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Model Management

Model Management for Archival

• Efficiently manage many DL models in 

a distributed environment

• Assumption: save often, read rarely

• MMlib and M3lib

8

https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2023/m3lib_edbt23.pdf
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Model Management

Model Management for Archival Model Management for Reuse

• Efficiently manage many DL models in 

a distributed environment

• Assumption: save often, read rarely

• MMlib and M3lib

• Efficiently access models to find the best 

candidate for transfer learning

• Assumption: read often, models overlap

• Poodle and Alsatian

Transfer Learning
(fine-tuning)

Set of Models
(in a model store)

?

https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2023/m3lib_edbt23.pdf
https://arxiv.org/abs/2512.05525
https://arxiv.org/abs/2512.05525
https://hpi.de/fileadmin/user_upload/90_Research_Groups/rabl/Documents/papers/2026/alsatian.pdf
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The evolution of the 
winning entries on the 
ImageNet Large Scale 
Visual Recognition 
Challenge

Apple's Siri: A cheat sheet

Eyes on the Road: How 
Autonomous Cars 
Understand What They’re 
Seeing

The limitations of deep 
learning

Opinion: Why driverless 
cars will force an 
insurance u-turn
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https://blogs.nvidia.com/blog/2016/01/05/eyes-on-the-road-how-autonomous-cars-understand-what-theyre-seeing/
https://blog.keras.io/the-limitations-of-deep-learning.html
https://blog.keras.io/the-limitations-of-deep-learning.html
https://internetofbusiness.com/opinion-why-driverless-cars-will-force-an-insurance-u-turn/
https://internetofbusiness.com/opinion-why-driverless-cars-will-force-an-insurance-u-turn/
https://internetofbusiness.com/opinion-why-driverless-cars-will-force-an-insurance-u-turn/
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We need to ... 

… the models.

Model 
Management

document retrain monitor

adjust improve save

Schelter et al.: On challenges in machine learning model management

https://assets.amazon.science/7d/38/968b82c745bd9859a79dab0aade8/on-challenges-in-machine-learning-model-management.pdf
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Assumption:
• Save models often
• Recover models rarely
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We need to ... 

… the models.

Model 
Management

document retrain monitor

adjust improve save

Schelter et al.: On challenges in machine learning model management

ideally archive and 
recover “exact” model 

versions to enable 
detailed/extensive 

analysis

https://assets.amazon.science/7d/38/968b82c745bd9859a79dab0aade8/on-challenges-in-machine-learning-model-management.pdf
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Complete
Snapshot

U1

U3

U2

U4

(How) Can we do better 
than a baseline approach 
that saves every model 

individually?
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Baseline Parameter 
Update
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Baseline Parameter 
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Provenance
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recover exact model ?!?
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• Same data, model, and hyperparameters

• Intentional Randomness (e.g., Dropout)

à set seeds

• Floating Point Arithmetic

+ + + +

a[0]

0

b[0] a[1]b[1] a[2]b[2] a[3]b[3]

+

+ +

a[0]b[0] a[1]b[1] a[2]b[2] a[3] b[3]

x x x x 

Parallel Method

Serial Method

x x x x 
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• Same data, model, and hyperparameters

• Intentional Randomness (e.g., Dropout)

à set seeds

• Floating Point Arithmetic

• Track environment, make sure it is the 

same/equivalent (hardware and software)

• torch.backends.cudnn.benchmark = False

• torch.set_deterministic(True)
now torch.use_deterministic_algorithms(True)

https://docs.pytorch.org/docs/2.11/generated/torch.use_deterministic_algorithms.html
https://docs.pytorch.org/docs/2.11/generated/torch.use_deterministic_algorithms.html
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apply measures to make 
execution deterministic
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Storage consumption…

• … is mainly depends on 
parameters

• … is independent of the use case, 
dataset, and model relation
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MobileNetV2 ResNet-152 ● No significant 
improvement with 
parameter update 
approach

● For provenance approach 
storage consumption
depends on the dataset

fully updated
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MobileNetV2 ResNet-152 ● Significant 
improvement with 
parameter update 
approach

● For provenance approach 
storage consumption 
depends on the dataset

partially updated



Evaluation: Time-to-Save

12.05.26 4712.05.26

MobileNetV2 ResNet-152 ● For baseline and 
parameter update:
depends on size of 
parameters

● For provenance: depends 
mostly on dataset

● Both advanced can 
outperform baseline 
and each other

partially updated
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ResNet-152 - fully updated

U-1

U-3-1-1

U-3-1-4

● Baseline has shortest 
time-to- recover

● Marginally increasing for 
parameter update

● Long for provenance 
approach

● Advanced approaches 
show staircase pattern



Future Work

12.05.26 49

M0 M1 M2 M3 M4 M5

recovery time recovery time
threshold

Hybrid Approaches

Safetensors Format

https://huggingface.co/docs/safetensors/index
https://huggingface.co/docs/safetensors/index
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Model Management

Model Management for Archival

• Efficiently manage many DL models in 

a distributed environment

• Assumption: save often, read rarely

• MMlib and M3lib

https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2023/m3lib_edbt23.pdf
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Model Management

Model Management for Archival Model Management for Reuse

• Efficiently manage many DL models in 

a distributed environment

• Assumption: save often, read rarely

• MMlib and M3lib

• Efficiently access models to find the best 

candidate for transfer learning

• Assumption: read often, models overlap

• Poodle and Alsatian

Transfer Learning
(fine-tuning)

Set of Models
(in a model store)

?

https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2023/m3lib_edbt23.pdf
https://arxiv.org/abs/2512.05525
https://arxiv.org/abs/2512.05525
https://hpi.de/fileadmin/user_upload/90_Research_Groups/rabl/Documents/papers/2026/alsatian.pdf
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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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LLM

Offload simple recurring tasks to LLM

As long as it runs à 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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https://www.linkedin.com/posts/... (accessed 03.02.2026)
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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

https://www.linkedin.com/posts/
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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

Custom Models

• Low inference costs
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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

Custom Models

• Low inference costs

• (?) State-of-the-art capabilities

• (?) Simple API integration

• AI expertise needed

• High model development cost

• Data collection needed

• Data labeling needed
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Can we get the best 

of both worlds?

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

Custom Models

• Low inference costs

• (?) State-of-the-art capabilities

• (?) Simple API integration

• AI expertise needed

• High model development cost

• Data collection needed

• Data labeling needed
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Can we get the best 

of both worlds?

Just-in-Time 
Model 

ReplacementLLMs (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

Custom Models

• Low inference costs

• (?) State-of-the-art capabilities

• (?) Simple API integration

• AI expertise needed

• High model development cost

• Data collection needed

• Data labeling needed
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Baseline

• Embed relevant data in prompt

• Send to LLM 

• Write response back to table
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Collect LLM labels, task type, task metadata1
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Collect LLM labels, task type, task metadata1

Develop custom model à monitor model2

?      1Quality is fine ...

u_id review sentimentp_id

1

2

3

Broken after ...

Super happy ...

?      0

?      1

1

1

1

Just-in-Time
Model

Replacement
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Response

small modelLLM

1

2
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Collect LLM labels, task type, task metadata1

Develop custom model à monitor model2

3
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small modelLLM

Offer
- 98% eq. results
- 20x cost savings
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2

3

(Ask user to accept switch)
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Collect LLM labels, task type, task metadata1

Develop custom model à monitor model2

(Ask user to accept switch)3

Replace LLM with custom model4

?      1Quality is fine ...

u_id review sentimentp_id

1

2

3

Broken after ...

Super happy ...

?      0

?      1

1

1

1

Just-in-Time
Model

Replacement

Prompt

Response

small modelLLM

Offer
- 98% eq. results
- 20x cost savings

Accept1

2

3
4
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1) Tasks can be identified

Poodle: Seamlessly Scaling Down Large Language Models with Just-in-Time Model Replacement

entails either increased e!ort for the user or a more elaborate wrap-
per prompt, which imposes a higher input token count and, thus,
higher cost. Another research question is how many user requests
we need to analyze, and at what level of detail, before triggering
surrogate model development. Starting surrogate model develop-
ment earlier increases inference cost reduction by replacing the
LLM earlier, but increases the risk of choosing a surrogate model
with low accuracy, wasting development resources.

