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ABSTRACT

With the rise of large language models (LLMs), organizations have
access to general-purpose models through high-level APIs. Many
organizations now outsource simple, repetitive tasks such as senti-
ment classification, support ticket labeling, or churn risk identifi-
cation to LLMs to save on data collection and preparation, model
selection, training, and deployment. However, such tasks can often
be solved equally well by much simpler models that are several
orders of magnitude more cost- and resource-efficient. In recent
work, we propose just-in-time model replacement (JITR). JITR fully
automates the process of switching between an LLM and a cheaper,
task-specific surrogate model, thus retaining the ease-of-use and
low development cost of outsourcing tasks to an LLM while sig-
nificantly reducing the inference cost of repetitive tasks. JITR is
enabled by advanced model search algorithms that search a model
repository to find and fine-tune an appropriate model for a task. In
this demonstration, we present JITR-Explore, a tool for exploring
the trade-offs involved in JITR. Through an interactive dashboard,
users can explore cost savings from using JITRs compared to LLMs
across a variety of tasks, controlling parameters such as the models
used and the number of expected requests.
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1 INTRODUCTION

LLMs combine state-of-the-art machine learning (ML) performance
with ease-of-use via standardized APIs. From a user’s perspective,
leveraging an LLM requires no ML expertise, comes without up-
front model development costs, and does not require data collection,
labeling, or preprocessing. This makes LLMs attractive for offload-
ing simple, recurring data-processing tasks. As an example, imagine
a medium-sized non-tech company that has to classify customer
reviews or forward support tickets to the right employee. While this
required the development of a custom model in the past, nowadays
companies increasingly offload these tasks to LLMs via API calls or
their data-warehouse provider [5, 9].
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The drawback of offloading narrow, long-standing tasks to LLMs
is their high cost. A possible solution is to develop a specialized sur-
rogate model for the target use case, but this comes at the expense
of usability and requires ML expertise and dataset curation.

To bridge this gap between easy-to-use but expensive LLMs and
cheap but difficult-to-use custom models, we proposed just-in-time
model replacement (JITR) [11]. Analogous to just-in-time compi-
lation, where slow interpreted code is replaced with equivalent
compiled code at runtime, JITR automatically detects when an LLM
handles simple repetitive tasks, develops a surrogate model, and
transparently replaces the LLM with the surrogate. This preserves
the ease-of-use of an LLM but at the low cost of a small model.

Analyzing the time spent in each JITR stage, we determined
that the most critical factor for effective, scalable JITR is cheap and
fast surrogate model development. This allows JITR to amortize
monitoring and model development overheads and replace LLMs as
early as possible. The key enabler for this is an efficient model store
that supports fast model search. Such a model store must efficiently
store, index, retrieve, and search through large collections of models
and their metadata, which is a data management challenge that is
actively discussed in the community but far from solved [3, 7].

In this paper, we introduce JITR-Explore, an interactive dash-
board for exploring the effects of JITR. Starting from a predefined
scenario, attendees can modify parameters such as the LLM in use,
the target use case, prompt length, or expected request volume, and
observe the resulting impact on cost savings, throughput, and accu-
racy. The remainder of this paper is organized as follows. Section 2
provides an overview of JITR [11], followed by an introduction to
FITR-Explore in Section 3. Section 4 describes the proposed demon-
stration use cases, and Section 5 concludes the paper.

2 JUST-IN-TIME MODEL REPLACEMENT

Consider a scenario in which a company stores customer reviews
in a database table and assesses customer satisfaction by issuing a
semantic query that infers the sentiment of every review. A baseline
for implementing such a query involves selecting an LLM, writing a
prompt for the task, embedding each row into the prompt, sending
it to the LLM, waiting for a response, and extracting the result.
With JITR, we follow the four-stage approach shown in Figure 1,
which we implemented in our JITR prototype Poodle [11].
Data Collection & Task Detection (Stage 1). In the first stage,
we monitor the baseline workflow described above and feed the
results to Poodle’s Data Collector. We collect data such as task type
and input data modality, which we use to detect long-standing,
recurring tasks, and the LLM request-response pairs, which we use
to compose a labeled training dataset for a task.
Model Development (Stage 2). Once the Data Collector identifies
a recurring task, it forwards all related data to Poodle’s Model Gen-
erator, which develops a specialized surrogate model and deploys


https://doi.org/10.14778/3827998.3828094
https://github.com/hpides/poodle/tree/demo
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/10.14778/3827998.3828094
https://www.acm.org/publications/policies/artifact-review-and-badging-current

