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Abstract—Motivated by the growing need for private, low-
latency language processing at the edge, we present an on-
device speech summarization system that enables users to convert
long-form spoken content into queryable summaries, eliminating
the need for cloud services. Our system integrates Whisper
for transcription, lightweight on-device Large Language Mod-
els (ODLLMs) for summarization, and a retrieval-augmented
question answering (QA) module for post-hoc interaction. To
address the limitations of ODLLM models with small context
windows and constrained memory, we introduce a recursive
refinement strategy that segments transcripts into overlapping
chunks and conditions each summary on both local context and
prior outputs. With supporting documents, the system further
enhances understanding via semantic retrieval from a local vector
store. Final outputs are serialized into a four-field summary
schema to support downstream indexing and interactive retrieval.
Experimental results demonstrate that this pipeline runs efficiently
and produces coherent summaries suitable for QA applications.

Index Terms—On-device language models, Speech summariza-
tion, Whisper ASR, Recursive refinement, RAG, Low-resource
inference

I. INTRODUCTION

In an era of information overload, audio content such as
lectures, meetings, and interviews plays an increasingly crit-
ical role across educational, professional, and organizational
settings. However, the unstructured and ephemeral nature of
spoken data poses significant challenges for efficient informa-
tion access and summarization. Manual note-taking is not only
time-consuming but also error-prone.

The rise of large language models (LLMs) has enabled
high-quality abstractive summarization by capturing contextual
nuances and generating coherent narratives from long-form text.
These capabilities have accelerated the development of speech
summarization tools, especially when transcribed speech can
be processed via cloud-hosted LLMs [1]. However, for many
real-world use cases, such as sensitive meetings, corporate
communications, or healthcare conversations, outsourcing data
to external servers is not a viable option. Furthermore, cloud-
hosted LLMs often require high-bandwidth connections and

introduce unpredictable delays, limiting their usability in time-
critical or offline scenarios [2] [3].

Deploying LLMs directly on local hardware offers a promis-
ing path forward for enhancing privacy and accessibility [4].
Small-scale LLMs with fewer than 10 billion parameters, such
as Phi [5], Gemma, and TinyLlama (0.5B–3B), offer viable
alternatives when paired with efficient runtimes and prompt
tuning [6]. Prior work [7] has focused on large-scale end-to-end
speech summarization using multi-stage training and Q-Former
alignment, while systems like T5-small-gTTS [8] demonstrate
compact document summarization with audio output, but with-
out support for spoken input or on-device execution.

Nevertheless, small LLMs come with notable limitations:
they support shorter input contexts, may generate less reliable
outputs, and are more susceptible to hallucinations [9]. More-
over, evaluating summarization quality is challenging. Tradi-
tional metrics (ROUGE [10], BLEU [11]) offer lexical overlap
scores but miss semantic and factual alignment. Embedding-
based metrics (e.g., BERTScore [12], MoverScore [13]) better
capture meaning but lack interpretability.

To address these challenges, we propose a lightweight and
modular Voice Interpretation and Brief Extraction (VIBE) sys-
tem that enables efficient on-device summarization of tran-
scribed speech. The system is optimized for consumer-grade
hardware to eliminate reliance on external services and better
preserve user privacy. We adopt a recent LLM-based evaluation
framework that uses multi-step prompting to assess faithfulness,
completeness, and conciseness of the proposed system [14].

Our contributions are as follows:

• We design and implement a modular on-device speech-to-
summary pipeline that supports structured summarization
and retrieval-based QA.

• We conduct a comprehensive evaluation of 17 sub-3B
LLMs under realistic hardware and context constraints
using fine-grained LLM-based scoring.

• We analyze trade-offs between accuracy, latency, and con-
ciseness, offering practical guidance for future on-device
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summarization systems.

II. SYSTEM MODEL

Fig. 1. VIBE System Workflow: Transcription, Summarization, and Q&A

The architecture of VIBE is shown in Figure 1. The system
consists of three main stages: speech transcription, text sum-
marization, and retrieval-augmented question answering. In the
first stage, users either upload audio recordings or record live
audio through the web interface. The audio is then transcribed
into text using the Whisper automatic speech recognition (ASR)
model developed by OpenAI [15]. This transcription is seg-
mented and prepared as input for summarization. In the second
stage, the transcript is summarized using lightweight ODLLM
with our Recursive Refine Summarization design. Supporting
documents such as images or PDFs can optionally be provided
to enrich the summarization context. Finally, in the third stage,
the generated summaries are embedded and stored in a vector
database to enable semantic retrieval. Users can interact with
the Q&A system by asking questions, and the system responds
using retrieved context and local LLM inference. This modular
pipeline ensures low-latency, privacy-preserving summarization
and question answering, all performed on consumer-grade hard-
ware.

