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ARTICLE INFO ABSTRACT
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to transform common English phrases into usable Bash commands. When the user enters
Bash Command Generation, English phrases, this tool accepts the input and then applies two methods FAISS and T5
Hybrid Retrieval Generation, model. Initially FAISS compares the current input with the previous existing examples that
T5, closely fit with what the user requests for. If the query does not match with the FAISS
comparison it then moves to TS5 model that builds existing linux commands. Together, the
presented tool produces a solid linux command what the user expects. The system is tested
with around 200 thousand of real world linux command examples and tested with 2,352
english phrases to check the performance and the system produced 91% exact match
accuracy compared with existing FAISS and T5 models individually. The CommandIQ tool
produced a better accuracy overcoming the existing models in structure way. Overall, it
makes tasks easier, quicker, more intuitive - even for new users to perform tasks using
terminal.
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I. INTRODUCTION

The command line requires exact syntax and even experienced developers make mistakes. Remembering exact syntax for tasks
like compressing, verifying files, shifting directories, or chaining tasks which requires Googling the same thing over and over and
checking technical documentation, forums, and related communities. Missing one letter in the command causes unexpected bugs, crashes
or system failures. A more efficient approach is to translate natural language instructions into Linux commands automatically. For
example, user could type a simple English phrase to compress directory such as “compress this directory into a zip” and instantly receives
the correct command. Models such as transformers converts the English words into commands during translation but produce incorrectly
formatted output. On other hand, search based tools provides accurate commands fast from memory but fails when faced with new or
uncommon inputs. To overcome these problems, we propose CommandIQ, a hybrid tool that combines strengths of two methods. When
questions are feel familiar, FAISS retrieves commands based on the meaning of the question rather than exact wording. If the user purpose
isn't clear then fine-tuned TS5 model interpret it and generate an appropriate command. The system maintains adaptability and this approach
improves the accuracy while reducing errors during command generation and execution. The system is designed by the three key concepts.
First, the hybrid method allows the system to balance the retrieval and generation of commands. Second, several datasets are collected
from different sources. After that the dataset was cleaned and validated to support training and testing processes. The system achieves
91.0% exact match accuracy, outperforming the other methods without any difficulty on new or unknown inputs. The system is
lightweight and integrate easily into daily use and helping new users and professionals gets fast commands without internet.
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The rest of this paper is as follows: Section II discusses about related work and previously existing solutions. Then Section III
explains how the system works, implementation details and overall architecture of the system. Section IV describes the steps for FAISS
lookup and T5 model generation of the commands. After that, Section V shows outcomes of the systems like training results against
validation, speed, accuracy. Finally, Section VI concludes by presenting where things could go from here.

II. EXISTING SYSTEM

Previous researches are exposed with natural language to command line systems where it focuses on recurrent neural
architectures. Systems like Tellina [1] showed that GRU-based models could understand the meaning behind the user instructions, but
often resulted in incorrect commands. Similarly, there are several limitations were noticed in NL2Bash [2]; the difference between natural
phrasing and exact structure of the command made consistent mapping hard to achieve.The introduction of transformer architectures thus
shifted the research towards more sequence-to-sequence that is robust modelling. The T5 framework [3] brought about a unified approach
in text-to-text generation that improved the generalization of NLP tasks. Building on this work, Fu et al. developed an updated NL2CMD
workflow [4] and a Bash Translation model using transformers [5]; both had significant improvements in accuracy over previously
developed RNN methods. Very recent studies demonstrate large language models can further improve command prediction, as in the
LLM-supported translation work of [6], [7]. Parallel efforts explored the broader landscape of natural language command interaction.
Initial efforts such as the Linux Shell Interface report [8] and the NLCI interpreter [9] set basic concepts for interpreting commands, and
adaptive interface research [10] investigated how systems can learn to adapt to user behaviour. Other related tasks were addressed,
including the work by Bash Explainer [11], which concentrated on generating explanations for shell scripts, and execution-based
evaluation methods [12], which developed pragmatic testing for command reliability.Retrieval-augmented methods have also become
influential. The similarity search using FAISS [13], [14] allows for quick retrieval of semantically related commands, and hybrid retrieval-
generation models [ 15] demonstrate how the integration of retrieval with transformers generally stabilizes the quality of the output. These
are in line with modern transformer toolkits such as Hugging Face Transformers [16] and Sentence-Transformers [17], which form the
basis of embedding and model deployment in state-of-the-art systems. In all, prior work indicates a chronological evolution-from early
rule-driven and recurrent models to transformer-based and retrieval-enhanced approaches-each contributing toward safer, more accurate
natural-language-to-command translation.

