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Just - in - Time Model Replacement Ð JITR:

! Simple, long -standing queries (e.g., sentiment classification) ! use LLM

! Automatically replace LLM with smaller custom models just - in - time

! ! Cost and resource savings without any overhead for the user

Why JITR Prototype Feasibility Outlook
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LLM

Offload simple recurring tasks to LLM

As long as it runs ! focus on something else
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LLMs (ML-as-a-Service)

! High inference costs

! State -of- the -art capabilities

! Simple API integration

! No AI expertise

! Zero model development cost

! No data collection

! No data labeling
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of both worlds?

Just - in - Time 
Model 
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! No AI expertise

! Zero model development cost

! No data collection
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Baseline

! Embed relevant data in prompt

! Send to LLM 

! Write response back to table
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(Ask user to accept switch)
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Collect LLM labels, task type, task metadata1

Develop custom model ! monitor model2

(Ask user to accept switch)3

Replace LLM with custom model4

1

2

3
4
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1) Tasks can be identified

2) Logged requests and LLM responses provide sufficient training data

3) Surrogate model has satisfactory performance

4) Monitoring can detect performance degradation

5) Cost of task identification, model development, and monitoring can be amortized
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Baseline Model Development

! Label or collect training data

! Fine - tune a ÒstandardÓ model

! Model Search
! Fine-Tuning [25, 26]

Less training data

Faster convergence

Higher accuracy

Transfer Learning
(fine - tuning)

Models in a model store

?
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Costs

! JITR amortizes overhead

! Significant cost savings

Inference Time  

! Even for small LLMs JITR

reduces inference time

Accuracy

! Small, specialized models reach

competitive accuracy

Model Development

! Model Search ! Fine -Tuning

outperforms alternative approaches in

dev. time, accuracy, and required data 
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Costs

! JITR amortizes overhead

! Significant cost savings

GPT-4.1
nano

GPT-4.1

Break-even 100,000 <10,000

Savings 1M 
requests $33 $850

Just - in - Time 
Model 

Replacement
VS

! Wrap requests in an 
additional prompt ! LLM

! Collect 5,000 labels
! Training of a small model
! Use a small model instead
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Costs

! JITR amortizes overhead

! Significant cost savings

Inference Time  

! Even for small LLMs JITR

reduces inference time

Setup
Evaluate break -even (number of requests):
LLM (Llama -2-7B) VS JITR with Poodle (BERT)

IMDB dataset; NVIDIA RTX A5000 GPU; switch after 1K 
requests

(1) LLM and JITR break even in less than 100,000 requests.

(2) BERT processes 19.6 ! more items per second.

(3) For 1M requests, Poodle takes 7.5 ! less time; For 2M 
requests more than 10 ! .

(4) Real LLMs orders of magnitude larger than Llama -2-7B
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Costs

! JITR amortizes overhead

! Significant cost savings

Inference Time  

! Even for small LLMs JITR

reduces inference time

Accuracy

! Small, specialized models reach

competitive accuracy

Llama 2 7B
Accuracy: 0.93
1024 Tokens

BERT, no tuning
Accuracy: 0.89 (0.92)
256 Tokens

Related work [6, 7, 10, 12, 23]
Across multiple studies, fine - tuned small models outperform 
LLMs for text classification tasks
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Costs
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Model Development
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Llama 2 7B
Accuracy: 0.93



Baseline: Fine - tune BERT
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Baseline: Fine - tune BERT
S-naïve: Exhaustive search over 10 hand-
selected models from HuggingFace
S-500: Search + fine - tune on 500 items
S-5000: Search on 500 items

+ fine - tune on 5,000 items
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Two main directions 

(1) Approximate model search

(2) Co -design model store and model search techniques
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