A. Metrics for Summarization Performance
To effectively evaluate the quality of summaries generated

by ODLLM, we adopt three complementary metrics: Faithful-
ness, Completeness, and Conciseness [14]. These dimensions
capture different yet essential aspects of summary quality and
are commonly used in recent research on LLM-based summa-
rization evaluation.

We first evaluate the factual accuracy of each sentence in a
model-generated summary. Given the source article (input text)
and a generated summary, the measure model is prompted to
classify each summary sentence into one of nine predefined
factuality categories:

• no error, out-of-context error, entity error, predicate
error, circumstantial error, grammatical error, co-
reference error, linking error, and other error.

Along with the classification, the measure model also returns
a concise explanation for each judgment. The complete task is
structured as a sentence-level categorization problem. Using the
results, we compute the Faithfulness score as the proportion of
summary sentences that are classified as no error. Faithfulness
F is defined as:

F(D,S) =
|Sfact|
|S|

, (1)

where S = {s1, . . . , sN} is the set of summary sentences and
Sfact ⊆ S is the subset marked as no error [14]. It assesses the
factual consistency of the summary with respect to the source
document. A summary is considered faithful if it does not
introduce hallucinated or incorrect information. This is a critical
requirement for real-world summarization systems, as factual
errors may mislead readers or distort the intended meaning of
the original content.

We then evaluate how well the generated summary captures
the essential information present in the reference summary. This
involves two substeps: Keyfact Extraction: Using the reference
summary, we apply the measure model to extract a list of up
to 16 key facts. Each key fact is a standalone factual statement
containing at most 2–3 entities [14] [16]. Keyfact Matching:
The generated summary is compared against each extracted
key fact. For every key fact, the measure model determines
whether it can be inferred from the summary (True/False) and,
if so, identifies the specific summary sentence(s) supporting
it [14]. The alignment results are represented as a bipartite
graph M = (K,S,E), where K = {k1, . . . , kM} is the set
of key facts, S is the summary, and each edge (k, s) ∈ E
denotes alignment between key fact k and summary sentence
s. Based on this, we compute two scores: Completeness and
Conciseness. Completeness measures the proportion of key
facts covered by the summary, while Conciseness reflects the
proportion of summary sentences that successfully convey at
least one key fact. Completeness Cpl is given as:

Cpl(K,S) =
|{k | ∃s, (k, s) ∈ E}|

|K|
. (2)

It measures the extent to which the summary covers the key
information from the source text. A complete summary should
include all essential facts or points to preserve the core message.
Incomplete summaries may omit important context, reducing
their usefulness [14]. Conciseness Ccn is defined as

Ccn(K,S) =
|{s | ∃k, (k, s) ∈ E}|

|S|
. (3)

It evaluates how efficiently the summary conveys the key
information. A concise summary avoids redundancy and exces-
sive verbosity, using the fewest sentences necessary to express
the main ideas. This is particularly valuable for on-device
applications, where output length and inference time are often
constrained [14].

B. Problem Statement

Let x ∈ Rn denote the raw audio waveform, W(·) is the
ASR function implemented by Whisper-tiny, and t =W(x) =
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(w1, . . . , w|T |) is the tokenized transcript. If a set of supporting
documents D = {d1, . . . , d|D|} is uploaded, each document
is chunked into passages C = {c1, . . . , c|C|} and embedded
as vi = E(ci) ∈ Rd using a sentence-transformer, yielding
a vector database V = {vi}|C|i=1.

We aim to produce a structured summary S =
(Ssetting, Stopic, Skey, Sbody) that maximizes factual consistency
while respecting on-device resource limits. Formally,

min
θ
Lsum

(
S, t,D

)
(4)

Here θ denotes the parameters of the chosen ODLLM model;
Lsum can be instantiated as the negative metrics’ score corre-
sponding to Faithfulness (F), Completeness (Cpl) and Concise-
ness (Ccn) defined in Eq. 1-3, so Lsum=−

(
λ1F+λ2Cpl+λ3Ccn

)
.