2.2 Base Model Search
Once a recurring task is detected, we want to replace the LLM
with a surrogate model that minimizes resource consumption while
meeting accuracy constraints. The amount of labeled training ex-
amples for a task generated by monitoring the requests to the LLM
has to be kept relatively small for JITR to be e!ective. Training
a surrogate model from scratch with such limited training data
will often not be possible. Furthermore, the cost of fully training a
model will be hard to amortize. Instead, as shown in Figure 2, we
propose to "nd an appropriate base model using a model search
system [24, 28] and then "ne-tune this model given the collected
training data. In the search we want to utilize the training data
for the recurring task and additional constraints such as limiting
maximum inference time and memory consumption. Models may
either come from a private model store, if available, or a public
model store such as HuggingFace [16].

Challenges. Model search faces two key challenges: (i) E!ective
search: How do we identify the most promising model from a set
of candidates that satis"es constraints on inference latency and
memory consumptionwhilemaximizing accuracy? (ii) Scaling: How
do we scale the search to the thousands or millions of models
available on stores like HuggingFace [16]? For the model store, the
core challenges are storing large numbers of models and supporting
e#cient search through rapid model access.

Possible Solutions. The naive approach to model search involves
manually selecting a model from the model store by a human ex-
pert. However, this requires expert knowledge and does often still
not lead to optimal choices [23]. A naive automated baseline is to
exhaustively evaluate all models in the model store. While this ap-
proach is guaranteed to "nd the best model, it requires "ne-tuning
all models for the recurring task, which is prohibitively expensive.

Model search techniques explored in industry and academia [15,
17, 23] approximate this baseline in di!erent ways and thus scale
better to large numbers of models. Most model search methods
operate independently on top of a model store. However, we argue
that model search systems andmodel stores should be codesigned to
enable system-level optimizations that accelerate the search process,
as explored in [28]. Promising directions for making model storage
and access more e#cient include indexing models and storing them
block-wise or in compressed or approximated formats that can
exploit overlap between similar models [19, 28, 29].

We envision a model search approach that optimizes this pro-
cess along multiple dimensions. It limits search to models which
have demonstrated strong accuracy on some real-world datasets,
reducing the search space to high-quality candidates. User-speci"ed
performance constraints further narrow this set. Next, we cluster

You are a sentiment analysis assistant. Your job is to read movie reviews and

classify their sentiment as either !positive! or !negative!. Only respond in

this exact JSON format: !sentiment!: !positive! or !sentiment!: !negative!.

Do not provide any explanation or additional text. Review: <REVIEW TEXT>

Figure 3: Base Prompt

You are a powerful language model. You are given a user request consisting of

a system prompt and a user message. Your task is as follows:

1. Identify the type of input the user is providing: one of [!text!, !image!,

!table!, !other!]

2. Infer what task you are expected to perform, choosing from: [!sentiment

classification!, !summarization!, !translation!, !question answering!,

!information extraction!, !topic modeling!, !other!]

3. Solve the task that the user is giving you and put your response in a

separate field called !user_response! which is in JSON format.

Respond with a JSON object containing: !input_type!, !task_type!,

!user_response! (JSON describing user response)

USER REQUEST: <USER REQUEST>

Figure 4: Wrapper Prompt

{ !input_type!: !text!, !task_type!: !sentiment classification!,

!user_response!: !sentiment!: !negative! }

Figure 5: Wrapped Response

the remaining models, e.g., using task-to-vec embeddings [5], inter-
mediate inference results, and other information. We then select
representatives from each cluster and evaluate them using com-
pressed model versions to identify the most promising clusters.
Finally, we evaluate additional top cluster candidates in full preci-
sion, leveraging partial model access and caching as proposed by
Alsatian [28] to create the "nal ranking.

Open Research Questions. We see scaling model search as the
greatest research challenge to enable JITR because model search
is a resource-intensive operation, and if scaled to thousands or
millions of models, is often more time-consuming than "ne-tuning
the model [24, 28]. We argue that both model and task metadata
can be e!ective for pruning large parts of the search space, e.g.,
pruning models designed for di!erent data modalities or model that
do not match resource constraints, but that evaluating suitability of
the remaining candidates requires prediction of model performance
on the task training data as done in [24, 28].

A key research direction is to investigate which types ofmetadata
are most valuable for model search and what trade-o!s arise when
deciding which of them to store. A variety of metadata can be
recorded for a model, such as references to the training data and
base model, details of the data preprocessing pipeline, input shape,
task type, loss curves, number of parameters, model size, inference
latency across hardware platforms, and accuracy on benchmarking
datasets. However, not all metadata is e!ective formodel search, and
metadata types di!er in the e!ort required to extract and store them.
For example, the number of model parameters can be determined
automatically to e!ectively "lter large collections of models. Storing
intermediate results produced during model inference helps with
clustering, which speeds up model search, but comes at a high
storage cost. Inference latency on unseen hardware is di#cult to
estimate, yet crucial for model selection.



Conditions to Meet For JITR to Be Effective

12.05.26 71

1) Tasks can be identified

2) Logged requests and LLM responses provide sufficient training data



Conditions to Meet For JITR to Be Effective

12.05.26 72

1) Tasks can be identified

2) Logged requests and LLM responses provide sufficient training data

3) Surrogate model has satisfactory performance



Conditions to Meet For JITR to Be Effective

12.05.26 73

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



Conditions to Meet For JITR to Be Effective

12.05.26 74

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



Conditions to Meet For JITR to Be Effective

12.05.26 75

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



Poodle: Just-in-Time Model Replacement Prototype

12.05.26 76

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...



Poodle: Just-in-Time Model Replacement Prototype

12.05.26 77

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...



Poodle: Just-in-Time Model Replacement Prototype

12.05.26 78

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...



Poodle: Just-in-Time Model Replacement Prototype

12.05.26 79

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...



Poodle: Just-in-Time Model Replacement Prototype

12.05.26

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...

Baseline Model Development

• Label or collect training data

• Fine-tune a “standard” model Transfer Learning
(fine-tuning)



Poodle: Just-in-Time Model Replacement Prototype

12.05.26

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...

Baseline Model Development

• Label or collect training data

• Fine-tune a “standard” model

• Model Search
à Fine-Tuning [25, 26]

Less training data

Faster convergence

Higher accuracy

Transfer Learning
(fine-tuning)

Models in a model store

?



Poodle – Preliminary Results

12.05.26 82

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 à Fine-Tuning

outperforms alternative approaches in

dev. time, accuracy, and required data 



Poodle – Preliminary Results

12.05.26 83

Costs

• JITR amortizes overhead

• Significant cost savings



Poodle – Preliminary Results

12.05.26 84

Costs

• JITR amortizes overhead

• Significant cost savings

• Wrap requests in an 
additional prompt à LLM

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

Just-in-Time 
Model 

Replacement
VS



Poodle – Preliminary Results

12.05.26 85

Costs

• JITR amortizes overhead

• Significant cost savings

• Wrap requests in an 
additional prompt à LLM

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

Just-in-Time 
Model 

Replacement
VS



Poodle – Preliminary Results

12.05.26 86

Costs

• JITR amortizes overhead

• Significant cost savings
Poodle: Seamlessly Scaling Down Large Language Models with Just-in-Time Model Replacement [Vision Paper] Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...

Figure 4: Just-in-time model replacement architecture.

3 Poodle: A Just-in-Time Model Replacement
Prototype

In this section, we present Poodle, a proof-of-concept prototype for
JITR. As shown in Figure 4, Poodle consists of four components.

Data Collector. The Data Collector identi!es tasks and collects
training data. It continuously monitors incoming requests and the
LLM’s responses to collect a dataset for training. Additionally, it
gathers metadata and performance metrics for request serving,
including cost, inference latency, and the number of tokens. For all
additional recurring task metadata, such as the input data type, the
task type, and other metrics, Poodle groups incoming requests by
their pre!x and, for a subset of requests, uses an additional prompt
to simultaneously extract metadata and answer the user query.

Model Generator and Model Store. The Model Generator receives
task de!nitions from the Data Collector, including the training
dataset that has been collected for the task. It uses a subset of
the target dataset to issue a model search request to the Model
Store. The Model Store follows Alsatian’s [30] baseline and ranks all
models by approximating how well a speci!c model will perform
when being fully !ne-tuned. The Model Generator uses the training
dataset consisting of LLM requests and responses to distill [14] the
knowledge of the LLM into the small model via !ne-tuning to
create a surrogate model. Finally, it persists the surrogate model in
the Model Store for future use.

Model Monitor. The Model Monitor evaluates candidate models
against the deployed LLM. Utilizing and extending the data col-
lected by the Data Collector, the Model Monitor tracks inference
latency, accuracy, and costs for both models. Once a candidate
demonstrates comparable accuracy at a lower cost, the monitor
automatically replaces the model or issues a model-replacement
o"er to the user for explicit approval.

