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1. Conversational Voice AI in 2025
LLMs are good conversationalists.

If you've spent much time in free-form dialog 
with ChatGPT or Claude, you have an intui-
tive sense that talking to an LLM feels quite 
natural and is broadly useful.

LLMs are also good at turning unstructured 
information into structured data.[1]

New voice AI agents leverage these two LLM 
capabilities – conversation, and extracting 
structure from unstructured data – to create 
a new kind of user experience.

Voice AI is being deployed today in a wide 
range of business contexts. For example:

	Ʌ collecting patient data prior to health-
care appointments,

	Ʌ following up on inbound sales leads,
	Ʌ handling an increasing variety of call 

center tasks,
	Ʌ coordinating scheduling and logistics 

between companies, and
	Ʌ answering the phone for nearly every 

kind of small business.

On the consumer side, conversational voice 
(and video) AI is also starting to make its 
way into social applications and games. And 
developers are sharing personal voice AI proj-
ects and experiments every day on GitHub 
and social media.

[1] Here we mean this 
broadly, rather than 
in the narrow sense of 
the "structured output" 
feature of some LLMs.
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2. About this guide
This guide is a snapshot of the voice AI state-
of-the-art.[2]

Building production-ready voice agents is 
complicated. Many elements are non-trivial 
to implement from scratch. If you build voice 
AI apps, you'll likely rely on a framework for 
many of the things discussed in this docu-
ment. But we think it's useful to understand 
how the pieces fit together, whether you are 
building them all from scratch or not.

This guide was directly inspired by Sean 
DuBois's open-source book WebRTC For the 
Curious. That book has helped numerous de-
velopers get up to speed with WebRTC since 
it was first released four years ago.[3]

The voice AI code examples in this document 
use the Pipecat open source framework. Pipe-
cat is a vendor-neutral agent layer for real-

time AI.[4] We used Pipecat in this document 
because:

1.	We build with it every day and help to 
maintain it, so we're familiar with it!

2.	Pipecat is currently the most widely used 
voice AI framework, with teams at NVID-
IA, Google, AWS, OpenAI, and hundreds 
of startups leveraging and contributing 
to the codebase.

We've tried to give general advice in this doc-
ument, rather than recommend commercial 
products and services. Where we highlight 
specific vendors, we do so because they are 
used by a large percentage of voice AI devel-
opers.

Let's get started …

\\\\
\/\/

[2] We originally wrote 
this guide for the AI 
Engineering Summit in 
February 2025. We updated 
it in mid-May 2025.

[3] webrtcforthecurious.
com (https://webrtcforthe-
curious.com/) — WebRTC 
is relevant to voice AI, as 
we'll discuss later in the 
WebSockets and WebRTC 
(https://voiceaiandvoice-
agents.com/#websock-
ets-webrtc) section.

[4] Pipecat has integrations 
for more than 60 AI mod-
els and services (https://
docs.pipecat.ai/server/ser-
vices/supported-services), 
along with state of-the-art 
implementations of things 
like turn detection and 
interruption handling. You 
can write code with Pipecat 
that uses WebSockets, 
WebRTC, HTTP, and 
telephony to communi-
cate with users. Pipecat 
includes transport imple-
mentations for a variety of 
infrastructure platforms 
including Twilio, Telnyx, 
LiveKit, Daily, and others. 
There are client-side 
Pipecat SDKs (https://docs.
pipecat.ai/client/introduc-
tion) for JavaScript, React, 
iOS, Android, and C++.
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3. The basic conversational AI loop
The basic "job to be done" of a voice AI agent 
is to listen to what a human says, respond in 
some useful way, then repeat that sequence.

Production voice agents today almost all have 
a very similar architecture. A voice agent pro-
gram runs in the cloud and orchestrates the 
speech-to-speech loop. The agent program 
uses multiple AI models, some running local-
ly to the agent, some accessed via APIs. The 
agent program also uses LLM function calling 
or structured outputs to integrate with back-
end systems.

1.	 Speech is captured by a microphone on 
a user's device, encoded, and sent over 
the network to a voice agent program 
running in the cloud.

2.	Input speech is transcribed, to create text 
input for the LLM.

3.	Text is assembled into a context — a 
prompt — and inference is performed 
by an LLM. Inference output will often 
be filtered or transformed by the agent 
program logic.[5]

4.	Output text is sent to a text-to-speech 
model to create audio output.

5.	Audio output is sent back to the user.

You'll notice that the voice agent program is 
running in the cloud, and the text-to-speech, 
LLM, and speech-to-text processing are 
happening in the cloud. Over the long term, 
we expect to see more AI workloads running 
on-device. Today, though, production voice 
AI is very cloud-centric, for two reasons:

1.	Voice AI agents need to use the best 
available AI models to reliably execute 

[5] For example, to detect 
common LLM errors 
and safety issues.
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complex workflows at low latency. End-user devices 
do not yet have enough AI compute horsepower to 
run the best STT, LLM, and TTS models at accept-
able latency.

2.	The majority of commercial voice AI agents today 
are communicating with users via phone calls. For 
a phone call, there is no end-user device — at least, 
not one that you can run any code on!

Let's dive [6] into this agent orchestration world and 
answer questions like:

1.	What LLMs work best for voice AI agents?

2.	How do you manage the conversation context 
during a long-running session?

3.	How do you connect voice agents to existing back-
end systems? [7]

4.	How do you know if your voice agents are perform-
ing well?

\\\\
\///

[6] Let's delve — ed.

[7] For example, CRMs, proprietary knowledge bases, and call center systems.
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4. Core technologies and best practices
4.1. Latency
Building voice agents is similar in most ways 
to other kinds of AI engineering. If you have 
experience building text-based, multi-turn AI 
agents, much of your experience from that 
domain will be useful in voice, as well.

The big difference is latency.

Humans expect fast responses in normal 
conversation. A response time of 500 ms is 
typical. Long pauses feel unnatural.

It's worth learning how to accurately measure 
latency — from the end user's perspective — 
if you are building voice AI agents.

You will often see AI platforms quote laten-
cies that are not true "voice-to-voice" mea-
surements. This is generally not malicious. 
From the provider side of things, the easy way 

to measure latency is to measure inference 
time. So that's how providers get used to 
thinking about latency. However, this serv-
er-side view does not account for audio pro-
cessing, phrase endpointing delay, network 
transport, and operating system overhead.

Measuring voice-to-voice latency is easy to 
do manually.

Simply record the conversation, load the re-
cording into an audio editor, look at the audio 
waveform, and measure from the end of the 
user's speech to the beginning of the LLM's 
speech.

If you build conversational voice applications 
for production use, it's worthwhile to occa-
sionally sanity check your latency numbers 
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this way. Bonus points for adding simulated network 
packet loss and jitter when you do these tests!

Measuring true voice-to-voice latency is challenging 
to do programmatically. Some of the latency happens 
deep inside the operating system. So most observability 
tools just measure time-to-first-(audio)-byte. This is a 
reasonable proxy for total voice-to-voice latency, but 
again please note that things you don't measure — like 
phrase endpointing variation and network round-trip 
time — can become problematic if you have no way to 
track them.

If you are building conversational AI applications, 
800 ms voice-to-voice latency is a good target to aim 
for. Here's a breakdown of a voice-to-voice round trip 
from a user's microphone, to the cloud, and back. These 
numbers are fairly typical, and the total is about one 
second. Eight hundred milliseconds is challenging, though 
not impossible, to consistently achieve with today's LLMs!

We have demonstrated Pipecat agents that achieve 
500 ms voice-to-voice latency by hosting all models 

\\\\
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Stage Time (ms)

macOS mic input 40

Stage Time (ms)

opus encoding 21

network stacks and transit 10

packet handling 2

jitter buffer 40

opus decoding 1

transcription and endpointing 300

llm ttfb 350

sentence aggregation 20

tts ttfb 120

opus encoding 21

packet handling 2

network stacks and transit 10

jitter buffer 40

opus decoding 1

macOS speaker output 15

Total ms 993

A voice-to-voice conversation round trip — latency breakdown.
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within the same GPU-enabled cluster, and 
optimizing all models for latency instead of 
throughput. This approach is not widely used 
today. Hosting models is expensive. And open 
weights LLMs are used less often for voice AI 
than the best proprietary models like GPT-4o 
or Gemini. See the next section for a discus-
sion of LLMs for voice agents.

Because latency is so important for voice use 
cases, latency will come up often throughout 
this guide.

4.2. LLMs for voice use cases
The release of GPT-4 in March 2023 kicked 
off the current era of voice AI. GPT-4 was the 
first LLM that could both sustain a flexible, 
multi-turn conversation and be prompted 
precisely enough to perform useful work. To-
day, GPT-4's successor – GPT-4o – is still the 
dominant model for conversational voice AI.

Several other models are now as good or bet-
ter than the original GPT-4 at things that are 
critical for voice AI:

	Ʌ Low enough latency for interactive voice 
conversation.

	Ʌ Good instruction following.[8]

	Ʌ Reliable function calling.[9]

	Ʌ Low rates of hallucination and other 
kinds of inappropriate responses.

	Ʌ Personality and tone.
	Ʌ Cost.

But today's GPT-4o is also better than the 
original GPT-4! Especially at instruction 
following, function calling, and reduced rates 
of hallucination.

The major competitor to GPT-4o is Google's 
Gemini 2.0 Flash. Gemini 2.0 Flash is fast, on 
par with GPT-4o at instruction following and 
function calling, and priced aggressively.

[8] How easy is it to 
prompt the model to 
do specific things?

[9] Voice AI agents rely 
heavily on function calling.
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Voice AI use cases are demanding enough that it gen-
erally makes sense to use the best available models. 
At some point this will change, and models that are not 
state-of-the-art will be good enough for broad adoption 
in voice AI use cases. That's not true, yet.

4.2.1 LLM Latency

Claude Sonnet would be an excellent choice for voice AI, 
except that inference latency (time-to-first-token) has 
not been an Anthropic priority. Claude Sonnet median 
latency is typically double the latency of GPT-4o and 
Gemini Flash, with a much bigger P95 spread as well.

Model Median TTFT (ms) P95 TTFT (ms)

GPT-4o 460 580

GPT-4o mini 290 420

GPT-4.1 450 670

Gemini 2.0 Flash 380 450

Llama 4 Maverick (Groq) 290 360

Claude Sonnet 3.7 1,410 2,140

Time-to-first-token (TTFT) metrics for OpenAI, An-
thropic, and Google APIs - May 2025

A rough rule of thumb: LLM time-to-first-token of 
500 ms or less is good enough for most voice AI use cas-
es. GPT-4o TTFT is typically 400-500 ms. Gemini Flash 
is similar.

4.2.2 Cost comparison

Inference cost has been dropping regularly and rapidly. 
So, in general, LLM cost has been the least important 
factor in choosing which LLM to use. Gemini 2.0 Flash's 
newly announced pricing offers a 10x cost reduction 
compared to GPT-4o. We'll see what impact this has on 
the voice AI landscape.

Model 3-minute con-
versation

10-minute con-
versation

30-minute con-
versation

GPT-4o $0.009 $0.08 $0.75

Gemini 2.0 
Flash

$0.0004 $0.004 $0.03

Session costs for multi-turn conversations grow super-linearly with duration. A 
30-minute session is roughly 100x more expensive than a 3-minute session. You can 
reduce the cost of long sessions with caching, context summarization, and other 
techniques.

\\\\
/\//
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Note that cost increases super linearly as a 
function of session length. Unless you trim or 
summarize the context during a session, cost 
becomes an issue for long sessions. This is 
particularly true for speech-to-speech mod-
els (see 4.2.4 What about speech-to-speech 
models?).

The math of context growth makes it tricky 
to pin down a per-minute cost for a voice 
conversation. In addition, API providers are 
increasingly offering token caching, which 
can offset cost (and reduce latency) but adds 
to the complexity of estimating what costs 
will be for different use cases.

OpenAI's automatic token caching for the 
OpenAI Realtime API [L.01] is particularly nice. 
Google recently launched a similar feature for 
all of their version 2.5 models, called implicit 
caching.[L.03]

4.2.3 Open source / open weights

The Llama 3.3 and 4.0 open weights models 
from Meta perform better than the original 
GPT-4 on benchmarks. They are not generally 
better than GPT-4o and Gemini for commer-
cial use cases, today. However, the ability to 
build on them and run them on your own 
infrastructure is significant.[11]

Many providers offer Llama inference end-
points, and serverless GPU platforms offer a 
range of options for deploying your own Lla-
ma. Meta recently announced new first-party 
inference APIs and has strongly signaled that 
the open weights Llama models are a key 
strategic focus of the company.

One interesting and capable model in the 
extended Llama family is Ultravox. Ultravox 
is an open source, native audio LLM.[L.04] The 
company behind Ultravox [L.05] also offers en-
terprise-grade, hosted speech-to-speech APIs. 

[L.01]  
https://dub.sh/voice-ai-L01

[L.03] 
https://dub.sh/voice-ai-L03

[L.04] 
https://dub.sh/voice-ai-L04

[L.05] 
https://ultravox.ai/

[11] If you plan to fine-tune 
an LLM for your use case, 
Llama 3.3 70B is a very 
good starting point. More 
on fine-tuning below.
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Ultravox leverages a number of techniques 
to extend Llama 3.3 into the audio domain 
and to improve the base model's instruction 
following and function calling performance 
for voice AI use cases. Ultravox is an example 
of both the benefits of an open source AI eco-
system and the compelling potential of native 
audio models.