Problem (4) is tackled by a cascade of three modules:
(1) ASR: x

W−→ t. (2) Retrieval (optional): q = Q(t) →
ANN(q,V)→ R(t,D). (3) LLM Summarizer: Sθ

(
t,R

)
→ s.

Each module’s complexity and contribution are analyzed next.

III. METHODOLOGY

A. Whisper Integration and Parallel Transcription for Speech-
to-Text Processing

For the speech transcription component, we integrated Whis-
per, which provides several model variants of increasing size
and accuracy: tiny, base, and small. To meet on-device
performance constraints, we conducted a comparison of these
models in terms of both inference speed and transcription
quality.

To quantify the trade-off between accuracy and latency under
device-level constraints, we evaluated all three checkpoints on
251 clips sampled from the Mozilla Common Voice corpus and
measured their Word Error Rate (WER) [17].

WER =
Substitutions + Deletions + Insertions

Total Words in Reference
. (5)

The experiment reveals two key trends: (1) Differences in
WER among tiny, base, and small are not statistically
significant.(2) Inference time scales almost linearly with model
size, making tiny substantially faster than the larger check-
points while preserving accuracy. Consequently, the tiny
model is chosen as the default on-device ASR engine; its output
latency remains well within our system’s real-time budget
while delivering transcription quality comparable to the larger
variants.

To further enhance performance, the input audio is prepro-
cessed and segmented into smaller chunks based on silence
duration. These chunks are then processed in parallel using
multithreading. Once transcribed individually, the results are
aggregated to form the final transcript. This parallel processing
strategy reduces latency and makes the transcription process
more efficient on consumer-grade hardware.

B. Recursive Refine Summarization

Figure 2 illustrates our end-to-end, on-device speech summa-
rization pipeline. The system is orchestrated using LangChain,
and runs ODLLMs in the GPT-Generated Unified Format

Algorithm 1 Speech-to-Summary via Recursive Refinement
Input: Audio waveform x; document set D; chunk length L;

overlap δ; vector DB V; local LLM Sθ
Output: Structured summary s

1 t← WHISPERTRANSCRIBE(x) // speech-to-text
2 C ← CHUNK(t, L, δ) // token chunks with

overlap
3 sprev ← ∅
4 foreach ci ∈ C do
5 qi ← GENERATEQUERIES(ci) if D ̸= ∅ then
6 Ri ← ANN(qi,V)
7 else
8 Ri ← ∅
9 si ← Sθ

(
ci ⊕ sprev,Ri

)
sprev ← si

10 s← MERGESUMMARIES
(
{si}

)
return s

Fig. 2. Text Summarization Workflow

(GGUF) [18]. The pipeline is explicitly designed to address
the two key constraints of ODLLM: limited context window
size and restricted compute/memory budgets. To overcome these
limitations, we adopt a multi-stage summarization process that
integrates chunk-wise refinement, optional retrieval augmenta-
tion, and structured output formatting.

The pipeline begins with an audio waveform x, which
is transcribed using Whisper-tiny into a token sequence
t = (w1, w2, . . . , w|T |). In parallel, if users upload supporting
documents—such as images, PDFs, or scanned pages—they are
parsed, chunked, and embedded into a local vector store V via
ODLLM-compatible embedding models. These documents are
optional but can enrich summarization quality through retrieval-
augmented reasoning.

To handle the long and potentially noisy transcript t under
limited context capacity, we implement a recursive refinement
mechanism. The transcript is first segmented into overlapping
chunks using chunk_size L = 2048 and chunk_overlap
δ = 200 tokens. For each chunk ci, the ODLLM con-
ducts a lightweight preliminary analysis to identify ambiguous
or incomplete content. Based on this analysis, it generates
clarification-style queries, which are used to retrieve relevant
passages from the vector store V via Approximate Nearest
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Neighbor (ANN) search. The model then summarizes the
enriched context consisting of ci and the retrieved evidence,
while also conditioning on the previous chunk’s summary sprev
as auxiliary context. This recursive structure ensures that the
final output is both locally coherent and globally consistent.
When no supporting documents are available, the retrieval step
is skipped, and summarization is conducted solely based on
the transcript. This conditional design provides adaptability to
different use cases while preserving computational efficiency
on resource-constrained devices. Each final output is serialized
into a structured summary s as defined below:

Definition 1 (Summary Schema). A summary instance is a
tuple s = (sset, stop, skey, sbody) where sset, stop, sbody ∈ Σ∗

and skey = {k1, . . . , km} with ki ∈ Σ∗. The four fields capture
setting, topic, key terms, and the main body respectively,
facilitating downstream indexing and retrieval.