After deployment, the Model Monitor continuously tracks the
new model’s performance and periodically compares it to the LLM
to detect data drift. While we leave the implementation of calculat-
ing energy consumption or the CO2 footprint, as well as continuous
monitoring, for future work, we estimate the cost savings as fol-
lows. For the LLM cost, we track the number of input and output
tokens and multiply them by the cost as listed by the LLM provider.
To estimate Poodle’s cost, we sum (i) the cost to process the !rst 𝐿
wrapped requests, (ii) an estimate of the surrogate model develop-
ment cost, and (iii) the cost for processing remaining requests with
the surrogate model.

Table 1: Model pricing per 1million tokens, date August 2025.
Model Input Output Provider Ref
GPT-4.1 $2.00 $8.00 OpenAI [1]
GPT-4.1-nano $0.10 $0.40 OpenAI [1]
Llama 405B Turbo $3.50 $3.50 TogetherAI [4]
Llama 8B $0.20 $0.20 TogetherAI [2]
BERT 80M $0.01 $0.01 TogetherAI [3]

(a) GPT-4.1 nano (b) GPT-4.1 (c) Llama 405B Turbo

Figure 5: Cost analysis when replacing an LLM.

4 Preliminary Results
We conducted preliminary experiments to demonstrate that JITR
is e"ective. We !rst examine cost reduction in Section 4.1 and in-
ference time reduction in Section 4.2 before analyzing the e"ect
of JITR on accuracy in Section 4.3 and demonstrating that model
search followed by !ne-tuning outperforms other model develop-
ment approaches in Section 4.4. Unless stated otherwise, we use
sentiment classi!cation on the IMDB movie reviews dataset [18]
for our evaluation and assume that every request processed by the
LLM is wrapped in an additional prompt for metadata extraction,
resulting in conservative estimates of cost and latency savings.

4.1 Monetary Cost - Client-side JITR
For this experiment, we consider a scenario where the user of an
LLM provider wants to use JITR to lower their cost. To determine
the cost break-even point, which is the number of requests after
which JITR with Poodle is cheaper than using an LLM, we use the
prices from Table 1, assume a switch from the LLM to a custom
BERT model after 5k requests, and assign a development cost of $4,
which roughly equals three hours of an AWS A10G GPU instance.

Figure 5 shows the break-even point and cost reduction for dif-
ferent LLM models. For GPT-4.1 nano Poodle breaks even after
approximately 100,000 requests, and saves $33 for 1M requests.
With larger models such as GPT-4.1 or Llama 405 Turbo, the break-
even point is lower than 10,000 requests, and Poodle is 60→ ($850)
and 82→ ($1420) cheaper for 1M requests.

These results already suggest that signi!cant savings are possible,
and we expect real-world savings to be even greater. We make very
conservative assumptions and LLM #agship prices are currently
subsidized by major providers, often leading to net losses [27, 32].
Takeaway: Under conservative assumptions for task identi!-
cation, JITR amortizes its overhead a"er a moderate number
of instances and achieves signi!cant cost reductions at scale.

4.2 Inference Time - Self-hosted Models
For this experiment, we consider a scenario where the user is locally
hosting models and wants to use JITR to lower their inference
time and resource consumption. We determine the inference time
break-even point, which is the number of requests after which JITR
with Poodle becomes faster than using an LLM. We measure the
inference latency using di"erent batch sizes and the IMDB dataset
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3 Poodle: A Just-in-Time Model Replacement
Prototype

In this section, we present Poodle, a proof-of-concept prototype for
JITR. As shown in Figure 4, Poodle consists of four components.

Data Collector. The Data Collector identi!es tasks and collects
training data. It continuously monitors incoming requests and the
LLM’s responses to collect a dataset for training. Additionally, it
gathers metadata and performance metrics for request serving,
including cost, inference latency, and the number of tokens. For all
additional recurring task metadata, such as the input data type, the
task type, and other metrics, Poodle groups incoming requests by
their pre!x and, for a subset of requests, uses an additional prompt
to simultaneously extract metadata and answer the user query.

Model Generator and Model Store. The Model Generator receives
task de!nitions from the Data Collector, including the training
dataset that has been collected for the task. It uses a subset of
the target dataset to issue a model search request to the Model
Store. The Model Store follows Alsatian’s [30] baseline and ranks all
models by approximating how well a speci!c model will perform
when being fully !ne-tuned. The Model Generator uses the training
dataset consisting of LLM requests and responses to distill [14] the
knowledge of the LLM into the small model via !ne-tuning to
create a surrogate model. Finally, it persists the surrogate model in
the Model Store for future use.

Model Monitor. The Model Monitor evaluates candidate models
against the deployed LLM. Utilizing and extending the data col-
lected by the Data Collector, the Model Monitor tracks inference
latency, accuracy, and costs for both models. Once a candidate
demonstrates comparable accuracy at a lower cost, the monitor
automatically replaces the model or issues a model-replacement
o"er to the user for explicit approval.

After deployment, the Model Monitor continuously tracks the
new model’s performance and periodically compares it to the LLM
to detect data drift. While we leave the implementation of calculat-
ing energy consumption or the CO2 footprint, as well as continuous
monitoring, for future work, we estimate the cost savings as fol-
lows. For the LLM cost, we track the number of input and output
tokens and multiply them by the cost as listed by the LLM provider.
To estimate Poodle’s cost, we sum (i) the cost to process the !rst 𝐿
wrapped requests, (ii) an estimate of the surrogate model develop-
ment cost, and (iii) the cost for processing remaining requests with
the surrogate model.

Table 1: Model pricing per 1million tokens, date August 2025.
Model Input Output Provider Ref
GPT-4.1 $2.00 $8.00 OpenAI [1]
GPT-4.1-nano $0.10 $0.40 OpenAI [1]
Llama 405B Turbo $3.50 $3.50 TogetherAI [4]
Llama 8B $0.20 $0.20 TogetherAI [2]
BERT 80M $0.01 $0.01 TogetherAI [3]

(a) GPT-4.1 nano (b) GPT-4.1 (c) Llama 405B Turbo

Figure 5: Cost analysis when replacing an LLM.

4 Preliminary Results
We conducted preliminary experiments to demonstrate that JITR
is e"ective. We !rst examine cost reduction in Section 4.1 and in-
ference time reduction in Section 4.2 before analyzing the e"ect
of JITR on accuracy in Section 4.3 and demonstrating that model
search followed by !ne-tuning outperforms other model develop-
ment approaches in Section 4.4. Unless stated otherwise, we use
sentiment classi!cation on the IMDB movie reviews dataset [18]
for our evaluation and assume that every request processed by the
LLM is wrapped in an additional prompt for metadata extraction,
resulting in conservative estimates of cost and latency savings.

4.1 Monetary Cost - Client-side JITR
For this experiment, we consider a scenario where the user of an
LLM provider wants to use JITR to lower their cost. To determine
the cost break-even point, which is the number of requests after
which JITR with Poodle is cheaper than using an LLM, we use the
prices from Table 1, assume a switch from the LLM to a custom
BERT model after 5k requests, and assign a development cost of $4,
which roughly equals three hours of an AWS A10G GPU instance.

Figure 5 shows the break-even point and cost reduction for dif-
ferent LLM models. For GPT-4.1 nano Poodle breaks even after
approximately 100,000 requests, and saves $33 for 1M requests.
With larger models such as GPT-4.1 or Llama 405 Turbo, the break-
even point is lower than 10,000 requests, and Poodle is 60→ ($850)
and 82→ ($1420) cheaper for 1M requests.

These results already suggest that signi!cant savings are possible,
and we expect real-world savings to be even greater. We make very
conservative assumptions and LLM #agship prices are currently
subsidized by major providers, often leading to net losses [27, 32].
Takeaway: Under conservative assumptions for task identi!-
cation, JITR amortizes its overhead a"er a moderate number
of instances and achieves signi!cant cost reductions at scale.

4.2 Inference Time - Self-hosted Models
For this experiment, we consider a scenario where the user is locally
hosting models and wants to use JITR to lower their inference
time and resource consumption. We determine the inference time
break-even point, which is the number of requests after which JITR
with Poodle becomes faster than using an LLM. We measure the
inference latency using di"erent batch sizes and the IMDB dataset

GPT-4.1
nano

GPT-4.1

Break-even

Savings 1M 
requests

Just-in-Time 
Model 

Replacement
VS

• Wrap requests in an 
additional prompt à LLM

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



Poodle – Preliminary Results

12.05.26 88

Costs

• JITR amortizes overhead

• Significant cost savings
Poodle: Seamlessly Scaling Down Large Language Models with Just-in-Time Model Replacement [Vision Paper] Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...