We are seeing a lot of progress in open 
source/open weights models in 2025. Llama 4 
is brand new and the community is still eval-
uating its practical performance in multi-turn, 
conversational AI use cases. The new Qwen 3 
models from Alibaba are excellent mid-sized 
models, competing on equal footing with 
Llama 4 in early benchmarks. In addition, it 
seems likely that future open weights mod-
els from DeepSeek, Google (Gemma), and 
Microsoft (Phi) will be good options for voice 
AI use cases.

4.2.4 What about speech-to-speech 
models?

Speech-to-speech models are an exciting, rel-
atively new development. A speech-to-speech 
LLM can be prompted with audio, rather than 
text, and can produce audio output directly. 
This eliminates the speech-to-text and text-
to-speech parts of the voice agent orchestra-
tion loop.

The potential benefits of speech-to-speech 
models are:

	Ʌ Lower latency.
	Ʌ Improved ability to understand the nu-

ances of human conversation.
	Ʌ More natural voice output.

OpenAI and Google have both released 
speech-to-speech APIs. Most people training 
large models and building voice AI applica-
tions believe that speech-to-speech models 
are the future of voice AI.

\\\\
//\/

Notes
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However, current speech-to-speech models 
and APIs are not yet good enough for most 
production voice AI use cases.

Today's best speech-to-speech models defi-
nitely sound more natural than today's best 
text-to-speech models. OpenAI's gpt-4o-au-
dio-preview [12] model really does sound like a 
preview of the voice AI future.

Speech-to-speech models aren't yet as mature 
and reliable as text-mode LLMs, though.

	Ʌ Lower latency is possible in theory, but 
audio uses more tokens than text. Larger 
token contexts are slower for the LLM to 
process. In practice, today, audio models 
are usually slower than text models for 
long multi-turn conversations. [13]

	Ʌ Better understanding does seem to be a 
real benefit of these models. This is par-
ticularly apparent for Gemini 2.0 Flash 
audio input. The story is a bit less clear 

today for GPT-4o-audio-preview, which 
is a smaller and somewhat less capable 
model than the text-mode GPT-4o.

	Ʌ Better natural voice output is clearly per-
ceptible, today. But the audio LLMs do 
have some odd output patterns in audio 
mode that don't happen in text mode as 
often: word repetition, discourse mark-
ers that sometimes fall into the uncanny 
valley, and occasional failure to complete 
sentences.

The biggest of these issues is the larger con-
text size required for multi-turn audio. One 
approach to squaring the circle and getting 
the benefits of native audio without the 
context-size drawbacks is to process each 
conversation turn as a mixture of text and 
audio. Use audio for the most recent user 
message; use text for the rest of the conversa-
tion history.

[12] OpenAI audio API docs 
(https://platform.openai.
com/docs/guides/audio)

[13] This latency issue 
for audio models is 
clearly fixable through a 
combination of caching, 
clever API design, and 
architectural evolution of 
the models themselves.
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The beta speech-to-speech off ering from 
OpenAI — the OpenAI Realtime API — is 
fast and the voice quality is amazing. But the 
model behind that API is the smaller GPT-
4o-audio-preview rather than the full GPT-4o. 
So instruction following and function calling 
are not as good. It's also tricky to manage the 
conversation context using the Realtime API, 
and the API has a few new-product rough 
edges. [14]

The Google Multimodal Live API is another 
promising — and early in its evolution — 
speech-to-speech service. This API off ers 
a view into the near-future of the Gemini 
models: long context windows, excellent vi-
sion capabilities, fast inference, strong audio 
understanding, code execution, and search 
grounding. Like the OpenAI Realtime API, 
the Multimodal Live API is not yet the right 
choice for most production voice AI applica-
tions.

Note that speech-to-speech APIs are rela-
tively expensive. We built a calculator for the 
OpenAI Realtime API [L.06] that shows how 
cost scales with session length, factoring in 
OpenAI's very nice automatic token caching 
feature.

We expect to see lots of progress on the 
speech-to-speech front in 2025. But how 
quickly production voice AI applications 
will move from the multi-model approach to 
using speech-to-speech APIs is still an open 
question.

4.3.  Speech-to-text
Speech-to-text is the "input" stage for voice 
AI. Speech-to-text is also commonly referred 
to as transcription or ASR (automatic speech 
recognition).

For voice AI use cases, we need very low 
transcription latency and very low word error 

\\\\
////

[14] See detailed notes 
about the Realtime 
API (https://latent.
space/p/realtime-api)

OpenAI Realtime API cost 
calculator (https://dub.sh/
voice-agents-010)

[L.06]
https://dub.sh/
voice-agents-010
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rate. Sadly, optimizing a speech model for low 
latency has a negative impact on accuracy.

Today there are several very good transcrip-
tion models that are not architected for low 
latency. Whisper is an open source model 
that is used in many products and services. 
It's very good, but usually has a time-to-first-
token of 500 ms or more, so is rarely used for 
conversational voice AI use cases.

4.3.1 Deepgram and Gladia

Most production voice AI agents today use 
Deepgram [L.07] or Gladia [L.08] for speech-to-
text. Deepgram is a commercial speech-to-
text AI lab and API platform with a long track 
record of delivering a very good combination 
of low latency, low word error rate, and low 
cost. Gladia is a newer entrant in the space 
(founded in 2022), with a particular strength 
in multilingual support.

Deepgram's models are available as self-serve 
APIs or as Docker containers that customers 
can run on their own systems. Most people 
start out using Deepgram speech-to-text 
via the API. Time-to-first-token is typically 
150 ms, for users in the US.

Managing a scalable GPU cluster is a sig-
nificant ongoing devops job to take on, so 
moving from an API to hosting models on 
your own infrastructure is not something 
you should do without a good reason. Good 
reasons include:

	Ʌ Keeping audio/transcription data private. 
Deepgram offers BAAs and data process-
ing agreements, but some customers 
will want complete control of audio and 
transcription data. Customers outside 
the US may have a legal obligation to 
keep data inside their own countries or 

[L.07] 
https://deepgram.com/

[L.08] 
https://gladia.io/
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regions. (Note that by default Deepgram's terms 
of service allow them to train on all data you send 
to them via their APIs. You can opt out of this on 
enterprise plans.)

	Ʌ Reducing latency. Deepgram does not have infer-
ence servers outside the US. From Europe, Deep-
gram's TTFT is ~250 ms; from India, ~350 ms.

Deepgram offers fine-tuning services, which can help 
lower word error rates if your use case includes relative-
ly unusual vocabularies, speech styles, or accents.

Gladia is the speech-to-text provider we see most often 
for new voice AI projects outside the English-speaking 
world. Gladia is headquartered in France, has inference 
servers in both the US and Europe, and supports more 
than 100 languages.

Gladia offers hosted APIs and options to run their mod-
els on your own infrastructure. Gladia's APIs can be used 
in applications for which European data residency is 
required.

4.3.2 Prompting can help the LLM

A large percentage of transcription errors result from 
the very small amount of context that the transcription 
model has available in a realtime stream.

Today's LLMs are smart enough to work around tran-
scription errors. When the LLM is performing inference 
it has access to the full conversation context. So you 
can tell the LLM that the input is a transcription of user 
speech, and that it should reason accordingly.

You are a helpful, concise, and reliable voice assistant. Your pri-
mary goal is to understand the user's spoken requests, even if the 
speech-to-text transcription contains errors. Your responses will be 
converted to speech using a text-to-speech system. Therefore, your 
output must be plain, unformatted text. 
 
When you receive a transcribed user request: 
1. Silently correct for likely transcription errors. Focus on the 
intended meaning, not the literal text. If a word sounds like anoth-
er word in the given context, infer and correct. For example, if the 
transcription says "buy milk two tomorrow" interpret this as "buy 
milk tomorrow". 
2. Provide short, direct answers unless the user explicitly asks for 
a more detailed response. For example, if the user says "what time 
is it?" you should respond with "It is 2:38 AM". If the user asks 
"Tell me a joke", you should provide a short joke. 
3. Always prioritize clarity and accuracy. Respond in plain text, 
without any formatting, bullet points, or extra conversational 
filler. 
4. If you are asked a question that is time dependent, use the cur-
rent date, which is February 3, 2025, to provide the most up to date 

\\\/
\\\/
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information. 
5. If you do not understand the user request, respond 
with "I'm sorry, I didn't understand that." 
 
Your output will be directly converted to speech, so 
your response should be natural-sounding and appropri-
ate for a spoken conversation.

Example prompt language for a voice AI agent.

4.3.3 Other speech-to-text options

We expect to see lots of new developments 
in the speech-to-text space in 2025. Some 
new developments we are tracking, as of early 
April 2025:

	Ʌ OpenAI just released [L.09] two new 
speech-to-text models, GPT-4o-tran-
scribe and GPT-4o-mini-transcribe.

	Ʌ Two other well-regarded speech tech-
nology companies, Speechmatics [L.10] 
and AssemblyAI,[L.11] have begun to focus 
more on conversational voice use cases, 
shipping streaming APIs and models 
with faster TTFTs.

	Ʌ NVIDIA is shipping open source speech 
models [L.12] that perform extremely well 
on benchmarks.

	Ʌ Inference company Groq's [L.13] hosted 
version of Whisper Large v3 Turbo now 
has a median TTFT under 300 ms, which 
puts it into the range of being an option 
for conversational voice applications. 
This is the first Whisper API service that 
we have seen achieve this latency.

All of the big cloud services have speech-to-
text APIs. None of them are as good as Deep-
gram or Gladia, today, for low-latency voice 
AI use cases.

But you may want to use Azure AI Speech, 
Amazon Transcribe, or Google Speech-to-
Text if:

	Ʌ You already have a large committed 
spend or data processing arrangements 
with one of these cloud providers.

[L.09] 
https://openai.com/index/
introducing-our-next-gen-
eration-audio-models/

[L.10] 
https://speechmatics.com/

[L.11] 
https://assembly.ai/

[L.12] 
https://dub.sh/voice-ai-L12

[L.13] 
https://groq.com/
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	Ʌ You have a lot of startup credits with one of these 
cloud providers to spend!

4.3.4 Transcribing with Google Gemini

One way to leverage Gemini 2.0 Flash's strengths as a 
low-cost, native audio model is to use Gemini 2.0 for 
both conversation generation and transcription.

To do this we need to run two parallel inference processes.
	Ʌ One inference process generates the conversation 

response.
	Ʌ The other inference process transcribes the user's 

speech.
	Ʌ Each audio input is used for just one turn. The full 

conversation context is always the audio of the most 
recent user speech, plus the text transcription of all 
previous inputs and outputs.

	Ʌ This gives you the best of both worlds: native audio 
understanding for the current user utterance; re-
duced token count for the whole context. [15]

Here is code to implement these parallel inference pro-

cesses as a Pipecat pipeline.

  pipeline = Pipeline(  
    [    
        transport.input(),  
        audio_collector, 
        context_aggregator.user(), 
        ParallelPipeline(  
            [ # transcribe 
                input_transcription_context_filter, 
                input_transcription_llm, 
                transcription_frames_emitter, 
            ], 
            [ # conversation inference 
                conversation_llm, 
            ], 
        ), 
        tts, 
        transport.output(), 
        context_aggregator.assistant(), 
        context_text_audio_fixup,  
    ]  
  )            

The logic is as follows.

1.	The conversation LLM receives the conversation 
history as text, plus each new turn of user speech as 
native audio, and outputs a conversation response.

\\\/
\\//

[15] Replacing audio with text reduces token count by ~10x. For a ten-minute 
conversation, this reduces the total tokens processed – and therefore the cost of 
input tokens – by ~100x. (Because the conversation history compounds every turn.)
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2.	The input transcription LLM receives the same 
input, but outputs a literal transcription of the most 
recent user speech.

3.	At the end of each conversation turn, the user audio 
context entry is replaced with the transcription of 
that audio.

Gemini's per-token costs are so low that this approach is 
actually cheaper than using Deepgram for transcription.

It's important to understand that we are not using Gem-
ini 2.0 Flash here as a full speech-to-speech model, but 
we are using its native audio understanding capabilities. 
We are prompting the model so that it runs in two differ-
ent "modes", conversation and transcription.

Using an LLM in this way shows the power of SOTA 
LLM architectures and capabilities. This approach is 
new enough that it is still experimental, but early testing 
suggests that it can yield both better conversation un-
derstanding and more accurate transcription than any 
other current technique. There are drawbacks, however. 

Transcription latency is not as good as using a special-
ized speech-to-text model. The complexity of running 
two inference processes and swapping context elements 
is substantial. A general-purpose LLM will be vulnerable 
to prompt injection and context following errors that a 
specialized transcription model isn't vulnerable to.

Here is a system instruction (a prompt) for transcription.

You are an audio transcriber. You are receiving audio from a user. 
Your job is to transcribe the input audio to text exactly as it was 
said by the user. 
 
You will receive the full conversation history before the audio in-
put, to help with context. Use the full history only to help improve 
the accuracy of your transcription. 
 
Rules: 
- Respond with an exact transcription of the audio input. 
- Do not include any text other than the transcription. 
- Do not explain or add to your response. 
- Transcribe the audio input simply and precisely. 
- If the audio is not clear, emit the special string "". 
- No response other than exact transcription, or "", is allowed. 
            