Each field in the Summary schema serves a specific purpose
in structuring the summarization output:

• setting: Describes the context or environment in which
the original audio took place, such as a classroom lecture,
team meeting, interview, or informal conversation. This
helps users quickly understand the situational background
of the transcript.

• topic: Identifies the main subject or focus of the dis-
cussion. This field provides a high-level overview of the
content and can aid in indexing or organizing summaries
across multiple sessions.

• key terms: A list of important terms, concepts, or named
entities extracted from the content. These serve as concise
indicators of what the conversation is about and support
search or tagging functionalities.

• summary: A concise but informative textual summary that
captures the key points, outcomes, or insights from the
original transcript. It is the primary output intended for
human consumption.

This structured format not only improves the readability
and usability of summaries but also facilitates integration into
downstream components such as retrieval systems or user
dashboards.

Finally, the structured summary s is embedded and indexed
into the local vector database. This allows the system to sup-
port retrieval-augmented generation (RAG) for future question-
answering tasks, even when the original transcript or audio is no
longer available. By embedding high-quality summaries rather
than raw input, the system achieves fast and lightweight QA
without compromising relevance. The Speech-to-Summary via
Recursive Refinement process is summarized as in Algorithm
1.

C. RAG-Based Question Answering Module
The final stage of the system enables users to interact with

previously summarized content via a RAG module for question
answering. This component elevates the system from a one-way
summarization tool to an interactive assistant capable of gener-
ating context-aware answers grounded in stored summaries.

When a user submits a query, the system first embeds the
question using the same embedding model employed during
summarization. It then performs a semantic similarity search
over the Chroma vector database, which contains the structured
summaries {si} generated and indexed in earlier sessions.
If relevant matches are found, the system extracts the most
pertinent portions of the summaries and packages them as
contextual input. This retrieved context, combined with the
user’s query, is passed to a lightweight local language model
executed via ODLLM. The model generates an answer that is
both relevant and grounded in prior content. If no sufficiently
similar summary is found, the system gracefully falls back to a
default response indicating that no answer is currently available.

The RAG module is designed to operate entirely on-device,
ensuring that user data—including both queries and sum-
maries—remains local and private. This architecture supports
flexible post-hoc access to previously captured knowledge
without requiring reprocessing of transcripts or audio. Typi-
cal use cases include querying past lecture points, reviewing
decisions from team meetings, or retrieving specific facts from
long discussions. More broadly, this module demonstrates how
structured summaries can serve not only as consumable outputs
but also as persistent, queryable knowledge stores—bridging the
gap between summarization and real-time interactive reasoning.

D. Web Platform Interface and User Flow

The VIBE web application provides an intuitive, step-by-step
interface for users to transcribe, summarize, and interact with
audio-based content. The user experience is divided into three
main modules: Transcript, Summary, and Ask.

Fig. 3. VIBE User Page: Transcript, Summary and Intelligent Q&A

Transcript Module: Users begin by uploading an audio
file (.mp3 or .wav) or recording directly in the browser.
The system uses Whisper to perform speech transcription, and
the output is displayed in a scrollable text box. Below the
transcription result, the system displays the processing time
for transparency. Summary Module: After the transcript is
generated, users can optionally upload supporting documents
(e.g., .pdf, .jpg, .png) to enrich the context. By clicking the
”Summarize” button, the transcript—along with any auxiliary
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Model Name Parameter Size (Billion)
ChatGPT-4o-latest 200+
llama3.2-1b 1
llama3.2-3b 3
gemma2-2b 2
qwen2.5-0.5b 0.5
qwen2.5-1.5b 1.5
qwen2.5-3b 3
opencoder-1.5b 1.5
smollm-1.7b 1.7
deepseek-r1-1.5b 1.5
tinyllama-1.1b 1.1
tinydolphin-1.1b 1.1
phi-2.7b 2.7
orca-mini-3b 3
hermes3-3b 3
stablelm-zephyr-3b 3
stablelm2-1.6b 1.6
granite3.1-dense-2b 2

TABLE I
PARAMETER SIZES OF ALL MODELS EVALUATED IN OUR SUMMARIZATION

EXPERIMENTS.

documents—is passed to an ODLLM, which generates a con-
cise summary. The summary is presented in a text area below,
along with processing time for the summarization step. Ask
Module: In the final stage, users can ask questions about the
summarized content in a conversational format. The question is
answered by the same language model, based on the summary
and uploaded documents. The chat interface supports dynamic,
follow-up queries, providing an interactive and intelligent Q&A
experience.