Figure 4: Just-in-time model replacement architecture.

3 Poodle: A Just-in-Time Model Replacement
Prototype

In this section, we present Poodle, a proof-of-concept prototype for
JITR. As shown in Figure 4, Poodle consists of four components.

Data Collector. The Data Collector identi!es tasks and collects
training data. It continuously monitors incoming requests and the
LLM’s responses to collect a dataset for training. Additionally, it
gathers metadata and performance metrics for request serving,
including cost, inference latency, and the number of tokens. For all
additional recurring task metadata, such as the input data type, the
task type, and other metrics, Poodle groups incoming requests by
their pre!x and, for a subset of requests, uses an additional prompt
to simultaneously extract metadata and answer the user query.

Model Generator and Model Store. The Model Generator receives
task de!nitions from the Data Collector, including the training
dataset that has been collected for the task. It uses a subset of
the target dataset to issue a model search request to the Model
Store. The Model Store follows Alsatian’s [30] baseline and ranks all
models by approximating how well a speci!c model will perform
when being fully !ne-tuned. The Model Generator uses the training
dataset consisting of LLM requests and responses to distill [14] the
knowledge of the LLM into the small model via !ne-tuning to
create a surrogate model. Finally, it persists the surrogate model in
the Model Store for future use.

Model Monitor. The Model Monitor evaluates candidate models
against the deployed LLM. Utilizing and extending the data col-
lected by the Data Collector, the Model Monitor tracks inference
latency, accuracy, and costs for both models. Once a candidate
demonstrates comparable accuracy at a lower cost, the monitor
automatically replaces the model or issues a model-replacement
o"er to the user for explicit approval.

After deployment, the Model Monitor continuously tracks the
new model’s performance and periodically compares it to the LLM
to detect data drift. While we leave the implementation of calculat-
ing energy consumption or the CO2 footprint, as well as continuous
monitoring, for future work, we estimate the cost savings as fol-
lows. For the LLM cost, we track the number of input and output
tokens and multiply them by the cost as listed by the LLM provider.
To estimate Poodle’s cost, we sum (i) the cost to process the !rst 𝐿
wrapped requests, (ii) an estimate of the surrogate model develop-
ment cost, and (iii) the cost for processing remaining requests with
the surrogate model.

Table 1: Model pricing per 1million tokens, date August 2025.
Model Input Output Provider Ref
GPT-4.1 $2.00 $8.00 OpenAI [1]
GPT-4.1-nano $0.10 $0.40 OpenAI [1]
Llama 405B Turbo $3.50 $3.50 TogetherAI [4]
Llama 8B $0.20 $0.20 TogetherAI [2]
BERT 80M $0.01 $0.01 TogetherAI [3]

(a) GPT-4.1 nano (b) GPT-4.1 (c) Llama 405B Turbo

Figure 5: Cost analysis when replacing an LLM.

4 Preliminary Results
We conducted preliminary experiments to demonstrate that JITR
is e"ective. We !rst examine cost reduction in Section 4.1 and in-
ference time reduction in Section 4.2 before analyzing the e"ect
of JITR on accuracy in Section 4.3 and demonstrating that model
search followed by !ne-tuning outperforms other model develop-
ment approaches in Section 4.4. Unless stated otherwise, we use
sentiment classi!cation on the IMDB movie reviews dataset [18]
for our evaluation and assume that every request processed by the
LLM is wrapped in an additional prompt for metadata extraction,
resulting in conservative estimates of cost and latency savings.

4.1 Monetary Cost - Client-side JITR
For this experiment, we consider a scenario where the user of an
LLM provider wants to use JITR to lower their cost. To determine
the cost break-even point, which is the number of requests after
which JITR with Poodle is cheaper than using an LLM, we use the
prices from Table 1, assume a switch from the LLM to a custom
BERT model after 5k requests, and assign a development cost of $4,
which roughly equals three hours of an AWS A10G GPU instance.

Figure 5 shows the break-even point and cost reduction for dif-
ferent LLM models. For GPT-4.1 nano Poodle breaks even after
approximately 100,000 requests, and saves $33 for 1M requests.
With larger models such as GPT-4.1 or Llama 405 Turbo, the break-
even point is lower than 10,000 requests, and Poodle is 60→ ($850)
and 82→ ($1420) cheaper for 1M requests.

These results already suggest that signi!cant savings are possible,
and we expect real-world savings to be even greater. We make very
conservative assumptions and LLM #agship prices are currently
subsidized by major providers, often leading to net losses [27, 32].
Takeaway: Under conservative assumptions for task identi!-
cation, JITR amortizes its overhead a"er a moderate number
of instances and achieves signi!cant cost reductions at scale.

4.2 Inference Time - Self-hosted Models
For this experiment, we consider a scenario where the user is locally
hosting models and wants to use JITR to lower their inference
time and resource consumption. We determine the inference time
break-even point, which is the number of requests after which JITR
with Poodle becomes faster than using an LLM. We measure the
inference latency using di"erent batch sizes and the IMDB dataset
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3 Poodle: A Just-in-Time Model Replacement
Prototype

In this section, we present Poodle, a proof-of-concept prototype for
JITR. As shown in Figure 4, Poodle consists of four components.

Data Collector. The Data Collector identi!es tasks and collects
training data. It continuously monitors incoming requests and the
LLM’s responses to collect a dataset for training. Additionally, it
gathers metadata and performance metrics for request serving,
including cost, inference latency, and the number of tokens. For all
additional recurring task metadata, such as the input data type, the
task type, and other metrics, Poodle groups incoming requests by
their pre!x and, for a subset of requests, uses an additional prompt
to simultaneously extract metadata and answer the user query.

Model Generator and Model Store. The Model Generator receives
task de!nitions from the Data Collector, including the training
dataset that has been collected for the task. It uses a subset of
the target dataset to issue a model search request to the Model
Store. The Model Store follows Alsatian’s [30] baseline and ranks all
models by approximating how well a speci!c model will perform
when being fully !ne-tuned. The Model Generator uses the training
dataset consisting of LLM requests and responses to distill [14] the
knowledge of the LLM into the small model via !ne-tuning to
create a surrogate model. Finally, it persists the surrogate model in
the Model Store for future use.

Model Monitor. The Model Monitor evaluates candidate models
against the deployed LLM. Utilizing and extending the data col-
lected by the Data Collector, the Model Monitor tracks inference
latency, accuracy, and costs for both models. Once a candidate
demonstrates comparable accuracy at a lower cost, the monitor
automatically replaces the model or issues a model-replacement
o"er to the user for explicit approval.

After deployment, the Model Monitor continuously tracks the
new model’s performance and periodically compares it to the LLM
to detect data drift. While we leave the implementation of calculat-
ing energy consumption or the CO2 footprint, as well as continuous
monitoring, for future work, we estimate the cost savings as fol-
lows. For the LLM cost, we track the number of input and output
tokens and multiply them by the cost as listed by the LLM provider.
To estimate Poodle’s cost, we sum (i) the cost to process the !rst 𝐿
wrapped requests, (ii) an estimate of the surrogate model develop-
ment cost, and (iii) the cost for processing remaining requests with
the surrogate model.

Table 1: Model pricing per 1million tokens, date August 2025.
Model Input Output Provider Ref
GPT-4.1 $2.00 $8.00 OpenAI [1]
GPT-4.1-nano $0.10 $0.40 OpenAI [1]
Llama 405B Turbo $3.50 $3.50 TogetherAI [4]
Llama 8B $0.20 $0.20 TogetherAI [2]
BERT 80M $0.01 $0.01 TogetherAI [3]
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Figure 5: Cost analysis when replacing an LLM.

4 Preliminary Results
We conducted preliminary experiments to demonstrate that JITR
is e"ective. We !rst examine cost reduction in Section 4.1 and in-
ference time reduction in Section 4.2 before analyzing the e"ect
of JITR on accuracy in Section 4.3 and demonstrating that model
search followed by !ne-tuning outperforms other model develop-
ment approaches in Section 4.4. Unless stated otherwise, we use
sentiment classi!cation on the IMDB movie reviews dataset [18]
for our evaluation and assume that every request processed by the
LLM is wrapped in an additional prompt for metadata extraction,
resulting in conservative estimates of cost and latency savings.

