/face/

--dataset_mode face

--input_nc 15

--loadSize 512

--use_single_G
The test results will be saved in: ./results/edge2face_512/test_latest/.

Instruction:

We have the task of training the edge2face model on a face dataset. Let’s set the resolution size this
time to 256. Can you provide assistance in drafting the applicable coding structure?

Arguments Requirements:

model: edge2face
dataset: face
resolusion size: 256
argument: gl

Ground Truth Output:

python train.py
--name edge2face_256_gl
--dataroot datasets/face/
--dataset_mode face
--input_nc 15
--loadSize 256
--ngf 64
--max_frames_per_gpu 6
--n_frames_total 12
—-niter 20
--niter_decay 20

Table 36: Example of input-output for vid2vid GitHub on vid2vid Implementation of Edge to Face Training
task on Videos domain. The ReadMe URL is https://github.com/NVIDIA/vid2vid/blob/master/README . md.
The GitHub URL is https://github.com/NVIDIA/vid2vid.
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