This structured, modular flow enables end users—such as stu-
dents, researchers, or meeting participants—to quickly extract
meaningful insights from spoken content using lightweight,
local models without relying on cloud-based services.

IV. SIMULATION RESULTS

To identify the most effective ODLLM model for VIBE,
a total of 17 language models with parameter sizes under
3 billion were selected as candidates, as listed in Table I
[6]. Each model was assessed using two different measure
models—ChatGPT-4o-latest and LLaMA3.3-70B—to ensure
robustness and reduce evaluation bias [19] [20]. We used the
publicly available BBC News Summary Dataset [21]. This
dataset consists of professionally written news articles across
five distinct categories: Business: 510 articles, Entertainment:
386 articles, Politics: 417 articles Sport: 511 articles, Tech: 401
articles. In total, the dataset contains 2,225 articles, each ac-
companied by a corresponding human-written summary. These
summaries serve as high-quality references for evaluating the
completeness and conciseness of model-generated outputs.

A. Performance of Individual Models

Table II presents the average scores of all models across
the three dimensions under both evaluators. From the table,
we can observe that ChatGPT-4o-latest (used here as
a candidate model) achieved the highest scores in all di-
mensions under both evaluations. Among on-device models,
gemma2:2b, llama3.2:3b, and stablelm-zephyr:3b

consistently performed well, with relatively high scores across
all metrics.

By contrast, smaller models such as tinydolphin:1.1b
and tinyllama:1.1b scored lower, especially in
faithfulness, highlighting potential factual consistency
issues. A notable finding is that some models, such as
granite3.1-dense:2b and phi:2.7b, showed strong
performance under one evaluator but moderate performance
under the other, reflecting how different LLMs may interpret
or detect errors differently.

B. Quantitative Comparison and Analysis

To better understand model performance from different per-
spectives, we analyzed the top-performing models under each
evaluation metric (faithfulness, completeness, and conciseness)
based on rankings by both measure models. Table III summa-
rizes the top one-third of models (top six out of eighteen) under
each dimension and evaluator.

Faithfulness. As expected, ChatGPT-4o-latest itself
ranks first under both evaluators, with a significant lead
when evaluated by its own model. Other strong mod-
els include gemma2:2b, granite3.1-dense:2b, and
stablelm-zephyr:3b, which appear in both rankings.
qwen2.5:3b is ranked fifth by ChatGPT-4o-latest and seventh
by LLaMA3.3, still indicating consistent quality. In contrast,
hermes3:3b ranks second under LLaMA3.3-70B but drops
to ninth under ChatGPT-4o-latest, reflecting some divergence
in error detection strictness between evaluators.

Completeness: Remarkably, the top one-third models
under this metric are identical for both evaluators.
granite3.1-dense:2b even slightly outperforms
ChatGPT-4o-latest, ranking first in both cases. Additionally,
opencoder:1.5b and smollm:1.7b, though smaller in
size, demonstrate strong key fact coverage, suggesting their
summaries retain more information, albeit with longer lengths.

Conciseness: The conciseness ranking is also highly consis-
tent across evaluators, with five out of six models appearing
in both lists. Notably, hermes3:3b ranks first in both, often
generating extremely short summaries, sometimes consisting of
a single sentence. While this boosts conciseness, it significantly
harms completeness—hermes3:3b ranks last in complete-
ness under both evaluators.

Cross-metric analysis. Among all candidates,
stablelm-zephyr:3b is the only on-device model
that appears in all six top-1/3 lists. This suggests it maintains
a good balance between factuality, informativeness, and
brevity. Conversely, models like smollm:1.7b and
opencoder:1.5b rank high in completeness but perform
poorly in conciseness, as they tend to generate lengthy and
sometimes repetitive summaries. deepseek-r1:1.5b
exhibits abnormal behavior by including internal reasoning
steps in the output, despite explicit instructions to avoid
that—an issue not observed in other models.