4.4. Text-to-speech
Text-to-speech is the output stage of the voice-to-voice 
processing loop.
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Voice AI developers choose a voice model/
service based on:

	Ʌ How natural the voices sound (overall 
quality) [16]

	Ʌ Latency [17]

	Ʌ Cost
	Ʌ Language support
	Ʌ Word-level timestamp support
	Ʌ Ability to customize voices, accents, and 

pronunciations

Voice options expanded markedly in 2024. 
New startups appeared on the scene. Best-
in-class voice quality went way up. And every 
provider improved latency.

As is the case for speech-to-text, all of the big 
cloud providers have text-to-speech products. 
[18] But most voice AI developers are not using 
them, because models from startups are cur-
rently better.

The labs that have the most traction for 

realtime conversational voice models are (in 
alphabetical order):

	Ʌ Cartesia – Uses an innovative state-space 
model architecture to achieve both high 
quality and low latency.

	Ʌ Deepgram – Prioritizes latency and low 
cost.

	Ʌ ElevenLabs – Emphasizes emotional and 
contextual realism.

	Ʌ Rime – Offers customizable TTS models 
trained exclusively on conversational 
speech.

All four companies have strong models, en-
gineering teams, and stable and performant 
APIs. Cartesia, Deepgram, and Rime models 
can be deployed on your own infrastructure.

\\\/
\/\/

[16] Pronunciation, 
intonation, pacing, stress, 
rhythm, emotional valence.

[17] Time-to-first-
audio-byte.

[18] Azure AI Speech, 
Amazon Polly, and Google 
Cloud Text-to-Speech.
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Cost per min. 
(approx)

Median 
TTFB (ms)

P95 TTFB 
(ms)

avg pre-
speech ms

Cartesia $0.02 190 260 160

Deepgram $0.008 150 320 260

ElevenLabs Turbo v2 $0.08 300 510 160

ElevenLabs Flash v2 $0.04 170 190 100

Rime $0.024 340 980 160

Approximate cost per minute (at scale) and time-to-first-byte metrics – February 
2025. Note that cost depends on committed volume and features used. Average pre-
speech milliseconds is the average initial silence interval in the audio stream before 
the first speech frame.

As with speech-to-text, there is wide variance in quality 
and support for non-English voice models. If you are 
building voice AI for non-English use cases, you will 
likely need to do more extensive testing — test more 
services and more voices to find a solution that you are 
happy with.

All voice models will mispronounce words some of the 
time, and will not necessarily know how to pronounce 
proper nouns or unusual words.

Some services offer the ability to steer pronunciation. 

This is helpful if you know in advance that your text out-
put will include specific proper nouns. If your voice ser-
vice does not support phonetic steering, you can prompt 
your LLM to output "sounds-like" spellings of specific 
words. For example, in-vidia instead of NVIDIA.

Replace "NVIDIA" with "in vidia" and replace  
 
"GPU" with "gee pee you" in your responses.           

Example prompt language to steer pronunciation via LLM text output

For conversational voice use cases, being able to track 
what text the user heard is important for maintaining ac-
curate conversation context. This requires that a model 
generate word-level timestamp metadata in addition to 
the audio, and that the timestamp data be reconstruct-
ible backwards to the original input text. This is a rela-
tively new capability for voice models. All of the models 
in the table above except ElevenLabs Flash support 
word-level timestamps.

\\\/
\//\
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{ 
  “type”: “timestamps”, 
  “context_id”: “test-01”, 
  “status_code”: 206, 
  “done”: false, 
  “word_timestamps”: { 
    “words”: [“What’s”, “the”, “capital”, “of”, “France?”], 
    “start”: [0.02, 0.3, 0.48, 0.6, 0.8], 
    “end”: [0.3, 0.36, 0.6, 0.8, 1] 
  } 
} 

Word-level timestamps from the Cartesia API.

In addition, a really solid realtime streaming API is 
helpful. Conversational voice applications often trigger 
multiple audio inferences in parallel. Voice agent code 
needs to be able to interrupt in-progress inference and 
to correlate each inference request to an output stream. 
Streaming APIs from voice model providers are all 
relatively new and still evolving. Currently, Cartesia and 
Rime have the most mature streaming support in Pipecat.

We expect voice model progress to continue in 2025.
	Ʌ Several of the companies listed above have hinted at 

new models coming in the first half of the year.
	Ʌ OpenAI recently shipped [L.14] a new text-to-speech 

model, GPT-4o-mini-tts. This model is fully steer-

able, which opens up new possibilities for telling a 
voice model not just what to say but how to speak. 
You can experiment with steering GPT-4o-mini-tts 
at openai.fm.[L.15]

	Ʌ Groq [L.16] and PlayAI [L.17] recently announced a part-
nership.[L.18] Groq is known for fast inference, and 
PlayAI offers a low-latency voice model that sup-
ports more than 30 languages.

\\\/
\///

[L.14] https://openai.com/index/introducing-our-next-generation-audio-models/

[L.15] https://openai.fm/

[L.16] https://groq.com/

[L.17] https://play.ai/

[L.18] https://groq.com/build-fast-with-text-to-speech/
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4.5. Audio processing
A good voice AI platform or library will most-
ly hide the complexities of audio capture and 
processing. But if you build complex voice 
agents, at some point you'll bump up against 
bugs and corner cases in audio handling. [19] 
So it's worth taking a quick tour of the audio 
input pipeline.

4.5.1 Microphones and automatic 
gain control

Microphones today are extremely sophis-
ticated hardware devices coupled to large 
amounts of low-level software. This is usually 
great — we get terrific audio from tiny micro-
phones built into mobile devices, laptops, and 
Bluetooth earpieces.

But sometimes this low-level software doesn't 
do what we want. In particular, Bluetooth de-
vices can add several hundred milliseconds of 

latency to voice input. This is largely outside 
of your control as a voice AI developer. But 
it's worth being aware that latency can vary 
widely depending on what operating system 
and input device a particular user has.

Most audio capture pipelines will apply some 
amount of automatic gain control to the 
input signal. Again, this is usually what you 

[19] … this generalizes to 
all things in software, and 
perhaps most things in life.
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want, because this compensates for things 
like the user's distance from the microphone. 
You can often disable some automatic gain 
control, but on consumer-class devices you 
usually can't disable it completely.

4.5.2 Echo cancellation

If a user is holding a phone up to their ear, or 
wearing headphones, you don't need to worry 
about feedback between the local micro-
phone and speaker. But if a user is talking on 
a speakerphone, or using a laptop without 
headphones, then good echo cancellation is 
extremely important.

Echo cancellation is very sensitive to latency, 
so echo cancellation has to run on the device 
(not in the cloud). Today, excellent echo can-
cellation is built into telephony stacks, web 
browsers, and WebRTC native mobile SDKs. [20]

So if you're using a voice AI, WebRTC, or 

telephony SDK, you should have echo can-
cellation that you can count on "just working" 
in almost all real-world scenarios. If you are 
rolling your own voice AI capture pipeline, 
you will need to figure out how to integrate 
echo cancellation logic. For example, if you 
are building a WebSocket-based React Native 
application, you won't have any echo cancel-
lation by default. [21]

4.5.3 Noise suppression, speech, and 
music

Audio capture pipelines for telephony and 
WebRTC almost always default to "speech 
mode." Speech can be compressed much 
more than music, and noise reduction and 
echo cancellation algorithms are easier to 
implement for narrower band signals.

Many telephony platforms only support 
8 khz audio. This is noticeably low-quality by 

\\\/
/\\/

[20] Note that Firefox 
echo cancellation is not 
very good. We recommend 
that voice AI develop-
ers build with Chrome 
and Safari as primary 
platforms, and only test 
on Firefox as a secondary 
platform, time permitting.

[21] We recently helped 
someone debug their React 
Native app's audio issues. 
The root cause was that 
they didn't realize they 
needed to implement echo 
cancellation, since they 
were not using a voice 
AI or WebRTC SDK.
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modern standards. If you are routing through 
a system with this limitation, there's nothing 
you can do about it. Your users may or may 
not notice the quality — most people have 
low expectations for phone call audio.

WebRTC supports very high-quality audio. [22] 
Default WebRTC settings are usually 48 khz 
sample rate, single channel, 32 kbps Opus 
encoding, and a moderate noise suppression 
algorithm. These settings are optimized for 
speech. They work across a wide range of 
devices and environments and are generally 
the right choice for voice AI.

Music will not sound good with these set-
tings!

If you need to send music over a WebRTC 
connection, you'll want to:

	Ʌ Turn off echo cancellation (the user will 
need to wear headphones).

	Ʌ Turn off noise suppression.

	Ʌ Optionally, enable stereo.
	Ʌ Increase the Opus encoding bitrate 
(64 kbps is a good target for mono, 
96 kbps or 128 kbps for stereo).

4.5.4 Encoding

Encoding is the general term for how audio 
data is formatted for sending over a network 
connection. [23]

Common encodings for realtime communica-
tion include:

	Ʌ Uncompressed audio in 16-bit PCM 
format.

	Ʌ Opus — WebRTC and some telephony 
systems.

	Ʌ G.711 — a standard telephony codec with 
wide support.

[22] Some use cases for 
high-quality audio:

	Ʌ A music lesson with an 
LLM teacher.

	Ʌ Recording a podcast 
that includes back-
ground sound or music.

	Ʌ Generating AI music 
interactively.

[23] (Or for saving in a file.)
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Codec Bitrate Quality Use Cases

16-bit PCM 384 kbps (Mono 
24 kHz)

Very High (Near lossless) Voice recording, embedded systems, envi-
ronments where simple decoding is vital

Opus 32 kbps 32 kbps Good (Psychoacoustic compression opti-
mized for speech)

Video calls, low-bandwidth streaming, 
podcasting

Opus 96 kbps 96 kbps Very Good to Excellent (Psychoacous-
tic compression)

Streaming, music, audio archiving

G.711 (8 kHz) 64 kbps Poor (Limited bandwidth, voice-cen-
tric)

Legacy VoIP systems, telephony, fax 
transmission, voice messaging

4.5.5 Server-side noise processing and 
speaker isolation

Speech-to-text and voice activity detection models can 
usually ignore general ambient noise – street sounds, 
dogs barking, loud fans close to a mic, keyboard clicks. 
So the traditional "noise suppression" algorithms that 
are critical for many human-to-human use cases are not 
as critical for voice AI.

But one kind of audio processing is particularly valuable 
for voice AI: primary speaker isolation. Primary speaker 
isolation suppresses background speech. This can sig-
nificantly improve transcription accuracy.

\\\/
/\//

Opus is by far the best of these three options. Opus is 
built into web browsers, designed from the ground up to 
be a low-latency codec, and very efficient. It also per-
forms well across a wide range of bitrates, and supports 
both speech and high-fidelity use cases.

16-bit PCM is “raw audio.” You can send PCM audio 
frames directly to a software sound channel (assuming 
that the sample rate and data type are correctly speci-
fied). Note, however, that this uncompressed audio is 
not something you generally want to send over an In-
ternet connection. 24 khz PCM has a bitrate of 384 kbps. 
That’s a large enough bitrate that many real-world con-
nections from end-user devices will struggle to deliver 
the bytes in realtime.

Audio codecs used most 
often for voice AI
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Think of trying to talk to a voice agent from 
an environment like an airport. Your phone 
mic is likely to pick up a lot of background 
speech from gate announcements and people 
walking by. You don't want that background 
speech in the text transcript the LLM sees!

Or imagine the user who is in their living 
room with the TV or radio on in the back-
ground. Because humans are generally pretty 
good at filtering out low-volume background 
speech, people won't necessarily think to turn 
off their TV or radio before they call into a 
customer support line.

The best available speaker isolation model 
that you can use in your own voice AI pipe-
line is sold by Krisp.[L.19] Licenses are targeted 
at enterprise users and are not inexpensive. 
But for commercial use cases at scale, the 
improvement in voice agent performance 
justifies the cost.

OpenAI recently shipped a new noise reduc-
tion feature as part of their Realtime API. 
Reference docs are here.[L.20]

pipeline = Pipeline( 
    [ 
      transport.input(), 
      krisp_filter, 
      vad_turn_detector, 
      stt, 
      context_aggregator.user(),  
      llm,  
      tts,  
      transport.output(),  
      context_aggregator.assistant(), 
    ] 
  )

Pipecat pipeline with a Krisp processing 
element

4.5.6 Voice activity detection

A voice activity detection stage is part of 
almost every voice AI pipeline. VAD classifies 
audio segments as "speech" and "not speech." 
We will talk in detail about VAD in the 4.7 
Turn detection section, below.

[L.19] 
https://krisp.ai/

[L.20] 
https://dub.sh/voice-ai-L20
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4.6. Network transport

4.6.1 WebSockets and WebRTC

Both WebSockets and WebRTC are used by 
AI services for audio streaming.

WebSockets are great for server-to-server use 
cases. They are also fine for use cases where 
latency is not a primary concern, and are a 
good fit for prototyping and general hacking.

WebSockets shouldn't be used in production 
for client-server, realtime media connections.

If you are building a browser or native mobile 
app, and achieving conversational latency 
matters to your application, you should use 
a WebRTC connection to send and receive 
audio from your app.