Y

Y L 4

A7
Data Collector

Model Generator

Model Monitor

review |sentiment |]|][||]|] </> @
LLM RequeSts Model Store small model Offer small model LLM
: - 98% eq. results
Responses — - 20x cost savings
i =] |<- x| | [Response| [Response J— Response Response
Data ‘ Baseline ‘ Stage 1 ‘ Stage 2 ‘ Stage 3 Stage 4

Figure 1: Four stage JITR workflow, including Poodle’s components (blue background).

it as an alternative to the LLM. The Model Store supports the model
development process by providing access to previously developed
models, and stores new models developed during JITR.
Replacement Decision (Stage 3). The Model Monitor monitors
the surrogate model’s behavior by routing a fraction of requests
to both the LLM and the surrogate model to estimate cost savings,
latency improvements, and differences in accuracy. If the surrogate
model performs well, the Model Monitor offers the user to switch
to the surrogate model for future requests.
Surrogate Deployment (Stage 4). If the user accepts, the Model
Monitor’s offer, Poodle routes all new incoming requests to the sur-
rogate model. Additionally, the Model Monitor continues to monitor
the surrogate model’s performance by sending a fraction of the
requests to the LLM and comparing the LLM’s and the surrogate
model’s outputs to detect deteriorating performance or data drift.
In our previous paper [11], we show that: (1) JITR amortizes the
custom model development overhead and leads to significant cost
savings; (2) JITR reduces the inference time and latency even if the
initially used LLM is small; (3) and that for sufficiently narrow tasks,
small models developed with JITR achieve competitive accuracy.
We refer the reader to our Poodle paper [11] for details, but briefly
review task detection and model development.
Task Detection. Poodle detects tasks using wrapper prompts. As-
suming the user request consists of a prompt and input data, a
wrapper prompt extends the user prompt and instructs the LLM to
produce two outputs. The first output is the response to the user
prompt, combined with the input data; the second output is the
metadata needed for JITR. In Poodle’s standard implementation,
every LLM request is extended by a wrapper prompt. For this demo,
a fraction parameter controls the share of wrapped requests.
Model Development. Poodle’s Model Generator develops models
by combining model search [8] and model fine-tuning. Poodle’s
Model Generator uses the labeled dataset collected by the Data
Collector to issue a model search query to the Model Store. Given
the dataset, the Model Store uses Alsatian’s [10] baseline model
search algorithm to identify the most promising candidate for fine-
tuning. In a second step, the Model Generator uses the LLM-labeled
dataset to fine-tune the model retrieved from the Model Store. The
rationale for this two-stage process is that using model search to
identify suitable base models for fine-tuning outperforms standard
fine-tuning in terms of accuracy, required data, and development
time [8, 11], which allows us to replace the LLM with a high-quality
surrogate model early-on.
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3 JITR-EXPLORE

In this section, we first describe JITR-Explore’s user interface in
Section 3.1, provide details on our cost estimation in Section 3.2,
and discuss estimating other metrics and current limitations of
FITR-Explore in Section 3.3. The Poodle prototype and experimental
code were primarily developed by the authors with Al assistance.
The UI was generated using Al tools, and its outputs were validated
against ground-truth measurements.

3.1 User Interface

Figure 2 shows JITR-Explore’s user interface. At the top, JITR-
Explore shows the selected scenario, plots, and key statistics for
comparing the baseline LLM approaches in Poodle. The plots show
a cost comparison and a break-even analysis. The statistics shown
by the system include expected cost savings, the break-even point,
the earliest time to switch models, expected accuracy, expected
throughput, and the time required to process the expected num-
ber of requests. Next to the metrics, symbols indicate whether the
displayed values are from external sources (e.g., model prices as
provided by the LLM provider), measured by us (e.g., accuracy and
throughput), or calculated (e.g., cost savings).

Attendees begin with a predefined or empty scenario and modify
it to update the plots and statistics. The area in the green solid box
provides an overview of different models with their input (pi,) and
output (pout) token prices. Attendees can add custom models, select
the LLM baseline models, and the type of surrogate model.