III. PROPOSED SYSTEM AND ARCHITECTURE

The proposed system, called CommandIQ, is designed to translate natural language queries into Bash commands using a hybrid
approach that combines both retrieval and generation methods. The main goal of the system is to make it easier for users to interact with
Linux by simply typing what they want in plain English and getting the correct command as output. For example, a user might type “Show
all hidden files in the current directory”. The system processes this text and generates a semantic embedding using a Sentence
Transformer model. These embeddings are then compared with thousands of precomputed command embeddings stored in a FAISS
index, allowing the system to quickly retrieve the most relevant command candidates. When a user types a query, the system first converts
it into a vector representation using the all-mpnet-base-v2 model. This helps the system understand the meaning of the sentence. The
converted query is then processed in two different ways at the same time. In the first path, it is matched with a large FAISS index that
contains more than 200,000 prestored command examples. This allows the system to quickly find commands that are semantically similar
to what the user is asking for. In the second path, the same query is given to a fine-tuned T5-base model, which can generate new
commands when no close match is found in the index. After both models provide their results, a decision logic is used to choose the final
output. If the command retrieved by FAISS is highly similar to what the TS model predicts, the system selects the FAISS command since
it is usually more precise. Otherwise, the output from the T5 model is used, especially when the query is new or phrased differently. Once
the final command is chosen, it is cleaned up using regular expressions and shown to the user, with an option to run it directly in the
terminal. The complete workflow of the proposed system is illustrated in Figure 1, showing the step-by-step process from user input to
command generation and execution.
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Figure 1: Overall workflow of the CommandIQ system.
Source: Authors, (2026).
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I11.1 THE PARALLEL PREDICTION STRATEGY

The system begins when a user enters a Natural Language (NL) query, such as 'check disk usage'. This immediately undergoes
Input Normalization & Cleaning to standardize text, remove superfluous characters, and prepare the query for embedding. Furthermore,
the system initiates two predictive paths in parallel to maximize the speed and reliability:

1. FAISS Retrieval Path: The cleaned query is vectorized using a Sentence Transformer model and this embedding is used to perform a
nearest-neighbour search against the large vector index.

2. FAISS Vector Index: This is the curated dataset of 200,685 validated commands. This path is optimized for speed and high structural
correctness, returning the Top-k candidates with their confidence scores

3. TS5 Generative Path: The raw text, meanwhile, enters the locally loaded TS5 Model. TS5 deploys its fine-tuned sequence-to-sequence
knowledge to Generate a likely command string. The route is crucial for generalization, where the system needs to handle novel
queries that are unseen in the index of FAISS.

I11.2 HYBRID FUSION LOGIC (THE CORE INNOVATION)

The outputs of both parallel tracks are combined in the Candidate Aggregation & Voting step. It is here that the system has to
decide which command to focus on. The decision is controlled by the Hybrid Fusion Logic, which works based on heuristics extracted
from our validation process (as described in Section V):

1. The system first checks if the top-ranked FAISS command (FAISS cmd) is an exact match or highly similar to the TS Generated
Command (T5 cmd).

2. Ifthe similarity is confirmed, then the system defaults to the FAISS command. This preference is crucial because the retrieval system
guarantees a pre-validated syntactically correct structure.

3. In case there is a large divergence in results from FAISS and TS, the system falls back to the T5 output, accepting the risk of a minor
syntactic error in favour of returning a semantically relevant response given a novel query.