Remark on completeness scores: One notable observation is
that all models, including the strongest on-device ones, exhibit
relatively low completeness scores. This may be attributed to
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TABLE II
AVERAGE SCORES OF 18 CANDIDATE MODELS ACROSS THREE DIMENSIONS, EVALUATED BY CHATGPT-4O-LATEST AND LLAMA3.3-70B.

Model Faithfulness Completeness Conciseness
GPT-4o LLaMA3.3 GPT-4o LLaMA3.3 GPT-4o LLaMA3.3

llama3.2:1b 0.4343 0.6245 0.2997 0.3394 0.7663 0.7266
llama3.2:3b 0.5357 0.8069 0.3152 0.3506 0.8408 0.8130
gemma2:2b 0.6203 0.8156 0.3337 0.3664 0.7172 0.6696
qwen2.5:0.5b 0.2808 0.4128 0.2828 0.3269 0.6856 0.6153
qwen2.5:1.5b 0.3032 0.5904 0.2951 0.3322 0.8041 0.7682
qwen2.5:3b 0.6063 0.7670 0.4711 0.4942 0.6836 0.6558
opencoder:1.5b 0.5005 0.5455 0.4963 0.5149 0.5389 0.4893
smollm:1.7b 0.5982 0.6821 0.4201 0.4368 0.4931 0.4374
deepseek-r1:1.5b 0.3009 0.4400 0.3869 0.4196 0.6523 0.6065
tinyllama:1.1b 0.2013 0.3006 0.3627 0.4017 0.6625 0.6052
tinydolphin:1.1b 0.2565 0.3800 0.2991 0.3452 0.6044 0.5333
phi:2.7b 0.5151 0.6788 0.3691 0.4037 0.6786 0.6379
orca-mini:3b 0.6051 0.7584 0.3649 0.3967 0.6897 0.6489
hermes3:3b 0.5217 0.8757 0.2029 0.2378 0.9385 0.9130
stablelm-zephyr:3b 0.6665 0.8218 0.4312 0.4574 0.7151 0.6832
stablelm2:1.6b 0.4497 0.5883 0.3790 0.4121 0.6577 0.6174
granite3.1-dense:2b 0.6235 0.7792 0.5767 0.5940 0.6607 0.6374
chatgpt-4o-latest 0.8691 0.9512 0.5430 0.5610 0.6781 0.6598

several factors. First, the reference summaries often produce a
large number of fine-grained key facts, while most generated
summaries are considerably shorter. Second, the alignment
process requires strict evidence of factual inference, making
it difficult for short summaries to align with many key facts.
Finally, the summarization prompts do not explicitly encourage
exhaustive coverage, which naturally biases the models toward
brevity rather than recall.

TABLE III
TOP ONE-THIRD MODELS UNDER EACH EVALUATION METRIC, AS RANKED

BY CHATGPT-4O-LATEST AND LLAMA3.3-70B.

Metric Rank by GPT-4o Rank by LLaMA3.3-70B)

Faithfulness

1. ChatGPT-4o-latest
2. stablelm-zephyr:3b
3. granite3.1-dense:2b
4. gemma2:2b
5. qwen2.5:3b
6. orca-mini:3b

1. ChatGPT-4o-latest
2. hermes3:3b
3. stablelm-zephyr:3b
4. gemma2:2b
5. llama3.2:3b
6. granite3.1-dense:2b

Completeness

1. granite3.1-dense:2b
2. ChatGPT-4o-latest
3. opencoder:1.5b
4. qwen2.5:3b
5. stablelm-zephyr:3b
6. smollm:1.7b

1. granite3.1-dense:2b
2. ChatGPT-4o-latest
3. opencoder:1.5b
4. qwen2.5:3b
5. stablelm-zephyr:3b
6. smollm:1.7b

Conciseness

1. hermes3:3b
2. llama3.2:3b
3. qwen2.5:1.5b
4. llama3.2:1b
5. stablelm-zephyr:3b
6. gemma2:2b

1. hermes3:3b
2. llama3.2:3b
3. qwen2.5:1.5b
4. llama3.2:1b
5. gemma2:2b
6. stablelm-zephyr:3b

C. Case Study: FDA and COX-2 Inhibitors

To complement the quantitative analysis in Section 4.4, we
present a detailed case study based on a real-world article
concerning Parmalat, an Italian dairy company. This example
offers a closer look at how different models behave under
the evaluation framework and further supports several key

observations from earlier sections, such as the trade-off be-
tween conciseness and completeness, and variance in factual
consistency. Since ChatGPT-4o-latest and LLaMA3.3-70B yield
largely consistent evaluation results (see Section 4.4), we only
analyze evaluations conducted by ChatGPT-4o-latest in this
section for clarity.