In the area highlighted by the orange dashed box, the Use Case
panel lets attendees specify input data (xinpus), @ prompt (Xpromps),
and output (Xouspur) data. The Task Detection panel lets them specify
whether a wrapper prompt is used, and if so, the content (Xyrapper)s
the expected output (X\rapper_our), and the fraction of wrapped
requests (). In the area highlighted by the red dotted box, the Re-
quests panel lets attendees specify the expected number of requests
(R) and the threshold after which we switch to the surrogate model
(Rdetect)- The Validation panel lets them configure the fraction of
requests sent to each model during monitoring ().

In the Model Development Panel, attendees set model develop-
ment costs, choose the model development technique, and explore
model development internals by pressing the Details button. The
model details view shows multiple panels, each simulating a specific
model search technique. Figure 3 shows the panel for Alsatian’s
baseline model search, which estimates each model’s fine-tuning
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Figure 2: JITR-Explore’s user interface.

performance via a proxy score [10]. The start button runs a simu-
lation based on actual measurement traces, with the timer in the
top-right corner indicating the model search time. First, the sys-
tem collects 1000 LLM-labeled items. It then sequentially generates
proxy scores for each candidate model and sorts the models by
performance. In the example shown, the top model reaches an esti-
mated accuracy of 0.9 on the labeled data, the second model 0.72,
the third is being evaluated, and the remaining models are queued.

3.2 Cost Estimation

LLM Approach Cost Estimation. We define the cost of processing
an average request as the sum of input and output token costs. A
request consists ofa system prompt xXprompt and user input Xinput;
the model produces an output Xouput- Let t(x) denote the token
count of a text x estimated by the tiktoken library [6], and let p,
and poy: denote the per-token prices for input and output tokens.
The cost of a single request with model M is:

™M= [t(xprompt) + t(xinput)] *Pin + t(xoutput) * Pout
For a workload of R requests, the total cost scales linearly:
Cm(R) =R -cum

The cost of the baseline with LLM M is thus Cgase = Cum(R).
Poodle Cost Estimation. The total cost of Poodle, Cpyodie, cCOM-
prises four components: (i) task detection during the initial request
phase, (ii) developing the small model, (iii) serving requests with
the fine-tuned small model, and (iv) ongoing quality monitoring.

Cpoodie = Cdetect + Cdev + Cserve + Cmonitor

Task Detection (Cgetect). Before replacing the LLM M with a sur-
rogate model, Poodle processes Ryetect Tequests using M. A fraction
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Figure 3: Excerpt of Model development details.

«a of these are wrapped requests, the remaining 1 — « are not:
Cetect = C}\\V/lrap [6( : Rdetect] +Cum [(1 - 6() : Rdetect]

Processing a wrapped request with model M includes the cost of the
wrapper prompt Xyrapper (input) and additional output Xy rapped_output:

wrap __

M [t(xprompt) + t(xwrapper) + t(xinput)] * Pin

+ t(xwrappediout) * Pout

C

Model Development (Cgey). We estimate the development cost of
the surrogate model SM by multiplying the GPU-hours required by
the on-demand price of an AWS EC2 G5 instance (with an NVIDIA
A10G GPU), which closely matches our setup, at $1.20/hr [1].

Cgev = tdey - $1.20/hr

Model Serving (Cserve). Once the small model is deployed, it han-
dles the remaining R — Ryetect requests:

Cserve = Csm [R - Rdetect]

Quality monitoring (Cyonitor). To detect quality degradation, Poo-
dle periodically forwards a fraction f§ of requests to the LLM:

Crnonitor = CLLM [ﬁ : (R - Rdetect)]

3.3 Measurements and Limitations

Statistics. JITR-Explore dynamically updates costs based on user
inputs as described above. Measuring model accuracy, throughput,
and model development time for the given configuration takes too
long for interactive updates. We instead provide estimates for a
subset of configurations based on our actual measurements using a
server with an NVIDIA RTX A5000 GPU.

Combination of Measured and Reported Numbers. For some
metrics, we combine measured results to extrapolate new metrics,
in other cases, we combine measured results with reported num-
bers by other sources. For example, when reporting BERT results,
we measure accuracy, throughput, and model development time.
However, it is difficult for us to estimate the true cost of hosting a
BERT model as an LLM-provider. We rely on the reported prices
of the model closest to our locally measured model. To report the
minimum time to process all requests, we combine our model de-
velopment time and throughput measurements.