4.1 Monetary Cost - Client-side JITR
For this experiment, we consider a scenario where the user of an
LLM provider wants to use JITR to lower their cost. To determine
the cost break-even point, which is the number of requests after
which JITR with Poodle is cheaper than using an LLM, we use the
prices from Table 1, assume a switch from the LLM to a custom
BERT model after 5k requests, and assign a development cost of $4,
which roughly equals three hours of an AWS A10G GPU instance.

Figure 5 shows the break-even point and cost reduction for dif-
ferent LLM models. For GPT-4.1 nano Poodle breaks even after
approximately 100,000 requests, and saves $33 for 1M requests.
With larger models such as GPT-4.1 or Llama 405 Turbo, the break-
even point is lower than 10,000 requests, and Poodle is 60→ ($850)
and 82→ ($1420) cheaper for 1M requests.

These results already suggest that signi!cant savings are possible,
and we expect real-world savings to be even greater. We make very
conservative assumptions and LLM #agship prices are currently
subsidized by major providers, often leading to net losses [27, 32].
Takeaway: Under conservative assumptions for task identi!-
cation, JITR amortizes its overhead a"er a moderate number
of instances and achieves signi!cant cost reductions at scale.

4.2 Inference Time - Self-hosted Models
For this experiment, we consider a scenario where the user is locally
hosting models and wants to use JITR to lower their inference
time and resource consumption. We determine the inference time
break-even point, which is the number of requests after which JITR
with Poodle becomes faster than using an LLM. We measure the
inference latency using di"erent batch sizes and the IMDB dataset
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(1) LLM and JITR break even in less than 100,000 requests.

(2) BERT processes 19.6× more items per second.
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requests more than 10×.

(4) Real LLMs orders of magnitude larger than Llama-2-7B
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Table 2: Accuracy of BERT model !ne-tuned on IMDB data.
Ground Truth LLM-Generated

# Items Accuracy Epochs Accuracy Epochs
500 0.86 9 0.88 6

1,000 0.88 5 0.88 7
2,000 0.89 3 0.88 5
5,000 0.90 5 0.90 2

on an NVIDIA RTX A5000 GPU for (i) a BERT model, (ii) a Llama-2-
7B model using a base prompt, and (iii) a Llama-2-7B model using a
longer (wrapped) prompt. An LLM approach using Llama-2-7B and
a JITR approach (starting with Llama-2-7B and switching to BERT
after 5,000 requests) break even within the !rst 100,000 requests.
Llama-2-7B processes 13 items per second at a maximum batch size
of 16 while BERT processes 19.6→ more items in the same time at
a maximum batch size of 128. The time reduction increases with
larger request volumes. For 1M requests, Poodle takes 7.5→ less time
than the LLM, and for 2M requests more than 10→. Since Llama-2-
7B is a small model compared to a "agship LLMs and all requests
are wrapped, we expect real-world speedups to be even larger.
Takeaway: For local deployment, even when using a small LLM
as the baseline, JITR signi!cantly reduces inference time.

4.3 Accuracy
In this section, we show that small models can compete with LLMs
on simple tasks. We use 10,000 random items from the IMDB dataset
with a 50/50 training-test split and compare the accuracy of an
LLM [20] with the accuracy of a BERT [13] model !ne-tuned on
the ground truth or LLM generated labels. The LLM reaches an
accuracy of 0.926 on the training and 0.937 on the test data. The
results for the BERT model in Table 2 show that a surrogate model
reaches competitive accuracy, even though (i) we do not tune hy-
perparameters, (ii) the LLM might have seen the IMDB data before,
(iii) and that BERT uses 256 tokens while the LLM sees 1024.

Related work has come to similar conclusions. Across multiple
studies and datasets, !ne-tuned models (e.g., RoBERTa) consistently
outperform LLMs on text classi!cation tasks [6, 7, 10, 12]. Pan-
gakis et al. [23] avoid test-set contamination and compare GPT-4
few-shot performance with small models trained on either human
or GPT-4–generated labels. Small models trained on the ground-
truth slightly outperform GPT-4, and those trained on GPT-4 labels
achieve accuracy nearly matching GPT-4 itself.
Takeaway: For the well-scoped tasks, smaller, specialized mod-
els achieve accuracy that is competitive with LLMs.

4.4 Model Search
In this section, we show that (1) model search identi!es the most
promising model and (2) using !ne-tuning, outperforms other ap-
proaches in development time, accuracy, and required dataset size.

We select ten models from Hugging Face, including the base
version of BERT, three models trained for sentiment classi!ca-
tion [29, 35], and six task-speci!c non-sentiment classi!cation
models to evaluate the rankings produced by model search. We use
Alsatian’s [30] baseline approach and 500 test and training sam-
ples to search the models and generate the ground truth ranking
by fully !ne-tuning all ten models. Model search ranks domain-
speci!c models lowest, the BERT base model in the middle, and

Figure 6: Time for di"erent model development approaches.

sentiment classi!cation models highest. The highest-ranked model
achieves the highest accuracy when being fully !ne-tuned.

We compare four approaches, all utilizing LLM-generated labels,
with the goal of reaching 0.89 accuracy. Our baseline collects 𝐿
LLM-generated labels and then !ne-tunes a standard BERT model
to evaluate model development time. For this, a minimum of 5,000
items are required to reach the target accuracy of 0.89, which takes
eleven minutes. The naive search baseline (S-naive) takes 53 min-
utes to !ne-tune all ten available models on 5,000 items and select
the best-performing one. It achieves an accuracy of 0.92. The model
search approach S-500 selects the best-performing model and !ne-
tunes it on 500 training samples. With under three minutes, it
completes 4→ faster than the baseline and 19→ faster than the naive
search while reaching an accuracy of 0.91. With 500 samples for
model search and 5,000 samples for !ne-tuning, S-5000 takes twelve
minutes and matches the accuracy of the naive search baseline
while being 4.4→ faster. When aiming for the highest accuracy us-
ing a naive search approach, model search is the bottleneck. In
our experiment, this shifts when using a more advanced search
method or more data for !ne-tuning than for searching. However,
the bottleneck shifts back to model search when searching through
all 6,000 !ne-tuned BERT variants or all 2M models on Hugging
Face. We can mitigate this by a model store that provides system-
level optimizations and advanced search capabilities. Following the
approach described in Section 2.2, we reduce the e#ective search
space to 70 models. Extrapolating from the S-5000 setting, which
requires approximately one minute to evaluate ten models, this
corresponds to an estimated search time of about 7 minutes. By
applying additional optimizations, such as partial model access, suc-
cessive halving, or loading compressed models, the overall search
overhead can be further reduced, at which point LLM inference for
data labeling becomes the dominant bottleneck again.
Takeaway: Model search followed by !ne-tuning outperforms
alternative model development approaches in development
time, accuracy, and required dataset size.

5 Summary and Discussion
We have demonstrated that JITR signi!cantly reduces inference
latency and resource requirements for recurring tasks while pro-
viding the same advantages for these tasks as using an LLM: (i) zero
manual model development, (ii) no need for manual data collection
and labeling, (iii) and no AI expertise required. Given the increasing
number of publicly available and privately stored models [11], it is
likely that a suitable model exists that can be !ne-tuned to produce
an accurate surrogate model. However, identifying the right base
model among millions of models that will lead to low development
cost and good accuracy requires further work on improving the
performance and e#ectiveness of model stores and model search.

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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Two main directions 

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

(2) Approximate model search
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
model that will be used for TL.

3 Bottlenecks Analysis
To better understand the bottlenecks in model search with fea-
ture extraction and the potential impact of caching (intermediate)
inference results, we measured the runtime for computing proxy
scores for a model in various settings. We focus on the individual
steps of: (1) preparing the model, (2) preparing the data including
preprocessing such as resizing of images, (3) extracting features
by performing inference on a target dataset or a subset of it, i.e.,
evaluating each block of the model on the output of the previous
block or, in case of the �rst block on the target data, and (4) calcu-
lating the proxy score by training and evaluating a linear classi�er
over the extracted features (result of inference with a particular
model). We vary the model architecture, dataset size, and the choice
of which intermediate inference results to cache. We only present
the most signi�cant insights here, for additional results please see
our supplementary technical report [1].

E�ects of Dataset Size. We observe that the runtime for larger
datasets [11] (Figure 5(a)) is dominated by inference, especially for
larger models such as ResNet-152, E�cientNetV2-L, and ViT-L-32.
For smaller datasets, which are representative of early iterations of
successive halving, the main bottleneck is preparing the model: for
96 data points as shown in Figure 5(c) and ResNet-152 (ViT-L-32)
almost 60% (80%) of the time is spent on preparing the model. An
exception are small models like ResNet-18 for which data prepara-
tion dominates, but even for ResNet-18 we observe that inference
only has a signi�cant impact for larger datasets.