We examine summaries from five representative mod-
els: ChatGPT-4o-latest, stablelm-zephyr:3b, smollm:1.7b, her-
mes3:3b, opencoder:1.5b, and deepseek-r1:1.5b.

This case study focuses on an article reporting on FDA’s
regulatory decision around COX-2 inhibitors, such as Vioxx,
and its implications on pharmaceutical companies. The article
discusses Merck’s legal and financial risks, potential drug
market returns, and the FDA’s structural response.

a) ChatGPT-4o-latest (candidate): ChatGPT’s summary
captures the main developments: Vioxx’s heart risk, Merck’s
legal liabilities, possible market returns, and the FDA’s internal
changes. All sentences are factually accurate, and 9 out of
10 key facts are correctly aligned. This again establishes the
benchmark performance.

b) stablelm-zephyr:3b: Stablelm-zephyr:3b generates a
balanced and coherent summary that includes key points about
Vioxx’s risks, the FDA panel vote, and Merck’s legal exposure.
It aligns with 8 of the 10 key facts and contains no major factual
inaccuracies. Its summary is appropriately concise, making it
one of the better-performing on-device models in this case. This
supports its consistent appearance in the top-performing group
across all metrics in Section 4.4.

c) smollm:1.7b: Smollm generates a very long and repet-
itive summary, restating the FDA panel vote and the risks of
Vioxx multiple times. While it includes all key information and
aligns with 9 key facts, it also introduces minor inconsistencies
and irrelevant phrasing. This mirrors the pattern observed in
Section 5.4, where smollm achieves high completeness but low
conciseness.
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d) opencoder:1.5b: Opencoder also produces an overly
long summary, reiterating content and including generic state-
ments. It aligns with 8 key facts but introduces minor factual
issues (e.g., misstating the degree of panel support). Its con-
ciseness score is low, and its faithfulness is degraded by one
”out-of-context error.” This supports the previous quantitative
analysis that opencoder tends toward verbosity.

e) hermes3:3b: Hermes3 outputs a single-sentence sum-
mary: “FDA panel supports return of painkillers linked to heart
risks.” While concise and grammatically clean, it aligns with
only 3 out of 10 key facts and lacks crucial detail about Merck,
legal risks, and regulatory changes. This continues the pattern
of extremely high conciseness but poor completeness.

f) deepseek-r1:1.5b: As in previous cases, Deepseek’s
summary includes reasoning-like preamble phrases such as “I
need to summarize this carefully”. Although some content is
correct and 7 key facts are matched, this stylistic violation,
along with minor factual errors, results in lower faithfulness.
This again confirms the unique behavioral flaw discussed in
Section 4.4.

This example further validates several trends noted in ear-
lier sections. Hermes3 over-optimizes for brevity, Smollm and
Opencoder struggle with length control, and Deepseek includes
unintended reasoning text. Stablelm-zephyr demonstrates a
strong balance between informativeness and succinctness. Mod-
els like ChatGPT and Stablelm-zephyr achieve more balanced
performance, confirming their high rankings in both quantitative
and qualitative assessments. These behavior-level observations
provide context for the performance results and further justify
the model rankings derived from empirical evaluation. They
also offer practical guidance for model selection in resource-
constrained applications where specific summary traits (e.g.,
brevity vs. coverage) are desired.

V. CONCLUSIONS

We have introduced a fully on-device pipeline for speech
summarization and retrieval-augmented question answering us-
ing Whisper and lightweight ODLLMs. By combining recursive
refinement, conditional retrieval, and a structured summary
schema, the system operates under tight resource constraints
while maintaining strong content fidelity. Unlike cloud-based
solutions, our design prioritizes privacy and latency, making
it suitable for use in settings such as meetings, lectures, and
mobile devices. Through chunk-based processing and local
vector search, the system is able to mitigate ODLLM limitations
such as small context windows and limited memory capacity.
Furthermore, the structured output format not only improves
readability but also enables persistent semantic indexing for
future QA interactions. This work highlights a practical pathway
toward conversational intelligence at the edge. Future directions
include adaptive chunking based on discourse boundaries, hy-
brid cloud–edge inference, and expansion to multilingual and
multimodal summarization scenarios.
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