I11.3 FINALIZATION AND EXECUTION

The final phase of the CommandIQ pipeline converts the predicted command into an executable action. This is the most critical
layer for safety and reliability in the system. Once ambiguity is resolved by the Hybrid Fusion Logic to select the definitive command
(Final cmd) from either the FAISS retrieval or T5 generation path. The selected Final Command Suggestion goes to the user interface.
The system asks for confirmation from the user in a Q: "User Prompt: RUN?" This is a critical safety step taken so that the user gets to
examine the command before it is executed. If the user confirms 'Yes', the system will securely execute the command using the Python
subprocess library, routing the system output directly back to the console. If the user confirms 'No', the session will terminate gracefully,
and the user will be able to either refine their query or execute an alternative command by hand. This last workflow ensures that here the
user is always in control, but might benefit from the speed and the intelligent predictive powers of the system.
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Figure 2: Hybrid architecture combining FAISS retrieval and T5 refinement.
Source: Authors, (2026).
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Figure 2 illustrates the model architecture representing how the FAISS retriever and T5 generator cooperate within the hybrid
framework. In this architecture, the module of FAISS is used as a high-speed retriever for narrowing down possible command candidates,
while the T5 model acts as a reasoning layer that helps to further refine and finalize the prediction to ensure the system stays both fast
and contextually accurate. The system does not wait sequentially for a TS failure; rather, as depicted in Figure 2 (Hybrid architecture
combining FAISS retrieval and TS5 refinement.) it activates the retrieval and generation paths together. This parallel prediction maximizes
speed but places a heavy burden on a robust Fusion and Reranking stage. It is at this stage that we apply heuristics derived from our
evaluation results: the system first checks the semantic proximity and structural match of the top-ranked FAISS candidate and the T5-
generated command. Relies on FAISS output when the confidence is high then we make sure that the output is correctly structured. TS
model isn’t as good as the FAISS but we keep it as a fallback which means it generates correct answers only when the FAISS index
cannot resolve with high confidence. In this way these two methods work together allows CommandIQ to achieve an perfect balance of
speed and precision, also it can handle almost any query. In other words, CommandIQ manages to balance speed and accuracy by uses
these two methods together. FAISS gives immediate answers for simple or familiar queries, while the TS5 model helps the system to
understand complex and unclear queries. This give us a reliable command translation tool that understand and works well with different
users.

IV. METHODOLOGY

This section describes the overall methodology to develop the Linux command translator. It covers dataset preparation, FAISS
indexing and retrieval, model configuration, and the CLI integration and execution interface.

IV.1 DATASET PREPARATION

Diverse datasets are collected and cleaned for training and evaluation phases. Publicly available datasets such as NL2CMD,
natural language to Linux, and bash command datasets are combined with our own data. Thess datasets includes core commands and
other entries we manually created. All datasets are cleaned and deduplicated, then divided into training and test sets. The final training
set contains 194,910 samples, while the test set consists of 2,352 samples for final evaluation to ensure reliability and consistency. The
system is a built on manually created dataset which consisting of pairs of natural language queries with their respective Linux commands.
Records in the dataset have the following format: {"nl": ".", "emd": "."}. To increase diversity, we made several different ways to ask
the same question. For example,

a. “List all files in the current directory”
b. “Show contents of the folder”
c. “Display files here” All map to the same command: Is

These variations help the model generalize to different user phrasings. The final dataset was split into training, testing, and
additional subsets. The final_train.jsonl and additional train.jsonl files were combined in order to be used in a stronger FAISS index that
improves recall accuracy. Each query was then embedded using the Sentence Transformer model all-mpnet-base-v2, which embeds
natural language into dense vector representations. These embeddings were then stored and indexed using FAISS — Facebook’s Al
Similarity Search library: to enable lightning-fast retrieval during inference. These datasets are combined and refined for better
generalization by ensuring broad command coverage. The datasets used were both publicly available and custom-curated, such as
NL2CMD, bash commands, and datasets created to increase the coverage. The datasets employed for training and evaluation are
summarized in the following Table 1:

Table 1: Dataset Summary Table.

Dataset Name Samples Description
NL2CMD Original Train 40639 Publicly available NL-to-Bash commands
NL2CMD Original Test 300 Publicly available NL-to-Bash commands
NL2CMD Cleaned Train 20616 Publicly available NL-to-Bash commands
NL2CMD Cleaned Test 300 Publicly available NL-to-Bash commands
Natural Language to Linux Command Dataset 18357 Natural language to Linux commands
Publicly Available Linux Commands 8669 Publicly available Linux commands
Bash Commands 840 Publicly available Bash commands
Core Commands 1095 Manually created core Linux commands
Additional Train 1925 Dataset created to improve model accuracy
Final Train 194910 Combined training samples
Final Test 2000 Reserved samples for final evaluation
FAISS Index Corpus 200685 Samples used for FAISS embeddings

Source: Authors, (2026).
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IV.2 FAISS INDEXING AND RETRIEVAL
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Figure 3: TS5 Model Hyperparameters.
Source: Authors, (2026).

Once the dataset has been preprocessed and cleaned, the next important step involves embedding and indexing the data with
FAISS. Each natural language command in the dataset is converted into a dense vector representation using the Sentence Transformer
model, which is allmpnet-base-v2. These embeddings capture semantic meaning such that the system is able to pick out commands that
are similar in context even if they are worded differently. Once all embeddings have been generated, they are stored in a FAISS index,
enabling fast similarity searches across thousands of records.
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Figure 4: Dataset preparation and indexing pipeline for CommandIQ.
Source: Authors, (2026).