Evaluation Scope. Our current prototype handles classification
tasks, and our evaluation covers IMDB sentiment classification us-
ing BERT as a surrogate model. In future work, we plan to expand



both the evaluation datasets and task types, covering more complex
semantic operators, such as summarization, entity resolution, and
text2sql. BERT and similar surrogate architectures are unlikely to
have been pre-trained on common benchmarking datasets such as
IMDB, giving a realistic lower-bound accuracy estimate when train-
ing the surrogate model on LLM-labeled data [2]. LLMs, however,
likely incorporate such datasets into their pre-training data, giving
them an advantage on these benchmarks.

4 DEMONSTRATION

With JITR, we bridge the gap between easy-to-use but expensive
LLMs and difficult-to-use but efficient custom models by automat-
ically replacing LLMs with cheaper models. Using FITR-Explore,
attendees explore cost savings, throughput improvements, and gain
an intuition for the performance-accuracy trade-off when using
JITR. Throughout the demonstration, attendees analyze the impact
of different numbers of requests, model combinations, and model
development methods. Other configuration settings, such as custom
prompts, custom models, or different task-detection methods, are
fully functional in JITR-Explore but are omitted for space reasons.
Initial Configuration. Attendees start the demo either by select-
ing one of the predefined scenarios or by starting the configuration
from scratch. Let us assume we currently use GPT-4.1 with a price
point of $2 for 1M input tokens and $8 for 1M output tokens. We
further expect approximately 50,000 requests to the LLM and a
use case similar to IMDB sentiment classification [4]. By default,
we detect tasks by wrapping all incoming requests, sending 10%
of the requests for validation, using the base model development
approach, and switching after 5,000 requests to a BERT model.
Analyzing Results. Once we have fully defined our scenario, atten-
dees analyze the costs of the LLM approach and our JITR prototype
Poodle for an increasing number of requests in the Cost Comparison
plot, and Poodle’s cost savings in the Cost Savings plot. Addition-
ally, ITR-Explore shows key statistics on the right. Attendees will
observe that: (1) the expected savings for this scenario are approxi-
mately $29, (2) the LLM-only approach and Poodle break even in
terms of cost after 9,000 requests, (3) with the current model devel-
opment approach, we can switch to a cheaper model after eleven
minutes (the time-to-switch), (4) and that the surrogate model is
competitive, achieving an accuracy of 0.89 with a throughput of
254 items/s. Starting from this scenario, attendees can now analyze
how different factors influence the reported numbers.
Modifying Number of Requests. Increasing the number of re-
quests to 1M and then to 10M leads to a recomputation of Cgyse and
Cpoodle, resulting in updated cost plots as well as adjusted savings
of approximately $700 and $7,000, respectively.

Choosing a Different LLM. Changing the LLM to the smaller
LLama 8B model triggers a re-estimation of Cgyge, decreases the
cost savings to $630, and shifts the break-even point to 12,000
requests. Additionally, measured accuracy and throughput numbers
are available for LLama 8B, showing that Poodle’s surrogate model
has competitive accuracy and 20X higher throughput.
Analyzing Effects of Model Search. We next reduce the num-
ber of requests to 500K and fix the surrogate model architecture.
Changing Poodle’s model development approach affects all metrics
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except the baseline’s accuracy and throughput. While cost differ-
ences are marginal, the effects on the time-to-switch, the surrogate
model’s accuracy, and the time to process all requests are signifi-
cantly impacted. When adjusting the model development approach
from base which takes a standard BERT model and fine-tunes it on
the LLM generated labels to S-Naive which searches for the best
model by fine-tuning all BERT models in the model store, attendees
observe an increased surrogate accuracy of 0.92 but a steep increase
for the time-to-switch (53 minutes) and the processing time for
all requests (1.4 hours). Switching to S-500, which approximates
the search [10, 11], accuracy only decreases by 1%, but the time-to-
switch is now less than 3 minutes and also total processing time
for all requests is significantly reduced.

5 CONCLUSION

We introduce JITR-Explore, an interactive user interface for explor-
ing cost savings, throughput improvements, and accuracy trade-offs
achieved by automatically replacing LLMs with custom surrogate
models using just-in-time model replacement (JITR). Attendees can
explore a variety of different scenarios to understand the impact
of key parameters including the LLM used, the expected number
of LLM requests, and the choice of model search technique. Our
demonstration shows that JITR achieves significant cost savings
at competitive accuracy when backed by an efficient model search
system for transfer learning such as Alsatian [10].
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