The major problems with WebSockets for 
realtime media delivery to and from end-user 
devices are:

	Ʌ WebSockets are built on TCP, so audio 
streams will be subject to head-of-line 
blocking.

	Ʌ The Opus audio codec used for WebRTC 
is tightly coupled to WebRTC's band-
width estimation and packet pacing (con-
gestion control) logic, making a WebRTC 
audio stream resilient to a wide range of 
real-world network behaviors that would 
cause a WebSocket connection to accu-
mulate latency.

	Ʌ The Opus audio codec has very good 
forward error correction, making the 
audio stream resilient to relatively high 
amounts of packet loss. (This only helps 
you if your network transport can drop 
late-arriving packets and doesn't do head 
of line blocking, though.)

	Ʌ WebRTC audio is automatically time-
stamped, so both playout and interrup-
tion logic are trivial.

\\\/
//\/
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	Ʌ WebRTC includes hooks for detailed 
performance and media quality statistics. 
A good WebRTC platform will give you 
detailed dashboards and analytics. This 
level of observability is somewhere be-
tween very hard and impossible to build 
for WebSockets.

	Ʌ WebSocket reconnection logic is quite 
hard to implement robustly. You will 
have to build a ping/ack framework (or 
fully test and understand the framework 
that your WebSocket library provides). 
TCP timeouts and connection events 
behave differently on different platforms.

	Ʌ Finally, good WebRTC implementations 
today come with very good echo cancel-
lation, noise reduction, and automatic 
gain control.

You can use WebRTC in two ways.

1.	Routing through WebRTC servers in the 
cloud.

2.	Establishing a direct connection between 
a client device and a voice AI process.

Routing through cloud servers will perform 
better for many real-world use cases (see 
4.6.4 Network routing, below). Cloud infra-
structure also makes possible a number of 
features that direct connections can't support 
as easily or as scalably (multi-participant 
sessions, integration with telephony systems, 
recording).

But "serverless" WebRTC is a good fit for 
many voice AI use cases. Pipecat supports 
serverless WebRTC via the SmallWebRTC-
Transport [L.23] class. And frameworks like 
Hugging Face's FastRTC [L.24] are built entirely 
around this networking pattern.

[L.23] 
https://docs.pipecat.ai/
server/services/trans-
port/small-webrtc

[L.24] 
https://fastrtc.org/
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4.6.2 HTTP

HTTP is still useful and important for voice 
AI, too! HTTP is the lingua franca for service 
interconnection on the Internet. REST APIs 
are HTTP. Webhooks are HTTP.

Text-oriented inference happens via HTTP, 
so voice AI pipelines usually call out to HTTP 
APIs for the LLM parts of the conversational 
loop.

Voice agents also use HTTP when integrating 
with external services and internal APIs. One 
useful technique is proxying LLM function 
calls to HTTP endpoints. This decouples 
voice AI agent code and devops from function 
implementations.

Multimodal AI applications will often want 
to implement both HTTP and WebRTC code 
paths. Imagine a chat app that supports both 
a text mode and a voice mode. Conversation 

state needs to be accessible via either connec-
tion path, which has ramifications for both 
client and server-side code (for example, how 
things like Kubernetes pods and Docker con-
tainers are architected.)

The two drawbacks to HTTP 
are latency and the difficulty of 
implementing long-lived, bidi-
rectional connections.

	Ʌ Setting up an encrypted 
HTTP connection requires 
multiple network round 
trips. It's reasonably hard to 
achieve media connection 
setup times much lower 
than 30 ms, and realistic 
time-to-send-first-byte is 
closer to 100 ms even for 
heavily optimized servers.

	Ʌ Long-lived, bidirectional 
HTTP connections are 

\\\/
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A voice AI agent using both 
HTTP and WebRTC for 
network communication.
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diffi  cult enough to manage that you're 
usually better off  just using WebSockets.

Ʌ HTTP is a TCP-based protocol, so the 
same head-of-line blocking issues that 
impact WebSockets are an issue for 
HTTP.

Ʌ Sending raw binary data over HTTP is 
uncommon enough that most APIs opt 
to base64 encode binary data, which in-
creases the bitrate of media streams.

Which brings us to QUIC …

4.6.3  QUIC and MoQ

QUIC is a new network protocol designed to 
be the transport layer for the latest version 
of HTTP (HTTP/3) — and to fl exibly support 
other Internet-scale use cases, too.

QUIC is a UDP-based protocol, and address-
es all of the above issues with HTTP. With 
QUIC you get faster connection times, bidi-

rectional streams, and no head-of-line block-
ing. Google and Facebook have been steadily 
rolling out QUIC, so these days, some of your 
HTTP requests traverse the Internet as UDP, 
rather than TCP, packets.[24]

QUIC will be a big part of the future of media 
streaming on the Internet. Migration to 
QUIC-based protocols for realtime media 
streaming will take time, though. One blocker 
to building QUIC-based voice agents is that 
Safari does not yet support the QUIC-based 
evolution of WebSockets, WebTransport.[L.25]

The Media over QUIC IETF working group [25]

aims to develop a "simple low-latency media 
delivery solution for ingest and distribution 
of media." As with all standards, hashing out 
how to support the widest possible array of 
important use cases with the simplest pos-
sible building blocks is not easy. People are 
excited about using QUIC for on-demand 

\\/\
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[L.25]
https://w3c.github.io/
webtransport/

[24] This is a little bit 
if you have been building 
stuff  on the Internet for a 
long time. HTTP has always 
been a TCP-based protocol!

[25] IETF Media Over 
QUIC working group
(https://datatracker.ietf.
org/group/moq/about/)
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video streaming, large-scale video broadcast, live video 
streaming, low-latency sessions with large numbers of 
participants, and low-latency 1:1 sessions.

Realtime voice AI use cases are growing at just the right 
time to influence the development of the MoQ standard.

4.6.4 Network routing

Long-haul network connections are problematic for la-
tency and realtime media reliability, no matter what the 
underlying network protocol is.

For realtime media delivery, you want your servers to 
be as close to your users as possible.

For example, round trip packet time from a user in the 
UK to a server hosted by AWS us-west-1 in Northern 
California will typically be about 140  ms. In comparison, 
RTT from that same user to AWS eu-west-2 would gener-
ally be 15  ms or less.

RTT from a user in the UK to AWS us-west-1 is ~100 ms 
more than to AWS eu-west-2

That's a difference of more than 100  ms — ten percent 
of your latency "budget" if your voice-to-voice latency 
target is 1,000 ms.

Edge routing

You may not be able to deploy servers close to all of your 
users.

Achieving a 15 ms RTT to users everywhere in the world 
requires deploying to at least 40 global data centers. 
That's a big devops job. And if you're running workloads 
that require GPUs, or relying on services that aren't 
globally deployed themselves, it might be impossible.

You can't cheat the speed of light. [26] But you can try to 
avoid route variability and congestion.

The key is to keep your public Internet routes as short as 
possible. Connect your users to an edge server close to 
them. From there, use private routes.

\\/\
\\\/

[26] Ancient network engineer wisdom – ed.
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This edge routing reduces median packet 
RTT. The UK J Northern California route 
over a private backbone is likely to be about 
100  ms. 100 ms (the long-haul private route) 
+ 15 ms (the first hop over the public Inter-
net) = 115 ms. This private route median RTT 
is 25 ms better than the public route median 
RTT.

Edge route from the UK to AWS us-west-1. 
The first hop over the public network still has 
an RTT of 15 ms. But the long route to North-
ern California over the private network has 
an RTT of 100 ms. The total RTT of 115 ms is 
25 ms faster than the public route from the 
UK to us-west-1. It's also significantly less 
variable (less packet loss and lower jitter).

Even more critical than median RTT im-
provement, though, is improved delivery 
reliability and lower jitter. [27] The P95 RTT of 
a private route will be significantly lower than 

the P95 of a public route. [28]

This means that realtime media connections 
over long-haul public routes will be measur-
ably more laggy than connections that use 
private routes. Recall that we’re trying to de-
liver each audio packet as quickly as possible, 
but that we have to play the audio packets 
in order. A single delayed packet forces us 

\\/\
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[27] Jitter is the variability 
in how long it takes a pack-
et to traverse the route.

[28] P95 is the 95th 
percentile measurement 
of a metric. P50 is the 
median measurement (the 
50th percentile). Loosely 
speaking, we think of the 
P50 as the average case, 
and P95 as capturing a 
rough sense of "typical 
worst-case" connections.

RTT from a user 
in the UK to AWS 
us-west-1 is ~100 ms 
more than to 
AWS eu-west-2
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to expand our jitter buffer, holding onto other received 
packets until the delayed packet arrives. (Or, until we 
decide it’s taken too long and we fill the gap with either 
fancy math or glitchy audio samples.)

A good WebRTC infrastructure provider will offer edge 
routing. They will be able to show you where they have 
server clusters and provide metrics that show their pri-
vate route performance.

4.7. Turn detection
Turn detection means determining when the user is fin-
ished talking and expects the LLM to respond.

In the academic literature, various aspects of this prob-
lem are referred to as phrase detection, speech segmentation, 
and endpointing. (The fact that there is academic litera-
ture about this is a clue that it's a non-trivial problem.)

We (humans) do turn detection every time we talk to 
anyone else. And we don't always get it right! [29]

So turn detection is a hard problem, and there aren't any 
perfect solutions. But let's talk about the various ap-
proaches that are in common use.

\\/\
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[29] Especially on audio calls, when we don't have visual cues to help us.

The jitter buffer — a larger jitter buffer translates directly 
to a larger perceived delay in audio and video. Keeping jitter 
buffers as small as possible contributes significantly to a 
good user experience.
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4.7.1 Voice activity detection

Currently, the most common way to do turn 
detection for voice AI agents is to assume 
that a long pause means the user has finished 
speaking.

Voice AI agent pipelines identify pauses using 
a small, specialized voice activity detection 
model. A VAD model has been trained to clas-
sify audio segments as speech or non-speech. 
(This is much more robust than trying to 
identify pauses based only on volume level.)

You can run VAD on either the client-side of 
a voice AI connection, or on the server. If you 
need to do significant audio processing on 
the client anyway, you'll probably need to run 
VAD on the client to facilitate that. For exam-
ple, maybe you are identifying wake words on 
an embedded device, and only sending audio 
over the network if you detect a wake word at 
the beginning of a phrase. Hey, Siri …

Generally, though, it's a bit simpler to just run 
VAD as part of the voice AI agent processing 
loop. And if your users are connecting via tele-
phone, you don't have a client where you can 
run VAD, so you have to do it on the server.

The VAD model used most often for voice 
AI is Silero VAD.[L.26] This open source model 
runs efficiently on CPU, supports multiple 
languages, works well for both 8 khz and 
16 khz audio, and is available as wasm packag-
es for use in web browsers. Running Silero on 
a realtime, mono audio stream normally takes 
less than 1/8th of a typical virtual machine 
CPU core.

A turn detection algorithm will have a few 
configuration parameters:

	Ʌ Length of pause required for end of turn.
	Ʌ Length of speech segment required to 

trigger a start speaking event.
	Ʌ The confidence level for classifying each 

\\/\
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A voice activity detection 
processing step, here 
configured to run just 
prior to speech-to-text

[L.26] 
https://github.com/
snakers4/silero-vad
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audio segment as speech.
	Ʌ Minimum volume for speech segments.

  # Pipecat's names and default values 
  # for the four configurable VAD 
  # parameters 
  VAD_STOP_SECS = 0.8 
  VAD_START_SECS = 0.2 
  VAD_CONFIDENCE = 0.7 
  VAD_MIN_VOLUME = 0.6

Tuning these parameters can improve turn detection 
behavior a lot for specific use cases.

4.7.2 Push-to-talk

The obvious problem with basing turn detection on 
pauses in speech is that sometimes people pause but 
aren't finished talking.

Individual speaking styles vary. People pause more in 
some kinds of conversations than in others.

Setting a long pause interval creates stilted conversa-
tions — a very bad user experience. But with a short 
pause interval, the voice agent will frequently interrupt 

the user — also a bad user experience.

The most common alternative to pause-based turn de-
tection is push-to-talk. Push-to-talk means requiring that 
the user push or hold a button when they start speaking, 
and push the button again or release it when they are 
finished speaking. (Think about how old-school walk-
ie-talkies work.)

Turn detection is unambiguous with push-to-talk. But 
the user experience is not the same as just talking.

Push-to-talk isn't possible for telephone voice AI agents.

4.7.3 Endpoint markers

You can also use specific words as end-of-turn markers. 
(Think of truckers talking on CB radios saying "over.")

The easiest way to identify specific endpoint markers 
is to run a regular expression match against each tran-
scription fragment. But you can also use a small language 
model to detect endpoint words or phrases.

\\/\
\/\/
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Voice AI apps that use explicit endpoint markers are fair-
ly uncommon. Users have to learn to talk to these apps. 
But this approach can work very well for specialized use 
cases.

For example, we saw a nice demo last year of a writing 
assistant that someone had built for themselves as a side 
project. They used a variety of command phrases to indi-
cate turn endpoints and to switch between modes.

4.7.4 Context-aware turn detection (semantic 
VAD and smart turn)

When humans do turn detection, they use a variety of 
cues:

	Ʌ Identification of filler words like "um" as being likely 
to indicate continued speech.