In inference, given a natural language query by the user, the system computes its embedding and searches for the top 5 most
semantically similar commands in the FAISS index. The retrieved commands serve as candidate results and go into the T5-based
refinement model for final prediction. This hybrid technique uses FAISS for fast retrieval and TS for better understanding of the query.
Hence, this model gives the best of both speed and accuracy. It can respond in real time while maintaining high precision in command
generation.

IV.3 MODEL CONFIGURATION

The core of CommandIQ uses a hybrid FAISS—TS architecture. When a user query is received, FAISS retrieves the top-5 most
semantically similar command candidates. These are then is passed to TS5, a Text-to-Text Transfer Transformer model. for refinement.
The generative part of CommandIQ is a fine-tuned T5- base model: it is trained to map natural language queries to their corresponding
Bash commands using a sequence-to-sequence framework. Hyper-parameters include batch size, learning-rate, number of epochs,
maximum of input/maximum of output lengths were chosen based on both GPU memory constraints. and model stability. During training,
the model learns to generalize to unseen queries while preserving the structural integrity of Bash commands. The T5-base transformer
model was fine-tuned to translate natural language queries into Linux-commands. The used hyperparameters for training are Summarized
below are the test settings that were used.These settings were selected as a balance between speed of convergence and stability during
training. T5: The model follows the standard encoder—decoder structure:

a. The encoder reads the natural language query and the Candidate commands.

b. The decoder focuses on in order to generate the final command. context and syntax learned during training. This approach allows the
model to handle complex or multistep commands that FAISS alone might not be able to find the right commands.

c. The encoder—decoder framework ensures that the understanding the full meaning of the user query and proper way to write the Linux
commands. The Encoder captures the meaning of the user’s query, and then the Decoder generates correct command that matches
both what user wants and the proper command format.
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Figure 5: Encoder—decoder architecture used in the T5 model for command generation.
Source: Authors, (2026).

IV.4 CLI INTEGRATION AND EXECUTION INTERFACE

The final part of the CommandIQ is the command-line interface. This wrapper takes the final output generated by the system
and shows it to the user. We built this tool using Python click library, it works really fast and clear to use on a Machines with Unix or
Linux environment. The most important functionality of the system is to provide a safety check by presenting the final predicted command
to the user and asks them to confirm it before the system executes it.

Figure 6: CommandIQ CLI Execution Interface.
Source: Authors, (2026).

The interface displays the parallel predictions from both FAISS and the T5 models together with the final chosen command are
shown. Then the user sees the safety layer where the user interacts with command line before execution of command using subprocess.
The command line receives the final, clean command from the hybrid system it then asks the user with the question: "Run this command?
[y/n]" whether they want to execute the command or not. This interactive step gives the user full control and allows them to check the
command so they don’t run something wrong. If the user confirms to run the command, then the system uses a Python subprocess library
to execute the Bash command safely.

Figure 7: CommandIQ CLI Execution Interface.
Source: Authors, (2026).
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This safety layer is more important to run the command successfully in live environment. CLI also prints useful information by
outputting the individual FAISS and T5 predictions giving the user insight into the hybrid system's decision-making process. The final
execution interface receives parallel predictions from the de-identified FAISS and T5 models before presenting the final, sanitized
command. The following interactive prompt is a very important safety mechanism, which requires explicit user confirmation by the
subprocess before execution in the live environment.

V. RESULTS AND ANALYSIS

The T5 model and the FAISS retrieval system were trained and tested on the final test set, consisting of 2,000 samples. The
primary metrics of interest in this evaluation were Exact Match (EM) accuracy, Partial Match (PM) accuracy, and semantic similarity
between predicted and expected commands. This section provides the results of training, accuracy measures, and model comparisons
resulting from extensive testing using the final test.jsonl dataset.

V.1 TRAINING AND VALIDATION LOSS

Training vs Validation Loss (10 Epochs)

Loss
[}
W

Epochs

Figure 8: T5 model training and validation loss over epochs.
Source: Authors, (2026).

The training loss and the validation loss were closely monitored during training on the T5 model. As below Figure 8 shows, the
loss has smoothly decreased with each Epochs, it shows the model is generalizing the data instead of just memorizing the training data.
When the training loss and validation loss curves came together smoothly it shows that the model learning behaviour is stable and make
reliable predictions while maintaining consistency between the training data and unseen validation data. Figure 7 shows the change in
training and validation loss during the 10 epochs of training. A decrease in validation loss indicates the model continues to improving in
understanding the relationship between user intent and command structure. This steady learning was important in making sure it remains
solid when facing fresh inputs it hadn't seen before. This decreasing trend, with eventual stabilization, indicates that the model effectively
learned the mapping from natural language to Linux commands without overfitting.