Caching. To simulate caching of intermediate inference results,
we evaluated inference with the same models, but only for the last
= blocks of feature extraction instead of doing inference with all
blocks belonging to the feature extractor of the model. Figure 5(d)
shows the runtime distribution for preparing the data by loading
cached intermediate inference results from SSD and reusing them
so that we only evaluate the last= = 3 blocks of the feature extractor.
Preparing the model is now the dominating factor: ⇠40% for ResNet-
18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:

• Feature extraction (model preparation, data preparation, and
inference) is the overall bottleneck.

• Without caching, inference is the bottleneck for large datasets
and model preparation for smaller datasets. The exception
are small models for which data preparation dominates.

• When caching intermediate inference results and, thus, only
evaluating the last few blocks of a model’s feature extractor,
model preparation is the most signi�cant bottleneck.

(a) 9216 data points, no caching

(b) 1024 data points, no caching

(c) 96 data points, no caching

(d) 1024 data points, reusing cached input for the 3rd last block

Figure 5: Runtime breakdown for scoring a single model

4 Alsatian: E�cient Model Search
Having identi�ed model preparation and inference as the major
bottlenecks for scoring models in model search, we design our
framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
plans that are optimal as long as su�cient memory is available for
caching.

4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
including the substeps of feature extraction and proxy scoring for
all candidatemodels as e�ciently as possible. To optimize the search
we assume that we are given a storage budget B202⌘4 for caching
and access to a model store that allows access to models on a block-
level granularity. A model search query consists of conditions for
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
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Caching. To simulate caching of intermediate inference results,
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so that we only evaluate the last= = 3 blocks of the feature extractor.
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18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:

• Feature extraction (model preparation, data preparation, and
inference) is the overall bottleneck.

• Without caching, inference is the bottleneck for large datasets
and model preparation for smaller datasets. The exception
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Having identi�ed model preparation and inference as the major
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framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
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4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
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and access to a model store that allows access to models on a block-
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
model that will be used for TL.

3 Bottlenecks Analysis
To better understand the bottlenecks in model search with fea-
ture extraction and the potential impact of caching (intermediate)
inference results, we measured the runtime for computing proxy
scores for a model in various settings. We focus on the individual
steps of: (1) preparing the model, (2) preparing the data including
preprocessing such as resizing of images, (3) extracting features
by performing inference on a target dataset or a subset of it, i.e.,
evaluating each block of the model on the output of the previous
block or, in case of the �rst block on the target data, and (4) calcu-
lating the proxy score by training and evaluating a linear classi�er
over the extracted features (result of inference with a particular
model). We vary the model architecture, dataset size, and the choice
of which intermediate inference results to cache. We only present
the most signi�cant insights here, for additional results please see
our supplementary technical report [1].
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larger models such as ResNet-152, E�cientNetV2-L, and ViT-L-32.
For smaller datasets, which are representative of early iterations of
successive halving, the main bottleneck is preparing the model: for
96 data points as shown in Figure 5(c) and ResNet-152 (ViT-L-32)
almost 60% (80%) of the time is spent on preparing the model. An
exception are small models like ResNet-18 for which data prepara-
tion dominates, but even for ResNet-18 we observe that inference
only has a signi�cant impact for larger datasets.

Caching. To simulate caching of intermediate inference results,
we evaluated inference with the same models, but only for the last
= blocks of feature extraction instead of doing inference with all
blocks belonging to the feature extractor of the model. Figure 5(d)
shows the runtime distribution for preparing the data by loading
cached intermediate inference results from SSD and reusing them
so that we only evaluate the last= = 3 blocks of the feature extractor.
Preparing the model is now the dominating factor: ⇠40% for ResNet-
18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:
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4 Alsatian: E�cient Model Search
Having identi�ed model preparation and inference as the major
bottlenecks for scoring models in model search, we design our
framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
plans that are optimal as long as su�cient memory is available for
caching.

4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
including the substeps of feature extraction and proxy scoring for
all candidatemodels as e�ciently as possible. To optimize the search
we assume that we are given a storage budget B202⌘4 for caching
and access to a model store that allows access to models on a block-
level granularity. A model search query consists of conditions for
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
model that will be used for TL.

3 Bottlenecks Analysis
To better understand the bottlenecks in model search with fea-
ture extraction and the potential impact of caching (intermediate)
inference results, we measured the runtime for computing proxy
scores for a model in various settings. We focus on the individual
steps of: (1) preparing the model, (2) preparing the data including
preprocessing such as resizing of images, (3) extracting features
by performing inference on a target dataset or a subset of it, i.e.,
evaluating each block of the model on the output of the previous
block or, in case of the �rst block on the target data, and (4) calcu-
lating the proxy score by training and evaluating a linear classi�er
over the extracted features (result of inference with a particular
model). We vary the model architecture, dataset size, and the choice
of which intermediate inference results to cache. We only present
the most signi�cant insights here, for additional results please see
our supplementary technical report [1].

E�ects of Dataset Size. We observe that the runtime for larger
datasets [11] (Figure 5(a)) is dominated by inference, especially for
larger models such as ResNet-152, E�cientNetV2-L, and ViT-L-32.
For smaller datasets, which are representative of early iterations of
successive halving, the main bottleneck is preparing the model: for
96 data points as shown in Figure 5(c) and ResNet-152 (ViT-L-32)
almost 60% (80%) of the time is spent on preparing the model. An
exception are small models like ResNet-18 for which data prepara-
tion dominates, but even for ResNet-18 we observe that inference
only has a signi�cant impact for larger datasets.

Caching. To simulate caching of intermediate inference results,
we evaluated inference with the same models, but only for the last
= blocks of feature extraction instead of doing inference with all
blocks belonging to the feature extractor of the model. Figure 5(d)
shows the runtime distribution for preparing the data by loading
cached intermediate inference results from SSD and reusing them
so that we only evaluate the last= = 3 blocks of the feature extractor.
Preparing the model is now the dominating factor: ⇠40% for ResNet-
18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:

• Feature extraction (model preparation, data preparation, and
inference) is the overall bottleneck.

• Without caching, inference is the bottleneck for large datasets
and model preparation for smaller datasets. The exception
are small models for which data preparation dominates.

• When caching intermediate inference results and, thus, only
evaluating the last few blocks of a model’s feature extractor,
model preparation is the most signi�cant bottleneck.

(a) 9216 data points, no caching

(b) 1024 data points, no caching

(c) 96 data points, no caching

(d) 1024 data points, reusing cached input for the 3rd last block

Figure 5: Runtime breakdown for scoring a single model

4 Alsatian: E�cient Model Search
Having identi�ed model preparation and inference as the major
bottlenecks for scoring models in model search, we design our
framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
plans that are optimal as long as su�cient memory is available for
caching.

4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
including the substeps of feature extraction and proxy scoring for
all candidatemodels as e�ciently as possible. To optimize the search
we assume that we are given a storage budget B202⌘4 for caching
and access to a model store that allows access to models on a block-
level granularity. A model search query consists of conditions for

Bottlenecks

• Overall: feature extraction
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
model that will be used for TL.

3 Bottlenecks Analysis
To better understand the bottlenecks in model search with fea-
ture extraction and the potential impact of caching (intermediate)
inference results, we measured the runtime for computing proxy
scores for a model in various settings. We focus on the individual
steps of: (1) preparing the model, (2) preparing the data including
preprocessing such as resizing of images, (3) extracting features
by performing inference on a target dataset or a subset of it, i.e.,
evaluating each block of the model on the output of the previous
block or, in case of the �rst block on the target data, and (4) calcu-
lating the proxy score by training and evaluating a linear classi�er
over the extracted features (result of inference with a particular
model). We vary the model architecture, dataset size, and the choice
of which intermediate inference results to cache. We only present
the most signi�cant insights here, for additional results please see
our supplementary technical report [1].

E�ects of Dataset Size. We observe that the runtime for larger
datasets [11] (Figure 5(a)) is dominated by inference, especially for
larger models such as ResNet-152, E�cientNetV2-L, and ViT-L-32.
For smaller datasets, which are representative of early iterations of
successive halving, the main bottleneck is preparing the model: for
96 data points as shown in Figure 5(c) and ResNet-152 (ViT-L-32)
almost 60% (80%) of the time is spent on preparing the model. An
exception are small models like ResNet-18 for which data prepara-
tion dominates, but even for ResNet-18 we observe that inference
only has a signi�cant impact for larger datasets.