	Ʌ Grammatical structure.
	Ʌ Knowledge of patterns, such as telephone numbers 

having a specific number of letters.
	Ʌ Intonation and pronunciation patterns like drawing 

out the final word before a pause.

Deep learning models are very good at identifying pat-
terns. LLMs have a lot of latent grammatical knowledge 
and can be prompted to do phrase endpointing. Smaller, 
specialized classification models can be trained on lan-
guage, intonation, and pronunciation patterns.

As voice agents become more and more commercial-
ly important, we expect to see new models for con-
text-aware voice AI turn detection.

There are two main approaches:

1.	Train a small turn detection model that can run 
in realtime. Use this model in conjunction with or 
instead of a VAD model. A turn detection model can 
be trained to pattern match on text. A text-mode 
turn detection model runs inline in the processing 
pipeline after transcription and generally needs to 
be trained on the output of a specific transcription 
model to be effective. Or, a turn detection model 
can be trained to operate natively on audio, which 
allows the turn detection classification to take into 
account both language-level patterns and intona-

\\/\
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tion, speech pacing, and pronunciation 
patterns. A native audio turn detection 
model doesn't require any transcription 
information, so it can run in parallel with 
transcription, which can improve perfor-
mance.

2.	Use a large LLM and a few-shot prompt 
to perform turn detection. Large LLMs 
are usually too slow to use in-line, 
blocking the pipeline. To work around 
this, you can split the pipeline and do 
turn detection and "greedy" conversation 
inference in parallel.

Some recent developments in turn detection:
	Ʌ In March, OpenAI shipped a new con-

text-aware turn detection capability for 
their Realtime API. They call this feature 
semantic VAD , in contrast to the simpler 
server VAD (pause-based turn detection). 
Docs are here [L.28] .

\\/\
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[L.27] 
https://dub.sh/voice-ai-L27

[L.28] 
https://platform.openai.
com/docs/guides/real-
time-vad#semantic-vad

[ 
  transport.input(), 
  vad, 
  audio_accumulater, 
  ParallelPipeline( 
  [ 
    FunctionFilter(filter=block_user_stopped_speak-
ing), 
  ], 
  [ 
    ParallelPipeline( 
    [ 
      classifier_llm, 
      completeness_check, 
    ], 
    [ 
      tx_llm, 
      user_aggregator_buffer, 
    ], 
    ) 
  ], 
  [ 
    conversation_audio_context_assembler, 
    conversation_llm, 
    bot_output_gate, 
  ], 
  ), 
  tts, 
  transport.output(), 
  context_aggregator.assistant(), 

],

Pipecat pipeline code for context-aware turn detection [L.27] 
using Gemini 2.0 Flash native audio input. Turn detection and 
greedy conversation inference run in parallel. Output is gated 
until the turn detection inference detects a phrase endpoint.
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	Ʌ Tavus [L.29] developed a transformer-based 
native audio turn detection model that is 
now part of their realtime conversational 
video API. The Tavus team published a 
very nice technical overview [L.30] of the 
problem space and how the model works.

	Ʌ The Smart Turn open source model is a 
state-of-the-art native audio turn detec-
tion model built and maintained by the 
Pipecat community. All training data, 
training code, inference code, and model 
weights are open source. [30]

4.8. Interruption handling
Interruption handling means allowing the user 
to interrupt the voice AI agent. Interruptions 
are a normal part of conversation, so han-
dling interruptions gracefully is important.

To implement interruption handling, you 
need every part of your pipeline to be cancel-

lable. You also need to be able to stop audio 
playout on the client very quickly.

Generally, the framework you're building with 
will take care of stopping all processing when 
an interruption is triggered. But if you're 
directly using an API that sends you raw 
audio frames faster than realtime, you'll 
have to manually stop playout and flush 
audio buffers.

4.8.1 Avoiding spurious interruptions

Several sources of unintended interruptions 
are worth noting.

1.	Transient noises classified as speech. 
Good VAD models do an excellent job 
separating speech from "noise." But 
certain kinds of short, sharp, initial audio 
will have moderate speech confidence at-
tached to them when they appear at the 
beginning of an utterance. Coughing and 

[30] Pipecat open source 
smart turn detection 
model (https://github.com/
pipecat-ai/smart-turn)

[L.29] 
https://www.tavus.io/

[L.30] 
https://dub.sh/voice-ai-L30
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keyboard clicks both fall into this catego-
ry. You can adjust the VAD start segment 
length and confidence level to try to 
minimize this source of interruptions. 
The trade-off is that lengthening the start 
segment length and raising the confi-
dence threshold will create problems for 
very short phrases that you do want to 
detect as complete utterances. [31]

2.	Echo cancellation failures. Echo can-
cellation algorithms aren't perfect. A 
transition from silence to speech play-
out is particularly challenging. If you've 
done a lot of voice agent testing, you've 
probably heard your bot interrupt itself 
right when it starts talking. The culprit is 
echo cancellation allowing a little bit of 
the initial speech audio to feed back into 
your microphone. The minimum VAD 
start segment length helps to avoid this 
problem. So does applying exponential 

smoothing [32] to the audio volume level 
to avoid sharp volume transitions.

3.	Background speech. The VAD model will 
not distinguish between user speech and 
background speech. If the background 
speech is louder than your volume 
threshold, background speech will trigger 
an interruption. A speaker isolation 
audio processing step can reduce spuri-
ous interruptions caused by background 
speech. See the discussion in the 4.5.5. 
Server-side noise processing and speaker 
isolation section, above.

4.8.2 Maintaining accurate context 
after an interruption

Because LLMs generate output faster than 
realtime, when an interruption occurs you will 
often have LLM output queued up to send to 
the user.

\\/\
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[31] Pipecat's standard 
pipeline configuration 
combines VAD and 
transcription events 
to try to avoid both 
spurious interruptions 
and missed utterances.

[32] Pipecat VAD 
input audio exponential 
smoothing code (https://
dub.sh/voice-agents-030)
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Usually, you want the conversation context 
to match what the user actually heard (rather 
than what your pipeline generated faster than 
realtime).

You are probably also saving the conversation 
context as text. [33]

So you need a way to figure out what text the 
user actually heard!

The best speech-to-text services can re-
port word-level timestamp data. Use these 
word-level timestamps to buffer and assem-
ble assistant message text that matches the 
audio heard by the user. See the discussion 
of word-level timestamps in the 4.4 Text-to-
speech section, above. Pipecat handles this 
automatically.

4.9. Managing conversation 
context

LLMs are stateless. This means that for a 
multi-turn conversation, you need to feed 
all of the previous user and agent messages 

— and other configuration elements — back 
into the LLM each time you generate a new 
response.

Turn 1: 
  User: What's the capital of France? 
  LLM: The capital of France is Paris. 
 
Turn 2: 
  User: What's the capital of France? 
  LLM: The capital of France is Paris. 
  User: Is the Eiffel Tower there? 
  LLM: Yes, the Eiffel Tower is in Paris. 
   
Turn 3: 
  User: What's the capital of France? 
  LLM: The capital of France is Paris. 
  User: Is the Eiffel Tower there? 
  LLM: Yes, the Eiffel Tower is in Paris. 
  User: How tall is it? 
  LLM: The Eiffel Tower is about 330 meters tall.

Sending the entire conversation history to an LLM every turn.

[33] The standard context 
structure is the user / as-
sistant message list format 
developed by OpenAI.
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For each inference operation — each conver-
sation turn — you can send the LLM:

	Ʌ System instructions
	Ʌ Conversation messages
	Ʌ Tools (functions) for the LLM to use
	Ʌ Configuration parameters (for example, 

temperature)

4.9.1 Differences between LLM APIs

This general design is the same for all the 
major LLMs today.

But there are differences between the var-
ious providers' APIs. OpenAI, Google, and 
Anthropic all have different message formats, 
differences in the structure of tools/functions 
definitions, and differences in how system 
instructions are specified.

There are third-party API gateways and 
software libraries that translate API calls into 
OpenAI's format. This is valuable, because 

being able to switch between different LLMs 
is useful. But these services can't always 
abstract the differences away properly. New 
features, and features unique to each API, ar-
en't always supported. (And sometimes there 
are bugs in the translation layer.)

To abstract or not to abstract remains a 
question, in these relatively early days of AI 
engineering. [34]

Pipecat, for example, translates messages to 
and from OpenAI format for both context 
messages and tool definitions. But whether 
and how to do this was a subject of consider-
able community debate! [35]

4.9.2 Modifying the context  
between turns

Having to manage multi-turn context adds to 
the complexity of developing a voice AI agent. 
On the other hand, it can be useful to retroac-

\\/\
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[34] Note to self: ask 
Claude to come up with 
a good Hamlet joke – ed.

[35] If you're interested 
in topics like this, please 
consider joining the Pipecat 
Discord (https://discord.gg/
pipecat) and participating 
in the conversation there.
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tively modify the context. For each conversa-
tion turn, you can decide exactly what to send 
the LLM.

LLMs don't always need the full conversa-
tion context. Shortening or summarizing the 
context can reduce latency, reduce cost, and 
increase the reliability of a voice AI agent. 
More on this topic in the 6. Scripting and 
instruction following section, below.

4.10. Function calling
Production voice AI agents rely heavily on 
LLM function calling.

Function calling is used for:
	Ʌ Fetching information for retrieval aug-

mented generation.
	Ʌ Interacting with existing back-end sys-

tems and APIs.
	Ʌ Integration with telephony tech stacks 
— call transfers, queuing, sending DTMF 

tones.
	Ʌ Script following – function 

calls that implement workflow 
state transitions.

4.10.1 Function calling 
reliability in the voice 
AI context

As voice AI agents are deployed for 
increasingly complex use cases, re-
liable function calling has become 
more and more important.

SOTA LLMs are getting steadily 
better at function calling, but voice 
AI use cases tend to stretch LLM 
function calling capabilities to their 
limits.

Voice AI agents tend to:
	Ʌ Use functions in multi-turn 

TTFT for inference that includes a 
function call. LLM TTFT is 450 ms and 
throughput is 100 tokens per second. 
If the function call request chunk is 
100 tokens, it takes 1s to output the 
function call request. Then we execute 
the function and run inference again. 
This time, we can stream the output, so 
after 450 ms we have the first tokens 
we can use. TTFT for the full inference 
is 1,450 ms (not including the time it 
takes to execute the function itself ).
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conversations. In multi-turn conversations, the 
prompts develop more and more complexity as user 
and assistant messages are added every turn. This 
prompt complexity degrades LLM function calling 
capabilities.

	Ʌ Define multiple functions. It's common to need five 
or more functions for a voice AI workflow.

	Ʌ Call functions several times during a session.

We heavily test all of the major AI model releases and 
talk frequently to people who are training these models. 
It's clear that all of the above attributes are somewhat 
out of distribution relative to the data used to train cur-
rent-generation LLMs.

This means that current-generation LLMs struggle with 
voice AI use cases even when they do well on general 
function calling benchmarks. Different LLMs and differ-
ent updates of the same model are differentially good at 
function calling, and differently good at different kinds 
of function calling in different circumstances.

If you are building voice AI agents, it's important to 

develop your own evals to test the function calling 
performance of your app. See the 7. Voice AI Evals 
section, below.

4.10.2 Function call latency

Function calls add latency — potentially a lot of latency 
— for four reasons:

1.	When the LLM decides a function call is necessary, 
it outputs a function call request message. Your 
code then does whatever it does for the particular 
function requested, then calls inference again with 
the same context plus a function call result message. 
So any time a function is called, you have to do two 
inference calls instead of one.

2.	The function call request can't be streamed. We 
need the entire function call request message before 
we can execute the function call.

3.	Adding function definitions to a prompt can in-
crease latency. This is a bit nebulous; it would be 

\\/\
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good to develop latency-oriented evals specifically 
to measure additional latency from adding function 
definitions to a prompt. But it's clear that some 
APIs, at least some of the time, have higher median 
TTFTs when tool use is enabled, whether functions 
are actually called or not.

4.	Your functions may be slow! If you are interfacing 
with a legacy back-end system, your function may 
take a long time to return.

You need to provide fairly quick audio feedback each 
time a user finishes speaking. If you know that your 
function calls might take a long time to return, you 
probably want to output speech telling the user what's 
happening and asking them to wait.

You can either:
	Ʌ Always output a message before executing the func-

tion call. "Please wait while I do X for you …"
	Ʌ Set a watchdog timer, and output a message only if 

the function call loop hasn't completed before the 

timer fires. "Still working on this, please wait just 
another moment …"

Or both, of course. And you can play background music 
while executing long-running function calls. [36]

4.10.3 Handling interruptions

LLMs are trained to expect function call request messag-
es and function call response messages as matched pairs.

This means that:

1.	You need to stop your voice-to-voice inference loop 
until all function calls complete. See below for notes 
on 4.10.6 Asynchronous function calls.

2.	If a function call is interrupted and will never com-
plete, you need to put a function call response mes-
sage into the context that indicates … something.

\\/\
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[36] Not the Jeopardy theme song though, please
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The rule here is that if the LLM calls a function, you 
need to put a request/response pair of messages into 
the context.

	Ʌ If you put a dangling function call request message 
into the context and then continue the multi-turn 
conversation, you are creating a context that diverg-
es from how the LLM was trained. (Some APIs will 
not allow this.)

	Ʌ If you don't put a request/response pair into the 
context at all, you are teaching the LLM (via in-con-
text learning) not to call the function. [37] Again, the 
results are unpredictable and probably not what you 
want.