V.2 MODEL METRICS COMPARISON

To compare the performance of different approaches, we tested FAISS-only, T5-only, and hybrid models on the same test set.
Figure 8 represents the Exact Match and Partial Match accuracies, showing the best overall performance of the hybrid model by combining
the advantages of both retrieval and generative approaches. We compare FAISS-only retrieval, TS-only generation, and the hybrid
approach.

Model Performance Comparison

92.5% 89.5% 91.0%

Accuracy

FAISS

Hybrid

Partial Match (PM) mmm Exact Match (EM)

Figure 9: Comparative analysis of T5-only, FAISS-only, and Hybrid FAISS-T5 models.
Source: Authors, (2026).

Figure 8 summarizes the exact match (EM) and partial match (PM) accuracies across all models. The hybrid model yields an
EM accuracy of 91.0%, which is marginally higher compared to the score obtained by the FAISS-only baseline (89.45%), whereas the
T5-only model has high PM (92.55%) but considerably lower EM (35.35%).
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This demonstrates that TS seems to understand what the commands want to achieve, yet it fails to produce the exact syntax on a
regular basis. The hybrid approach effectively takes advantage of FAISS for precision while utilizing TS5 to address novel or unseen
queries.

V.3 ACCURACY DISTRIBUTION ACROSS TEST SAMPLES

Accuracy Progression During Evaluation

0.9 \/\/\_
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= Hybrid
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Figure 10: Accuracy distribution curve showing hybrid model performance over 2,000 test samples.
Source: Authors, (2026).

After training, the performance of the model was measured in terms of Exact Match (EM) accuracy and Partial Match (PM)
accuracy on the test dataset. To check the model's performance the hybrid system was tested on 2,352 unseen queries. The accuracy graph
below shows how well the model predictions were distributed across all samples. The Top-1 candidate reached 89.45% accuracy, while
the Top-5 candidated achieves 94.25% accuracy. This confirms most correct commands always appeared within the top of search results.
This high curve across the samples indicates that performance by the system was not depend on how different the user prompts the query
or structure. This stable performance confirms the CommandIQ is robust and can understands both easy and complex natural language
queries. The hybrid system is successful because the two methods FAISS and T5 work together. FAISS ensures correct command syntax
for known queries and T5 enables the system to generalize for unseen queries. Overall, the hybrid model presents with high accuracy
making it suitable for offline Linux command translation tasks.

VI. CONCLUSION

In this project, we built a tool called CommandIQ that solves the common problem of combining model knowledge with correct
command structure, testing showed it works well in real world environments. Instead of just linking the model knowledge into strict
command structures, we made the model and rules works better together by training them with real-world examples. The system uses it
general understanding and manages to keep the perfect command format which makes the final answer more reliable. The results show
that our system is more accurate than older systems, especially when command need to be written in perfect structure to actually run.
What makes our system is different is the way it combines two steps, the first step uses FAISS for search based on the meaning of user
query, the second step fine-tuned TS5 model to create the final command.

When we used the TS5 model by itself, it was not performing well and generates incorrect command structure (only getting it
exactly right at 35.35% of the time) but it understood what the user intent (92.55% close enough). By teaming the T5 model with FAISS,
we completely fixed those problems. In out tests using 2,532 examples, our new method got the exact matches right 91.0% of the time
which is better than any other system used before. Furthermore, a necessary safety check integrated before running any command is
executed. This shows that CommandIQ works reliable and safely in real-life terminal tasks. For the future, we plan to improve
CommandIQ’s strength and reach and we have cool ideas to make CommandIQ even better. Instead of just adding features, we could
switch to newer, local Al models.

This would help the system to handle unusual or personalized commands better without losing accuracy from the FAISS system.
On top of that, if we show a fast and simple explanation with every command, users will understand what’s happening before the execution
of the command. Another way is to upgrade safety layer, instead of just asking users for confirmation we could built in smart checks that
automatically finds issues and stop dangerous or broken commands before they reach the user. The new safety layer will explain what
the predicted commands does and find risky actions before users approve them. A solid next step is adding “live situational awareness”
this means the system would adapt instantly and think about what’s going on the user’s device like what folders are open, which apps are
active, or recent inputs - to suggest better command. To summarize, CommandIQ shows that combining instant data retrieval with
command generation, builds a solid tool for turning plain English into working commands.
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