Caching. To simulate caching of intermediate inference results,
we evaluated inference with the same models, but only for the last
= blocks of feature extraction instead of doing inference with all
blocks belonging to the feature extractor of the model. Figure 5(d)
shows the runtime distribution for preparing the data by loading
cached intermediate inference results from SSD and reusing them
so that we only evaluate the last= = 3 blocks of the feature extractor.
Preparing the model is now the dominating factor: ⇠40% for ResNet-
18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:

• Feature extraction (model preparation, data preparation, and
inference) is the overall bottleneck.

• Without caching, inference is the bottleneck for large datasets
and model preparation for smaller datasets. The exception
are small models for which data preparation dominates.

• When caching intermediate inference results and, thus, only
evaluating the last few blocks of a model’s feature extractor,
model preparation is the most signi�cant bottleneck.

(a) 9216 data points, no caching

(b) 1024 data points, no caching

(c) 96 data points, no caching

(d) 1024 data points, reusing cached input for the 3rd last block

Figure 5: Runtime breakdown for scoring a single model

4 Alsatian: E�cient Model Search
Having identi�ed model preparation and inference as the major
bottlenecks for scoring models in model search, we design our
framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
plans that are optimal as long as su�cient memory is available for
caching.

4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
including the substeps of feature extraction and proxy scoring for
all candidatemodels as e�ciently as possible. To optimize the search
we assume that we are given a storage budget B202⌘4 for caching
and access to a model store that allows access to models on a block-
level granularity. A model search query consists of conditions for

Bottlenecks

• Overall: feature extraction

• For large datasets: inference
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
model that will be used for TL.

3 Bottlenecks Analysis
To better understand the bottlenecks in model search with fea-
ture extraction and the potential impact of caching (intermediate)
inference results, we measured the runtime for computing proxy
scores for a model in various settings. We focus on the individual
steps of: (1) preparing the model, (2) preparing the data including
preprocessing such as resizing of images, (3) extracting features
by performing inference on a target dataset or a subset of it, i.e.,
evaluating each block of the model on the output of the previous
block or, in case of the �rst block on the target data, and (4) calcu-
lating the proxy score by training and evaluating a linear classi�er
over the extracted features (result of inference with a particular
model). We vary the model architecture, dataset size, and the choice
of which intermediate inference results to cache. We only present
the most signi�cant insights here, for additional results please see
our supplementary technical report [1].

E�ects of Dataset Size. We observe that the runtime for larger
datasets [11] (Figure 5(a)) is dominated by inference, especially for
larger models such as ResNet-152, E�cientNetV2-L, and ViT-L-32.
For smaller datasets, which are representative of early iterations of
successive halving, the main bottleneck is preparing the model: for
96 data points as shown in Figure 5(c) and ResNet-152 (ViT-L-32)
almost 60% (80%) of the time is spent on preparing the model. An
exception are small models like ResNet-18 for which data prepara-
tion dominates, but even for ResNet-18 we observe that inference
only has a signi�cant impact for larger datasets.

Caching. To simulate caching of intermediate inference results,
we evaluated inference with the same models, but only for the last
= blocks of feature extraction instead of doing inference with all
blocks belonging to the feature extractor of the model. Figure 5(d)
shows the runtime distribution for preparing the data by loading
cached intermediate inference results from SSD and reusing them
so that we only evaluate the last= = 3 blocks of the feature extractor.
Preparing the model is now the dominating factor: ⇠40% for ResNet-
18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:

• Feature extraction (model preparation, data preparation, and
inference) is the overall bottleneck.

• Without caching, inference is the bottleneck for large datasets
and model preparation for smaller datasets. The exception
are small models for which data preparation dominates.

• When caching intermediate inference results and, thus, only
evaluating the last few blocks of a model’s feature extractor,
model preparation is the most signi�cant bottleneck.

(a) 9216 data points, no caching

(b) 1024 data points, no caching

(c) 96 data points, no caching

(d) 1024 data points, reusing cached input for the 3rd last block

Figure 5: Runtime breakdown for scoring a single model

4 Alsatian: E�cient Model Search
Having identi�ed model preparation and inference as the major
bottlenecks for scoring models in model search, we design our
framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
plans that are optimal as long as su�cient memory is available for
caching.

4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
including the substeps of feature extraction and proxy scoring for
all candidatemodels as e�ciently as possible. To optimize the search
we assume that we are given a storage budget B202⌘4 for caching
and access to a model store that allows access to models on a block-
level granularity. A model search query consists of conditions for

Bottlenecks

• Overall: feature extraction

• For large datasets: inference

• For small datasets: model preparation
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
model that will be used for TL.

3 Bottlenecks Analysis
To better understand the bottlenecks in model search with fea-
ture extraction and the potential impact of caching (intermediate)
inference results, we measured the runtime for computing proxy
scores for a model in various settings. We focus on the individual
steps of: (1) preparing the model, (2) preparing the data including
preprocessing such as resizing of images, (3) extracting features
by performing inference on a target dataset or a subset of it, i.e.,
evaluating each block of the model on the output of the previous
block or, in case of the �rst block on the target data, and (4) calcu-
lating the proxy score by training and evaluating a linear classi�er
over the extracted features (result of inference with a particular
model). We vary the model architecture, dataset size, and the choice
of which intermediate inference results to cache. We only present
the most signi�cant insights here, for additional results please see
our supplementary technical report [1].

E�ects of Dataset Size. We observe that the runtime for larger
datasets [11] (Figure 5(a)) is dominated by inference, especially for
larger models such as ResNet-152, E�cientNetV2-L, and ViT-L-32.
For smaller datasets, which are representative of early iterations of
successive halving, the main bottleneck is preparing the model: for
96 data points as shown in Figure 5(c) and ResNet-152 (ViT-L-32)
almost 60% (80%) of the time is spent on preparing the model. An
exception are small models like ResNet-18 for which data prepara-
tion dominates, but even for ResNet-18 we observe that inference
only has a signi�cant impact for larger datasets.

Caching. To simulate caching of intermediate inference results,
we evaluated inference with the same models, but only for the last
= blocks of feature extraction instead of doing inference with all
blocks belonging to the feature extractor of the model. Figure 5(d)
shows the runtime distribution for preparing the data by loading
cached intermediate inference results from SSD and reusing them
so that we only evaluate the last= = 3 blocks of the feature extractor.
Preparing the model is now the dominating factor: ⇠40% for ResNet-
18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:

• Feature extraction (model preparation, data preparation, and
inference) is the overall bottleneck.

• Without caching, inference is the bottleneck for large datasets
and model preparation for smaller datasets. The exception
are small models for which data preparation dominates.

• When caching intermediate inference results and, thus, only
evaluating the last few blocks of a model’s feature extractor,
model preparation is the most signi�cant bottleneck.

(a) 9216 data points, no caching

(b) 1024 data points, no caching

(c) 96 data points, no caching

(d) 1024 data points, reusing cached input for the 3rd last block

Figure 5: Runtime breakdown for scoring a single model

4 Alsatian: E�cient Model Search
Having identi�ed model preparation and inference as the major
bottlenecks for scoring models in model search, we design our
framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
plans that are optimal as long as su�cient memory is available for
caching.

4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
including the substeps of feature extraction and proxy scoring for
all candidatemodels as e�ciently as possible. To optimize the search
we assume that we are given a storage budget B202⌘4 for caching
and access to a model store that allows access to models on a block-
level granularity. A model search query consists of conditions for

Bottlenecks

• Overall: feature extraction

• For large datasets: inference

• For small datasets: model preparation

Model Overlap

• Number of frozen layers is hyperparameter 

• Patterns: last few, 25% of layers, and 50% of 

layers [19, 20, 21]

• Own analysis of over ~2800 models on HF
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we perform feature-based model scoring for the four remaining
models using the smallest two training data partitions ⇡1 and ⇡2
and use the test data ⇡C4BC to rank and prune two more models. In
the third iteration, we use all data (⇡1 to ⇡3) for feature extraction
and proxy scoring and prune one model leaving us with only one
model that will be used for TL.

3 Bottlenecks Analysis
To better understand the bottlenecks in model search with fea-
ture extraction and the potential impact of caching (intermediate)
inference results, we measured the runtime for computing proxy
scores for a model in various settings. We focus on the individual
steps of: (1) preparing the model, (2) preparing the data including
preprocessing such as resizing of images, (3) extracting features
by performing inference on a target dataset or a subset of it, i.e.,
evaluating each block of the model on the output of the previous
block or, in case of the �rst block on the target data, and (4) calcu-
lating the proxy score by training and evaluating a linear classi�er
over the extracted features (result of inference with a particular
model). We vary the model architecture, dataset size, and the choice
of which intermediate inference results to cache. We only present
the most signi�cant insights here, for additional results please see
our supplementary technical report [1].