Pipecat helps you follow these context management 
rules by inserting a request/response message pair into 
the context whenever a function call is initiated. (Of 
course, you can override this behavior and manage func-
tion call context messages directly.)

Here's what the pattern looks like, for function calls that 

are configured in two different ways: run-to-completion 
and interruptible.

User:  Please look up the price of 1000 widgets. 
LLM: Please wait while I look up the price for 1000 widgets.  
function call request: { name: “price_lookup”, args: { item: “wid-
get”, quantity: 1000 } } 
function call response: { status: IN_PROGRESS }

Initial context messages. A function call request mes-
sage and a function call response placeholder.

User:  Please look up the price of 1000 widgets. 
function call request: { name: “price_lookup”, args: { item: “wid-
get”, quantity: 1000 } } 
function call response: { result: { price: 12.35 } }

Context when the function call completes.

User:  Please look up the price of 1000 widgets. 
LLM: Please wait while I look up the price for 1000 widgets.  
function call request: { name: “price_lookup”, args: { item: “wid-
get”, quantity: 1000 } } 
function call response: { status: IN_PROGRESS } 
 
User: Please lookup the price of 1000 pre-assembled modules. 
LLM: Please wait while I also look up the price for 1000 pre-assem-
bled modules.  
function call request: { name: “price_lookup”, args: { item: “pre_
assembled_module”, quantity: 1000 } } 
function call response: { status: IN_PROGRESS }

Placeholders allow the conversation to continue while func-
tion calls run, without "confusing" the LLM.

\\/\
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[37] See the paper, Language Models are Few-Shot Learners (https://arxiv.org/
abs/2005.14165).
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User:  "Please look up the price of 1000 widgets." 
LLM: "Please wait while I look up the price for 1000 
widgets."  
function call request: { name: "price_lookup", args: { 
item: "widget", quantity: 1000 } } 
function call response: { status: CANCELLED } 
 
User: Please lookup the price of 1000 pre-assembled 
modules. 
LLM: Please wait while I look up the price for 1000 
pre-assembled modules. 
function call request: { name: "price_lookup", args: { 
item: "pre_assembled_module", quantity: 1000 } } 
function call response: { status: IN_PROGRESS }

If the function call is configured as interruptible , it will be 
canceled if the User speaks while the function call is in progress.

4.10.4 Streaming mode and function 
call chunks

In voice AI agent code, you almost always ex-
ecute conversation inference calls in stream-
ing mode. This gives you the first few con-
tent chunks as quickly as possible, which is 
important for voice-to-voice response latency.

Streaming mode and function calling make 
for an awkward pairing, though. Streaming 
isn't helpful for function call chunks. You 

can't call a function until you've assembled 
the LLM's complete function call request 
message. [38]

Here's some feedback for inference provid-
ers as they continue to evolve their APIs: 
please offer a mode that delivers function 
call chunks atomically, and isolated from any 
streamed content chunks. This would sig-
nificantly reduce the complexity of code that 
uses LLM provider APIs.

4.10.5 How and where to execute 
function calls

When the LLM emits a function 
call request, what do you do? 
Here are some commonly used 
patterns:

	Ʌ Execute a function call 
with the same name as the 
requested function, directly 

[38] If you’re using an AI 
framework, the frame-
work probably hides this 
complexity from you.

Function calling patterns
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in your code. This is what you see in 
almost every LLM function calling docs 
example.

	Ʌ Map the request to an operation, based 
on arguments and context. Think of this 
as asking the LLM to do a generic func-
tion call, which you disambiguate in your 
code. The advantage of this pattern is 
that LLMs are usually better at function 
calling if you give them a small number 
of functions to choose between. [39]

	Ʌ Proxy the function call to the client. This 
pattern is available to you in an applica-
tion (not telephony) context. For exam-
ple, imagine a get_location() function. 
You want the current location of the 
user's device, so you need to hook into 
the geo lookup API on that device.

	Ʌ Proxy the function call to a network end-
point. This is often a particularly useful 
pattern in enterprise contexts. Define 

a set of functions that interact with inter-
nal APIs. Then create an abstraction in 
your code that executes these function 
calls as HTTP requests.

4.10.6 Asynchronous function calls

Sometimes you don't want to return from 
a function call right away. You know your 
function will take an unpredictably long time 
to complete. Maybe it won't complete at all. 
Maybe you even want to kick off a long-run-
ning process that can add to the context in an 
open-ended way over time.

Imagine a walking tour app that lets the user 
express interest in things they might see 
during the tour. "If we pass by any places 
where famous writers have lived, I'd particu-
larly like to hear about those." One nice archi-
tecture for this would be for the LLM to call a 
function whenever a user expresses a specific 

\\//
\\\/

[39] Think of function call 
as a capacious category, 
here — function in the for-
mal rather than colloquial 
sense. You can return a 
value from a lookup table. 
You can run a SQL query.
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interest. That function would start a background process, 
injecting information into the context when anything 
relevant to the interest is found.

You can't do this directly, today, using LLM function 
calling. Function call request/response messages 
have to appear together in the context.

So instead of defining a function with this shape:

register_interest_generator(interest: string) -> Iterator[Message]

You need to do something like this:

create_interest_task_and_return_success_immediately 
  (interest: string, context_queue_callback: Callable[Message]) ->  
    Literal["in_progress", "canceled", "success", "failure"]

For more discussion of this topic, see the 5.2. Performing 
async inference tasks section, below.

As LLMs and APIs evolve to better support multimodal 
conversational use cases, we'd love to see LLM research-
ers explore ideas around asynchronous functions and 
long-running functions that act as generators.

4.10.7 Parallel and composite function calling

Parallel function calling means that the LLM can request 
multiple function calls in a single inference response. 
Composite function calling means that the LLM can flex-
ibly call several functions in a row, chaining functions 
together to perform complex operations.

These are exciting capabilities!

But they also add to the variability of voice agent be-
havior. Which means you need to develop evals and 
monitoring that tests whether parallel and composite 
function calling is working as expected in real-world 
conversations.

Handling parallel function calling makes your agent code 
more complex. We often recommend that people disable 
parallel function calling unless there is a specific use for it.

\\//
\\/\
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Composite function calling feels like magic when it 
works well. One of our favorite early glimpses of com-
posite function calling was seeing Claude Sonnet 3.5 
chain together functions to load resources from files 
based on filename and timestamp.

User: Claude, load the most recent picture I have of the Eiffel 
Tower. 
function call request: <list_files()> 
function call response: <['eiffel_tower_1735838843.jpg', 'em-
pire_state_building_1736374013.jpg', 'eiffel_tower_1737814100.jpg', 

'eiffel_tower_1737609270.jpg', 
'burj_khalifa_1737348929.jpg'] 
function call request: <load_resource('eiffel_tower_1737814100.
jpg')> 
function call response: <{ 'success': 'Image loaded successfully', 

'image': … }> 
LLM: I have loaded an image of the Eiffel Tower. The image shows the 
Eiffel 
Tower on a cloudy day.

The LLM figures out how to chain two functions – list_files() and load_resource() 
– to respond to a specific instruction. The two functions are described in a tools list. 
But this chaining behavior is not prompted for.

Composite function calling is a relatively new capability 
of SOTA LLMs. Performance is "jagged" – surprisingly 
good, but frustratingly inconsistent.

4.11. Multimodality
LLMs now consume and produce audio, images, and 
video in addition to text.

We talked earlier about speech-to-speech models.[L.37] 
These are models capable of taking audio as input and 
producing audio as output.

The multimodal capabilities of SOTA models are advanc-
ing rapidly.

GPT-4o, Gemini Flash, and Claude Sonnet all have very 
good vision capabilities – they all accept images as input. 
Vision support in these models started out focused on 
describing the image content and transcribing text that 
appears in images. Capabilities expand with each release. 
Counting objects, identifying bounding boxes, and better 
understanding of the relationship between objects in an 
image are all useful abilities that are available in newer 
releases.

\\//
\\//

[L.37] See 4.2.4. What about speech-to-speech models?



Voice AI & Voice Agents / Core technologies and best practices / Multimodality P. 52 / 80\\//
\/\\

Gemini Flash can do inference on video input, 
including understanding both video and audio 
tracks. [40]

One interesting new class of voice-enabled 
applications is the assistant that can "see" 
your screen and help perform tasks on your 
local machine or a web browser. A number of 
people have built scaffolding for voice driven 
web browsing.

Several programmers we know talk as much 
as they type, these days. It's fairly easy to wire 
up voice input to drive Cursor or Windsurf. [41] 
It's also possible to wire up screen capture so 
your AI programming assistant can see exactly 
what you see – code in your editor, UI state of 
the web app you're building, a Python stack-
trace in your terminal. This kind of fully mul-
timodal AI programming assistant feels like 
another of the glimpses of the future we've 
talked about throughout this document. [42]

Right now, all the SOTA models support mul-
timodality in different combinations.

	Ʌ GPT-4o (GPT-4o-2024-08-06) has text 
and image input, and text output.

	Ʌ GPT-4o-audio-preview has text and au-
dio input, and text and audio output. (No 
image input.)

	Ʌ Gemini Flash has text, audio, image, and 
video input, but only text output.

	Ʌ OpenAI's new speech-to-text and text-
to-speech models are fully steerable and 
built on the GPT-4o foundation, but are 
specialized for converting between text 
and audio: GPT-4o-transcribe, GPT-4o-
mini-transcribe, and GPT-4o-mini-tts.

Multimodal support is evolving rapidly, and 
we expect the above list to be out of date 
soon!

For voice AI, the biggest challenge with multi-
modality is that audio and images use a lot of 

[40] You can process 
video with both GPT-4o 
and Claude by extracting 
individual frames from 
video and embedding those 
frames in the context as 
images. This approach has 
limitations, but works well 
for some "video" use cases.

[41] Two popular new 
programming editors 
with deep AI integra-
tion and tooling.

[42] See swyx's talk at 
OpenAI Dev Day 2024 
Singapore, "Engineering 
AI Agents" (https://dub.
sh/voice-agents-040).
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tokens, and more tokens mean higher latency.

Example media Approximate token 
count

One minute of speech audio as text 150

One minute of speech audio as audio 2,000

One image 250

One minute of video 15,000

For some applications, a big engineering challenge is 
achieving conversational latency while also handling 
large numbers of images. Conversational latency re-
quires either keeping the context small or relying on 
vendor-specific caching APIs. Images add a lot of tokens 
to the context.

Imagine a personal assistant agent that runs all the time 
on your computer and watches your screen as part of its 
work loop. You might like to be able to ask, "I was about 
to read a tweet an hour ago when I got that phone call, 
and then I forgot about it and closed the tab. What was 
that tweet?"

An hour ago equates to almost a million tokens. Even if your 

model can accommodate a million tokens in its context 
[43] , the cost and the latency of doing a multi-turn con-
versation with that many tokens every turn are prohibi-
tive.

You can summarize video as text, and keep only the sum-
mary in the context. You can calculate embeddings and 
do RAG-like lookup. LLMs are quite good at both feature 
summarization and using function calling to trigger 
complex RAG queries. But both of those approaches are 
complicated to engineer.

Ultimately, the biggest lever is context caching. All the 
SOTA API providers offer some support for caching. 
None of today's caching features are perfect, yet, for 
voice AI use cases. We expect caching APIs to improve 
this year, as multimodal, multi-turn conversation use 
cases get more attention from people training SOTA 
models.

\\//
\/\/

[43] Hello, Gemini!
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5. Using multiple AI models
Today's production voice AI agents use multi-
ple deep learning models in combination. [44]

As we've discussed, the typical voice AI 
processing loop transcribes the user's voice 
with a speech-to-text model, passes the tran-
scribed text to an LLM to generate a response, 
then performs a text-to-speech step to gener-
ate the agent's voice output.

In addition, many production voice agents 
today use multiple models in complex and 
varied ways.

5.1. Using several fine-tuned 
models

Most voice AI agents use a SOTA [45] model 
from OpenAI or Google (and sometimes An-
thropic or Meta). Using the newest, best-per-
forming models is important because voice 

AI workflows generally are right at the edge 
of the jagged frontier [46] of model capability. 
Voice agents need to be able to follow com-
plex instructions, participate in open-ended 
conversations with people in a natural way, 
and use functions and tools reliably.

But for some specialized use cases, it can 
make sense to fine-tune models for different 
states of a conversation. A fine-tuned model 
can be smaller, faster, and cheaper to run 
than a large model while still performing 
equally well (or better) on specific tasks.

Imagine an agent that assists with parts order-
ing from a very large industrial supply catalog. 
For this task, you might train several different 
models, each one focused on a different cate-
gory: plastic materials, metal materials, fasten-
ers, plumbing, electrical, safety equipment, etc.

\\//
\//\

[44] Even the beta 
speech-to-speech APIs 
from OpenAI and Google 
use dedicated VAD and 
noise reduction models to 
implement turn detection.

[45] SOTA — state-of-
the-art — is a widely 
used AI engineering term 
that loosely means "the 
newest large models from 
the leading AI labs."

[46] Wharton professor 
Ethan Mollick (https://x.
com/emollick) coined the 
term "jagged frontier" to 
describe the complex 
edge zone of SOTA model 
capability — sometimes 
astonishingly good, some-
times frustratingly bad.
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Fine-tuned models can generally "learn" 
things in two important categories:

1.	Embedded knowledge — models can 
learn facts.

2.	Response patterns — models can learn 
to transform data in specific ways, which 
also includes learning conversational 
patterns and flows.

