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Abstract

Cascaded voice pipelines incur 1-2 second response latencies and hallucinate on domain-specific queries.

We propose endpoint anticipation - speculative LLM generation triggered by learned turn-end forecasting

-combined with context-aware RAG integration. Anticipation reduces latency by 33% (1.2s → 0.8s) and
recovers RAG-augmented latency from 1.7s to 1.3s; context-aware chunking improves retrieval hit rate

by up to 54 percentage points. These techniques are realised in FIT-Voice, a real-time academic voice

assistant for FIT BUT, with a question answering benchmark.
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1. Introduction

Advancements in spoken dialogue systems [1, 2] have

driven widespread adoption of speech technologies

across voice assistants [3], speech LLMs [4], customer

support, and emergency services. A cost-effective,

modular approach employs a cascaded pipeline: a

streaming ASR continuously transcribes incoming

speech, whose hypotheses are asynchronously pre-

filled into an LLM; upon end-of-turn detection [5],

the LLM halts prefill and begins generation, stream-

ing responses to a TTS system [6]. Despite heavy

optimization, such pipelines incur response latencies

of 1–2 seconds - far exceeding the 250 ms latency

of natural human conversation [7]. Beyond latency,

reliability is equally critical: relying solely on an LLM is

suboptimal for domain-specific queries, where knowl-

edge gaps can lead to hallucinations.

This work addresses both limitations with two con-

crete contributions. For latency, we propose the

first anticipation-based speculative generation tech-

nique for cascaded voice pipelines: a model estimates

end-of-turn probability within a short horizon and

speculatively triggers LLM generation on the partial

transcript, discarding incorrect anticipations silently

and playing correct ones immediately. This requires

no modification to the underlying ASR, LLM, or TTS

components, making it broadly applicable to any cas-

caded pipeline. For accuracy, we integrate Retrieval-

Augmented Generation (RAG) [8], grounding LLM

responses in a curated domain-specific knowledge

base with documents retrieved at runtime.

We implement both techniques within the Unmute 1

spoken dialogue system as modular APIs, and demon-

strate FIT-Voice on real-time spoken question answer-

ing over FIT BUT academic content, with evaluation

of response latency and a RAG-based text question

answering (QA) benchmark.

2. Proposed methodology

This section details the endpoint anticipation module,

RAG construction, and their integration into the voice

system.

2.1 Endpoint Anticipation

Given a speaker turn, we train a model to forecast

end-of-turn (EOT) within a defined horizon h (e.g.,

960 ms). Incoming speech is processed by a streaming

encoder - Mimi [9] at 12.5 Hz - and a frame-level

binary classifier is trained on top: frames in [0, EOT−
h) are labeled 0 and frames in [EOT−h, EOT] are
labeled 1. At inference, a probability threshold triggers

speculative generation.

2.2 RAG Data Curation

We identify FIT BUT webpages2 across categories

including personnel, courses, programmes, publica-

1https://github.com/kyutai-labs/unmute
2https://www.fit.vut.cz/
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tions, and projects, and build a targeted web scraping

pipeline handling their varied formats. Scraped con-

tent is structured into JSONs preserving hierarchical

metadata (e.g., person →research group), enabling
context-aware retrieval.

2.3 RAG System

We adopt a vector database [10] using pretrained

English embeddings [11], with documents embed-

ded in metadata-preserving chunks and hosted as a

lightweight low-latency retrieval API. Retrieval opti-

misation is left to future work.

2.4 RAG benchmark

To evaluate retrieval quality, we construct a text

question answering benchmark over the FIT BUT

database. For structured data, questions are pro-

cedurally generated from JSONs with paraphrased

variants (e.g., Who teaches course X?). For long-

form answers (e.g., What are the learning objectives

of course X?), reference answers are summarized us-

ing Olmo 3.1 32B [12]. Evaluation is performed using

an LLM-as-judge approach [13] with Qwen 2.5 4B

[14], scoring responses on a 1–5 scale, where 5 de-

notes a correct and complete answer, and 1 denotes

an incorrect or absent one.

2.5 System Integration

We build on the open-source Unmute spoken dialogue

system, hosting endpoint anticipation and RAG as

independent APIs integrated via WebSocket. Unmute

provides a live voice-to-voice interface accessible over

the browser. For reproducible evaluation, we addi-

tionally implement a file-based inference mode that

processes audio from disk and saves generated re-

sponses, from which latency metrics are extracted.

3. Results and discussions

Endpoint anticipation outperforms the VAP baseline

[15]: EPA-S achieves an MRA of 640 ms and HEA of

66.3% vs. VAP’s 19.2% at the same horizon (Table 1

in poster). The large HEA gap reflects that VAP,

being an unsupervised turn-taking module, does not

learn precise anticipation timings - whereas EPA-S

learns turn-final speech patterns, enabling reliable

early triggering.

Table 2 shows system latency evaluated on Full Du-

plex Bench [16]. Anticipation reduces Unmute latency

from 1.2s to 0.8s (33%), approaching the ∼250 ms
of natural human conversation. Notably, RAG inte-

gration alone inflates latency to 1.7s due to retrieval

overhead at the turn boundary; anticipation recovers

this to 1.3s by overlapping retrieval with the remaining

speech. This confirms that anticipation is practically

beneficial for real-time RAG-augmented voice sys-

tems.

Table 3 presents RAG benchmark results comparing

default vs. context-aware chunking. Context-aware

chunking (preserves hierarchical metadata during doc-

ument chunking) yields substantial hit rate gains

across most categories. The improvement comes

from richer chunk context, allowing the retriever to

better discriminate relevant documents. Longform

questions remain challenging regardless of chunking

strategy, as answers span multiple documents and

require synthesis rather than direct retrieval. LLM-

as-judge scores improve from 1.92 to 2.65 (top-1)

and 2.08 to 2.64 (top-5) overall, confirming that

metadata-preserving chunking meaningfully improves

end-to-end answer quality. Clear headroom remains

through re-ranking and retrieval-aware generation.

Note that the benchmark evaluates text-based re-

trieval; in practice, voice-based queries are additionally

affected by ASR transcription errors, which represent

a further source of degradation not captured here.

4. Conclusions

Spoken dialogue systems face two fundamental chal-

lenges: high response latency in cascaded pipelines,

and limited reliability on domain-specific queries. This

work presents targeted contributions to both. To ad-

dress latency, we propose endpoint anticipation - a

novel turn-end forecasting method that enables spec-

ulative LLM generation - reducing baseline response

latency by 33% (1.2s → 0.8s) and keeping RAG-
augmented systems within practical bounds (1.7s →
1.3s). To address reliability, we introduce context-

aware RAG integration, improving retrieval hit rate by

up to 54 percentage points in structured categories

such as Courses and Projects, with overall LLM-as-

judge scores improving from 1.92 to 2.65 (top-1).

Together, these contributions are realised in FIT-

Voice, a realtime voice question answering system

over FIT BUT academic content, accompanied by a

QA benchmark. Future work will focus on retrieval

re-ranking and mesuring spoken QA correctness.
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