E�ects of Dataset Size. We observe that the runtime for larger
datasets [11] (Figure 5(a)) is dominated by inference, especially for
larger models such as ResNet-152, E�cientNetV2-L, and ViT-L-32.
For smaller datasets, which are representative of early iterations of
successive halving, the main bottleneck is preparing the model: for
96 data points as shown in Figure 5(c) and ResNet-152 (ViT-L-32)
almost 60% (80%) of the time is spent on preparing the model. An
exception are small models like ResNet-18 for which data prepara-
tion dominates, but even for ResNet-18 we observe that inference
only has a signi�cant impact for larger datasets.

Caching. To simulate caching of intermediate inference results,
we evaluated inference with the same models, but only for the last
= blocks of feature extraction instead of doing inference with all
blocks belonging to the feature extractor of the model. Figure 5(d)
shows the runtime distribution for preparing the data by loading
cached intermediate inference results from SSD and reusing them
so that we only evaluate the last= = 3 blocks of the feature extractor.
Preparing the model is now the dominating factor: ⇠40% for ResNet-
18 up to ⇠90% for ViT-L-32, for other = see [1].

Summary. The key insights of our bottleneck analysis are:

• Feature extraction (model preparation, data preparation, and
inference) is the overall bottleneck.

• Without caching, inference is the bottleneck for large datasets
and model preparation for smaller datasets. The exception
are small models for which data preparation dominates.

• When caching intermediate inference results and, thus, only
evaluating the last few blocks of a model’s feature extractor,
model preparation is the most signi�cant bottleneck.

(a) 9216 data points, no caching

(b) 1024 data points, no caching

(c) 96 data points, no caching

(d) 1024 data points, reusing cached input for the 3rd last block

Figure 5: Runtime breakdown for scoring a single model

4 Alsatian: E�cient Model Search
Having identi�ed model preparation and inference as the major
bottlenecks for scoring models in model search, we design our
framework Alsatian for caching model blocks and intermediate
inference results during feature extraction. The core idea of Alsa-
tian is to optimize the performance of feature extraction through
caching and careful selection of a bene�cial execution order. As
these optimizations do not a�ect the results produced by feature
extraction, Alsatian can be deployed in any existing model search
system that uses feature extraction to improve its performance and
without a�ecting what models are returned.

We �rst give an overview of Alsatian in Section 4.1, discuss our
model and data store in Section 4.2, and describe our execution
engine in Section 4.3. Afterward, we discuss Alsatian’s planner in
Section 5 that uses a simple, yet e�cient, algorithm for generating
plans that are optimal as long as su�cient memory is available for
caching.

4.1 Alsatian Overview
The overall goal of Alsatian is to execute a model search query
including the substeps of feature extraction and proxy scoring for
all candidatemodels as e�ciently as possible. To optimize the search
we assume that we are given a storage budget B202⌘4 for caching
and access to a model store that allows access to models on a block-
level granularity. A model search query consists of conditions for
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• For large datasets: inference

• For small datasets: model preparation

• For partial models: model preparation

Model Overlap
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Optimized Feature Extraction Proxy Scoring
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Optimized Feature Extraction Proxy Scoring
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Optimized Feature Extraction Proxy Scoring
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score(M2)
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(1) Partial model access
• shorten model preparation time

(2) Caching
• avoid redundant inference

speeds up model preparation
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Optimized Feature Extraction Proxy Scoring

M1

M3

0.12 0.45 0.78
0.23 0.67 0.34
0.89 0.14 0.56

0.82 0.43 0.76

0.12 0.45 0.78
0.23 0.67 0.34
0.89 0.14 0.56

0.82 0.43 0.76

Data score(M1)
0.82

score(M3)
0.95

3

2 Caching1

Model
Store

M1: B1 B2 B3
M2: B1 B4 B5

B1 B2 B3 B4 B5 B6

Model BlocksModels

B1 B2 B3

B6

B4 B5 Alsatian Optimizations

B2 B6B1M3:
B7

B7

B2 B7B1M4:

M4
0.12 0.45 0.78
0.23 0.67 0.34
0.89 0.14 0.56

0.82 0.43 0.76

score(M4)
0.92

0.12 0.45 0.78
0.23 0.67 0.34
0.89 0.14 0.56

0.82 0.43 0.76

score(M2)
0.89M2

(1) Partial model access
• shorten model preparation time

(2) Caching
• avoid redundant inference

speeds up model preparation

(3) Execution planning
• maximizes positive effects

of caching
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1) Query: dataset & model constraints

2) Identify matching models

3) Split data for successive halving



...

r

Execution EngineExecution Planner

Model Store Data Store

B1 BnB2M1,...,Mn

Data M1,M3,M6Result:

100
011
010

100

100
011
010

100

KeepPrune M1,M3,M6M2,M4,M5

Caching Service...
100
011
010

100

0.82
100
010

101
011,

,

100
011
010

100

100
011
010

100

1

2 3

4 6

7

5

Approach – Alsatian

129

1) Query: dataset & model constraints

2) Identify matching models

3) Split data for successive halving

4) Generate a task tree
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1) Query: dataset & model constraints

2) Identify matching models

3) Split data for successive halving

4) Generate a task tree

5) Traverse task tree to generate an 

execution plan (list of steps):

• Inference

• Proxy Scoring

• Cache operation
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1) Query: dataset & model constraints

2) Identify matching models

3) Split data for successive halving

4) Generate a task tree

5) Traverse task tree to generate an 

execution plan (list of steps):

• Inference

• Proxy Scoring

• Cache operation

6) Execute execution plan
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1) Query: dataset & model constraints

2) Identify matching models

3) Split data for successive halving

4) Generate a task tree

5) Traverse task tree to generate an 

execution plan (list of steps):

• Inference

• Proxy Scoring

• Cache operation

6) Execute execution plan

7) Prune half of the models à repeat



Search over 35 models, find the best model

Evaluation – Search Time
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Search over 35 models, find the best model

Three dimensions: model similarity

Evaluation – Search Time

134

2
0

0
0

 it
em

s
8

0
0

0
 it

em
s

~50% retrained ~25% retrained top few retrained



Search over 35 models, find the best model

Three dimensions: model similarity, dataset size

Evaluation – Search Time
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Search over 35 models, find the best model

Three dimensions: model similarity, dataset size, model architecture

Evaluation – Search Time
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Search over 35 models, find the best model

Three dimensions: model similarity, dataset size, model architecture

Evaluation – Search Time
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Search over 35 models, find the best model

Three dimensions: model similarity, dataset size, model architecture

Evaluation – Search Time
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Co-Design Model Search and Model Store

12.05.26 139

Model Store

Data Collector

Model Monitor

Model Generator

Offer

Accept
...

Offer

Accept
...

Two main directions 

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

(2) Approximate model search



Model Search
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster

2M+ Models

6K Models
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster

2M+ Models

6K Models

1K Models
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster

2M+ Models

6K Models

1K Models
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster

M2,1

M1M1,2

M1,2

M1,n

M2 M2,2

M2,n

2M+ Models

6K Models

1K Models

70 Models



Model Search
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1) Filter by architecture

2) Filter by performance

3) Embed models

4) Hierarchical clustering

5) Search approx. cluster centroids

6) Search approx. within cluster

7) Search approx. within cluster

M2,1

M1M1,2

M1,2

M1,n

M2 M2,2

M2,n

2M+ Models

6K Models

1K Models

70 Models

Compression,
Partial Access, 

Caching 

Clustering
Index/
Filters
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Model Management

Model Management for Archival Model Management for Reuse

• Efficiently manage many DL models in 

a distributed environment

• Assumption: save often, read rarely

• MMlib and M3lib

• Efficiently access models to find the best 

candidate for transfer learning

• Assumption: read often, models overlap

• Poodle and Alsatian

Transfer Learning
(fine-tuning)

Set of Models
(in a model store)

?

https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2022/mmlib_edbt22.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/rabl/publications/2023/m3lib_edbt23.pdf
https://arxiv.org/abs/2512.05525
https://arxiv.org/abs/2512.05525
https://hpi.de/fileadmin/user_upload/90_Research_Groups/rabl/Documents/papers/2026/alsatian.pdf