Our hypothetical industrial supply company 
has extensive raw data:

	Ʌ A very large knowledge base consisting 
of data sheets, manufacturer recommen-
dations, prices, and internal data about 
every part in the catalog.

	Ʌ Text chat logs, email chains, and tran-
scribed phone conversations with human 
support agents.

Turning this raw data into data sets for 
fine-tuning models is a large job, but tracta-

ble. The required data cleaning, data set cre-
ation, model training, and model evaluation 
are all well-understood problems.

One important note: don't jump straight to 
fine-tuning — start with prompt engineer-
ing.

Prompting can almost always achieve the 
same task results as fine-tuning. The ad-
vantage of fine-tuning is the ability to use a 
smaller model, which can translate to faster 

\\//
\///

Using fine-tuned models 
for specific conversation 
topics. A variety of archi-
tectural approaches are 
possible. In this example, 
at the beginning of each 
conversation turn a router 
LLM classifies the full 
context.
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inference and lower cost. [47]

With prompting, you can get started much 
more easily and iterate much more quickly 
than you can with fine-tuning. [48]

When initially exploring how to use differ-
ent models for different conversation states, 
think of your prompts as miniature "models." 
You are teaching the LLM what to do by craft-
ing a large, context-specific prompt.

1.	For embedded knowledge, implement 
a search capability that can pull infor-
mation from your knowledge base and 
assemble search results into an effective 
prompt. For more on this, see the 9. RAG 
and memory section, below.

2.	For response patterns, embed examples 
of how you expect the model to respond 
to different questions. Sometimes, just 
a few examples are enough. Sometimes, 

you will need lots of examples — 100 or 
more.

5.2. Performing async 
inference tasks

Sometimes you want to use an LLM for a 
task that will take a relatively long time to 
run. Remember that in our core conversa-
tion loop we're aiming for response times of 
around a second (or less). If a task will take 
longer than a couple of seconds, you have two 
choices:

1.	Tell the user what's happening and ask 
them to wait. Please hold on while I look 
that up for you …"

2.	Perform the longer task asynchronously, 
allowing the conversation to continue 
while it's happening in the background. 

"I'll look that up for you. While I do that, do 
you have any other questions?"

[47] If you're interested 
in digging deep into 
prompting vs fine-tuning, 
see these two classic 
papers: Language Models 
Are Few-shot Learners, and 
A Comprehensive Survey 
of Few-shot Learning.

[48] Follow the classic 
engineering advice: make 
it work, make it fast, make 
it cheap. Don't think about 
moving from prompt engi-
neering to fine-tuning until 
somewhere in the middle 
of the make it fast part of 
the process. (If at all.)
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If you're performing an inference task 
asynchronously, you might choose to use a 
different LLM for that specific task. (Since 
it's decoupled from the core conversation 
loop.) You might use an LLM that is slower 
than would be acceptable for voice responses, 
or an LLM you have fine-tuned for a specific 
task.

A few examples of async inference tasks:
	Ʌ Implementing content "guardrails". (See 

the 5.3. Content guardrails section.)
	Ʌ Creating an image.
	Ʌ Generating code to run in a sandbox.

The amazing recent progress in reasoning 
models [49] expands what we can ask LLMs 
to do. You can't use these models for a voice 
AI conversation loop, though, because they 
will often spend significant time producing 
thinking tokens before they emit usable out-
put. Using reasoning models as async parts of 

a multi-model voice AI architecture can work 
well, though.

Async inference is usually triggered by an 
LLM function call. A simple approach is to 
define two functions.

	Ʌ perform_async_inference() — This is 
called by the LLM when it decides that 
any long-running inference task should 
run. You can define more than one of 
these. Note that you need to start the 
async task and then immediately return 
a basic started task successfully response, 
so that the function call request and 
response messages are correctly ordered 
in the context. [50]

	Ʌ queue_async_context_insertion() — 
This is called by your orchestration layer 
when your async inference finishes. The 
tricky thing here is that how you insert 
results into the context will depend on 

\\//
/\\/

[49] Examples of reasoning 
models include DeepSeek 
R1, Gemini Flash 2.0 Think-
ing, and OpenAI o3-mini.

[50] See 4.10.6. Asyn-
chronouns function 
calls. (https://voiceaiand-
voiceagents.com/#async-
function-calls)
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what you're trying to do, and on what the LLM/API 
you are using allows. One approach is to wait until 
the end of any in-progress conversation turn (in-
cluding the completion of all function calls), put the 
async inference results into a specially crafted user 
message, and then run another conversation turn.

5.3. Content guardrails
Voice AI agents have several vulnerabilities that cause 
major issues for some use cases.

	Ʌ Prompt injection.
	Ʌ Hallucination.
	Ʌ Out-of-date knowledge.
	Ʌ Production of inappropriate or unsafe content.

Content guardrails is a general term for code that tries 
to detect any of these — protecting the LLM from both 
accidental and malicious prompt injection; catching bad 
LLM output before it is sent to users.

Using a specific model (or models) for guardrails has a 
couple of potential advantages:

	Ʌ Small models can be a good fit for guardrails and 
safety monitoring. Identifying problematic content 
can be a relatively specialized task. (In fact, for 
prompt injection mitigation specifically, you don't 
necessarily want a model that can be prompted in a 
fully general way.)

	Ʌ Using a different model for guardrail work has the 
advantage that it won't have exactly the same weak-
nesses as your main model. At least in theory.

Several open source agent frameworks have guardrails 
components.

	Ʌ llama-guard is part of Meta's llama-stack.[L.40]

	Ʌ NeMO Guardrails [L.41] is an open-source toolkit for 
adding programmable guardrails to LLM-based con-
versational applications.

\\//
/\/\

[L.40] https://github.com/facebookresearch/llama-stack

[L.41] https://github.com/NVIDIA/NeMo-Guardrails
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Five types of guardrails supported by NVIDIA's NeMo 
Guardrails framework. Diagram from NeMo Guardrails 
documentation.

Both of these frameworks were designed with text chat 
in mind, not voice AI. But both have useful ideas and 
abstractions and are worth looking at if you are thinking 
about guardrails, safety, and content moderation.

It's worth noting that LLMs are much, much better at 
avoiding all of these issues than they were a year ago.

Hallucination in general is not a major issue any more 
with the newest models from the large labs. We only see 
two categories of hallucination regularly, these days.

	Ʌ The LLM "pretending" to call a function, but not 
actually doing so. This is fixable through prompting. 
You need good evals to be sure there aren't cases 
where this happens with your prompts. When you 
see function call hallucination in your evals, iterate 
on your prompt until you don't see it any more. (Re-
member that multi-turn conversations really stress 
LLM function calling abilities, so your evals need to 

mirror your real-world, multi-turn conversations.)
	Ʌ The LLM hallucinating when you expect it to do a 
web search. Built-in search grounding is a relatively 
new feature of LLM APIs. It's a little bit unpredict-
able, still, whether LLMs will choose to perform a 
search. If they don't search, they may respond with 
(older) knowledge embedded in their weights, or 
a hallucination. Unlike function call hallucination, 
this is not particularly easy to fix with prompting. 
But it is easy to know whether a search was actually 
performed. So you can display that information in 
an application UI or inject it into the voice conver-
sation. If your app relies on web search, doing this is 
a good idea. You're pushing the problem to the user 
to understand and deal with, but that's better than 
hiding the "searched" or "didn't search" distinction 
from the user. On the positive side, when search 
grounding does work, it can largely eliminate out-of-
date knowledge issues.

All of the APIs from the major labs have very good con-
tent safety filters.
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Prompt injection mitigation is also much better than it 
was a year ago, but the surface area of potential prompt 
injection attacks expands as LLMs gain new capabilities. 
For example, prompt injection from text in images is 
now an issue.

As a very, very general guideline: today in voice AI use 
cases you are unlikely to see occurrences of accidental 
prompt injection caused by normal user behavior. But it 
is definitely possible to steer LLM behavior in ways that 

subvert system instructions, solely through user input. 
It's important to test your agents with this in mind. In 
particular, it's very important to sanitize and cross-
check LLM-generated input to any functions that 
access backend systems.

5.4. Performing single inference 
actions

For AI engineers, learning how to leverage LLMs is an 
ongoing process. Part of that process is a mental shift in 
how we think about these new tools. When we first start-
ed using LLMs, most of us thought about them through 
the lens, what are language models uniquely capable of? But 
LLMs are general-purpose tools. They are good at a very 
broad range of information processing tasks.

In a voice agent context, we always have a code path set 
up to perform LLM inference. We don't need to limit 
ourselves to using the LLM only for the core conversa-
tion loop.

\\//
//\\

Five types of guardrails supported by NVIDIA's NeMo Guardrails 
framework. Diagram from NeMo Guardrails documentation.
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For example:
	Ʌ Any time you reach for a regular expres-

sion, you can probably write a prompt 
instead.

	Ʌ Post-processing LLM output is often 
useful. For example, you might want to 
generate output in two formats: text for 
display in a UI and voice for the interac-
tive conversation. You can prompt the 
conversation LLM to generate nicely 
formatted markdown text, then prompt 
the LLM again to shorten and reformat 
the text for voice generation. [51]

	Ʌ Recursion is powerful. [52] You can do 
things like have an LLM generate a list, 
and then call the LLM again to perform 
operations on each element of the list.

	Ʌ It turns out that you often want to 
summarize multi-turn conversations. 
LLMs are fantastic, steerable, summariz-

ers. More on this in the 6. Scripting and 
instruction following section, below.

Many of these emerging code patterns look 
like a language model using either itself, or 
another language model, as a tool.

This is such a powerful idea that we expect to 
see lots of people work on this in 2025. Agent 
frameworks can build support for this into 
their library-level APIs. Models can be trained 
to perform inference recursively in a way 
roughly analogous to training them to call 
functions and perform code execution.

5.5. Towards self-improving 
systems

When we access a SOTA "model" via an API, 
we are not accessing a single artifact. The 
systems behind the APIs use various rout-
ing, multi-stage processing, and distributed 

\\//
//\/

[51] See also the 5.3. 
Content guardrails section, 
above, regarding post-pro-
cessing LLM output.

[52] We're programmers, 
of course we … — ed.
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systems techniques to perform inference fast, 
flexibly, reliably, and at extraordinary scale. 
These systems are always being tweaked. 
Weights are updated. Low-level inference im-
plementations get more efficient all the time. 
Systems architectures evolve.

The big labs are continually shortening the 
feedback loop between how users use their 
APIs and how they implement inference and 
other capabilities.

These ever-faster feedback loops are a big 
part of the amazing macro-level AI progress 
happening these days.

Taking inspiration from this, what could 
micro-level feedback loops in our agent-level 
code look like? Can we build specific scaffold-
ing that improves agent performance during a 
conversation?

	Ʌ Monitor how often the agent interrupts 
the user before they are finished talking, 

and dynamically adjust parameters like 
VAD timeouts.

	Ʌ Monitor how often the user interrupts 
the agent and dynamically adjust LLM 
response length.

	Ʌ Look for patterns that indicate a user 
is having trouble understanding the 
conversation — maybe the user is not a 
native speaker. Adjust the conversation 
style or offer to switch languages.

Can you think of other ideas?

User: How has MNI 
performed recently? 
Agent: The Miami 
Dolphins won their 
game yesterday 21 
to 3 and now lead 
the AFC East with 
two games remaining 
the regular season. 
User: No, I meant 
the stock MNI. 
Agent: Ah, my apolo-
gies! You're asking 
about the stock 
performance of MNI, 
which is the ticker 
symbol for McClatchy 
Company … 
 
From this point on, 
the model will bias 
towards interpreting 
phonemes or tran-
scribed text as "MNI" 
rather than "Miami".

An example of an LLM 
adjusting behavior based 
on user feedback during 
a multi-turn session 
(in-context learning)
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6. Scripting and instruction following
A year ago, just being able to build voice agents capable 
of open-ended conversations at natural human latency 
was exciting.

Now we're deploying voice AI agents to do complicat-
ed, real-world tasks. For today's use cases, we need to 
instruct the LLM to focus on specific goals during a 
session. Often, we need the LLM to perform sub-tasks in 
a specific order.

For example, in a healthcare patient intake workflow, we 
want the agent to:

	Ʌ Verify the patient's identity before doing anything 
else.

	Ʌ Make sure to ask what medications the patient is 
currently taking.

	Ʌ If the patient says they are taking medicine X, ask a 
particular follow-up question.

	Ʌ Etc …

We refer to crafting step-by-step workflows as scripting. 

One lesson from the last year of voice AI development is 
that it's hard to achieve scripting reliability with prompt 
engineering alone.

There's only so much detail that can be packed into a 
single prompt. Relatedly, as the context grows in a multi-
turn conversation, the LLM has more and more informa-
tion to keep track of, and instruction following accuracy 
declines.

Many voice AI developers are moving towards a state 
machine approach to building complex workflows. 
Instead of writing a long, detailed system instruction 
to guide the LLM, we can define a series of states. Each 
state is:

	Ʌ A system instruction and tools list.
	Ʌ A conversation context.
	Ʌ One or more exits from the current state to another 

state.

\\//
////
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Each state transition is an opportunity to:
Ʌ Update the system instruction and tools 

list.
Ʌ Summarize or modify the context. [53]

The state machine approach works well be-
cause shorter, more focused system instruc-
tions, tools lists, and contexts signifi cantly 
improve LLM instruction following.

[53] Usually, you make 
an LLM inference call 
to perform context 
summarization. :-)

Pipecat Flows graphical editor
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The challenge is to find the right balance be-
tween, on the one hand, leveraging the LLM's 
ability to have an open-ended, natural con-
versation, and on the other, making sure the 
LLM reliably executes the important parts of 
the job to be done.

Pipecat Flows [L.43] is a library built on top of 
Pipecat that helps developers create workflow 
state machines.

The state diagram is represented as JSON and 
can be loaded into a Pipecat process. There's 
a graphical editor for creating these JSON 
state diagrams.

Pipecat Flows and state machines are seeing 
a lot of developer adoption right now. But 
there are other interesting ways to think 
about building abstractions for complex 
workflows.

One active area of AI research and develop-

ment is multi-agent systems. You could think 
of a workflow as a multi-agent system, in-
stead of as a series of states to traverse.

One of Pipecat's core architectural compo-
nents is the parallel pipeline. A parallel pipe-
line allows you to split the data going through 
the processing graph and operate on it twice 
(or more). You can block and filter data. You 
can define many parallel pipelines. You could 
think of a workflow as a set of gated, coordi-
nated parallel pipelines.

The rapid evolution of voice AI tooling is 
exciting, and highlights how early we are in 
figuring out the best way to build these new 
kinds of programs.

[L.43] 
https://github.com/pipe-
cat-ai/pipecat-flows
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7.  Voice AI Evals
One very important type of tooling is the eval, 
short for evaluation.

Eval is a machine learning term for a tool or 
process that assesses the capabilities of a 
system and judges its quality.

7.1. Voice AI evals are 
diff erent from software 
unit tests

If you're coming from a traditional software 
engineering background, you're used to think-
ing about testing as a (mostly) deterministic 
exercise.

Voice AI requires tests that are diff erent from 
traditional software engineering. Voice AI 
outputs are non-deterministic. The inputs 
for testing voice AI are complex, branching, 
multi-turn conversations.

Instead of testing that a specifi c input pro-
duces a specifi c output (f(x) = y), you will 
need to run probabilistic evals – lots of test 
runs to see how often a certain type of event 
happens. [54] For some tests, getting a class of 
cases right 8/10 times is acceptable, for others 
accuracy needs to be 9.99/10.

Instead of just having one input, you will have 
many: all of the user responses. This makes it 
very hard to test voice AI applications with-
out attempting to simulate user behavior.

Finally, voice AI tests have non-binary results 
and will rarely yield a defi nitive  or 
like traditional unit tests do. Instead, you 
will need to review results and decide on 
tradeoff s.

\/\\
\\/\

[54] The user request 
was fulfi lled, the agent 
interrupted the user, the 
agent went off  topic, etc
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7.2. Failure modes
Voice AI apps have particular shapes and failure modes 
that influence how we design and run evals. Latency is 
critical (so latency that would be acceptable in a text-
mode system is a failure for a voice system). They are 
multi-model (poor performance could be caused by TTS 
instability rather than LLM behavior, for example).

Some areas that frequently present challenges today are:
	Ʌ Latency of time-to-first-speech and time-to-agent-

response.
	Ʌ Transcription errors.
	Ʌ Understanding and verbalizing addresses, emails, 

names, phone numbers.
	Ʌ Interruptions.

7.3. Crafting an eval strategy
A rudimentary eval process can be as simple as a spread-
sheet with prompts and test cases.

One typical approach is to run each prompt whenever 

you test a new model or change a major part of your sys-
tem, using an LLM to judge whether the responses fall 
within some definition of expected parameters.

Having a basic eval is much better than not having any 
evals at all. But investing in evals – having really good 
evals – becomes critical as you start to operate at scale.

Evaluation platforms that offer sophisticated tooling for 
voice AI use cases are just beginning to emerge. Three 
platforms that have invested early in specific workflows 

\/\\
\\//

A screenshot from the Coval evals platform UI
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and tools for audio evals are Coval [L.44] , Free-
Play [L.45] , and Weights & Biases Weave [L.46] . 
All three have good Pipecat integrations.

These platforms can help with:
	Ʌ Prompt iteration.
	Ʌ Off-the-shelf metrics for audio, workflow, 

function calling, and semantic evaluation 
of conversations.

	Ʌ Hillclimbing on problem areas (for 
example, making your agents better at 
handling interruptions).

	Ʌ Regression testing (to be sure when you 
fix one problem area you don't introduce 
regressions in other previously solved 
problem areas).

	Ʌ Tracking performance changes over time, 
both as changes are made by developers, 
and across user cohorts.

\/\\
\/\\

Notes [L.44] 
https://coval.dev/

[L.45] 
https://freeplay.ai/

[L.46] 
https://wandb.ai/site/weave/
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8. Integrating with telephony infrastructure
Most of the fastest growing voice AI use 
cases today involve telephone calls. AI 
voice agents are answering phone calls and 
making phone calls at scale today.

Some of this is happening in traditional call 
centers. Call centers mostly view voice AI as 
a technology that can improve "deflection 
rates" – the percentage of calls that can be 
handled by automation rather than human 
agents. This makes the ROI for adopting 
voice AI clear. If the per-minute cost of an 
LLM is cheaper than the per-minute cost of a 
human agent, the buying decision is easy. [55]

A couple of interesting things are happening 
that accelerate adoption, though, beyond 
simple ROI calculations.

Voice AI agents are scalable in ways that a 
human staff isn't. Once you have voice AI in 

place, wait times during high-volume periods 
go down. (Customer satisfaction scores go up, 
as a direct result.)

And LLMs can sometimes do a better job 
than human agents because we're giving them 
better tools. In many customer support situa-
tions, human agents have to deal with mul-
tiple legacy backend systems. Finding infor-
mation in a timely fashion can be a challenge. 
When we deploy voice AI into that same 
situation, we have to build API-level access 
to these legacy systems. New LLM-plus-API 
layers are enabling the technology transition 
to voice AI.

It's clear that generative AI is going to com-
pletely reshape the call center landscape over 
the next few years.

Outside the call center, voice AI is changing 

[55] Assuming, of course, 
that AI agent performance 
is good. Which, for a wide 
variety of customer sup-
port use cases today, it is.
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how small businesses field phone calls, and 
how they use phone calls for information dis-
covery and coordination. We talk every day 
to startups building specialized AI telephony 
solutions for every business vertical that 
you've ever heard of.

People in this space often joke that pretty 
soon humans won't make, or receive, phone 
calls at all. The phone calls will all be AI-to-AI. 
Judging from the trendlines we see, there's 
some truth to this!

If you're interested in telephony for voice AI, 
there are a few acronyms and common ideas 
you should be familiar with.

	Ʌ PSTN is the public, switched, telephone net-
work. If you need to interact with a real 
phone that has a phone number, you'll 
need to work with a PSTN platform. 
Twilio is a PSTN platform that almost 
every developer has heard of.

	Ʌ SIP is a specific protocol used for IP 
telephony, but in a general sense SIP is 
used to refer to telephone interconnects 
between systems. If you're interfacing 
with a call center tech stack, for exam-
ple, you'll need to use SIP. You can work 
with a SIP provider, or host your own SIP 
servers.

	Ʌ DTMF tones are the keypress sounds 
used to navigate telephone menus. Voice 
agents need to be able to send DTMF 
tones to interact with real-world tele-
phone systems. LLMs are pretty good at 
dealing with phone trees. You just need 
to do a little bit of prompt engineering 
and define functions that send DTMF 
tones.

	Ʌ Voice agents often need to execute call 
transfers. In a simple transfer, the voice 
AI exits the session by calling a function 
that triggers a call transfer. [56] A warm 

[56] The actual transfer op-
eration might be an API call 
to your telephony platform, 
or a SIP REFER action.
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transfer is a hand-off from one agent to another, in 
which the agents talk to each other before transfer-
ring the caller to the second agent. Voice AI agents 
can do warm transfers, just like humans can. The 
voice agent starts out talking to the human caller, 
then puts the human caller on hold and has a con-
versation with the new human agent being brought 
into the call, then connects the human caller to the 
human agent.

\/\\
\///
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9. RAG and memory
Voice AI agents often access information 
from external systems. For example, you 
might need to:

	Ʌ Incorporate information about the user 
into the LLM system instructions.

	Ʌ Retrieve previous conversation history.
	Ʌ Look up information in a knowledge base.
	Ʌ Perform a web search.
	Ʌ Do a realtime inventory or order status 

check.

All of these fall under the category of RAG – 
retrieval augmented generation. RAG is the 
general AI engineering term for combining 
information retrieval and LLM prompting.

The "simplest possible RAG" for a voice agent 
is looking up information about a user before 
the conversation starts, then merging that in-
formation into the LLM system instructions.

user_info = fetch_user_info(user_id) 
 
system_prompt_base = "You are a voice AI assistant..." 
 
system_prompt = ( 
  system_prompt_base 
  + f""" 
The name of the patient is {user_info["name"]}. 
The patient is {user_info["age"]} years old. 
The patient has the following medical history: {user_
info["summarized_history"]}. 
""" 
)

Simple RAG – perform a lookup at the beginning of the session

RAG is a deep topic and an area of rapid 
change. [57] Techniques range from the rela-
tively simple approach above that just uses 
basic lookups and string interpolation, to 
systems that organize very large amounts of 
semi-structured data using embeddings and 
vector databases.

Often, an 80/20 approach gets you a very long 
way. If you have an existing knowledge base, 
use the APIs you already have. Write simple 

\/\\
/\\\

[57] Hmm. This sounds 
like every other area of 
generative AI, these days.
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evals so you can test a few different formats for injecting 
lookup results into the conversation context. Deploy 
to production, then monitor how well this works with 
real-world users.

async def query_order_system(function_name, tool_call_id, args, llm, 
context, result_callback): 
  "First push a speech frame. This is handy when the LLM response 
might take a while." 
  await llm.push_frame(TTSSpeakFrame("Please hold on while I look 
that order up for you.")) 
 
  query_result = order_system.get(args["query"]) 
  await result_callback({ 
    "info": json.dumps({ 
     "lookup_success": True, 
     "order_status": query_result["order_status"], 
     "delivery_date": query_result["delivery_date"], 
    }) 
 }) 
 
llm.register_function("query_order_system", query_order_system)

RAG during a session. Define a function for the LLM to call when information look-
up is required. In this example, we also emit a pre-set spoken phrase to let the user 
know the system will take a few seconds to respond.

As always, latency is a bigger challenge with voice AI 
than for non-voice AI systems. When an LLM makes a 
function call request, the extra inference call adds to 
latency. Looking up information in external systems can 
be slow, too. It's often useful to trigger a simple speech 

output before executing the RAG lookup, to let the user 
know that work is in progress.

More broadly, memory across sessions is a useful capa-
bility. Imagine a voice AI personal assistant that needs 
to remember everything you talk about. Two general 
approaches are:

1.	 Save each conversation to persistent storage. Test 
a few approaches to loading conversations into the 
context. For example, a strategy that works well for 
the personal assistant use case: always load the most 
recent conversation in full at agent startup, load 
summaries of the most recent N conversations, and 
define a lookup function the LLM can use to load 
older conversations dynamically as needed.

2.	Save each message in the conversation history sep-
arately in a database, along with metadata about the 
message graph. Index every message (perhaps using 
semantic embeddings). This allows you to build 
branching conversation histories dynamically. You 
might want to do this if your app makes heavy use of 

\/\\
/\\/
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image input (LLM vision). Images take 
up a lot of context space! [58] This ap-
proach also allows you to build branch-
ing UIs, which is a direction that AI app 
designers are just starting to explore.

\/\\
/\/\

[58] See 4.11. Multimodality.

Notes
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10. Hosting and scaling
Voice AI applications often have some traditional 
application components — web app frontends, API 
endpoints and other back-end elements. But the agent 
process itself is different enough from traditional app 
components that deploying and scaling voice AI comes 
with unique challenges.

10.1. Architecture
	Ʌ The voice AI agent conversation loop is usually a 
long-running process (not a request/response func-
tion that exits when a single response is finished 
generating).

	Ʌ Voice agents stream audio in realtime. Anything 
that stalls streaming can create audio glitches. (CPU 
spikes on a shared virtual machine, program flow 
that blocks audio thread execution even for as little 
as 10 ms, etc.)

	Ʌ Voice agents usually need either WebSocket or 
WebRTC connectivity. Cloud service network 

gateway and routing products don’t support 
WebSockets nearly as well as they support HTTP. 
They often don’t support UDP at all. (UDP is 
required for WebRTC.)

For all of these reasons, it’s generally not possible to 
use a serverless framework like AWS Lambda or Google 
Cloud Run for voice AI.

The best practice today for deploying voice AI agents is:
	Ʌ Once you’ve gotten past the prototyping phase, in-
vest engineering time in creating lightweight tooling 
to build Docker (or similar) containers to deploy 
your agents.

	Ʌ Push your container to your compute platform of 
choice. For simple deployments, you can just keep 
a fixed number of virtual machines running. At 
some point, though, you’ll want to hook into your 
platform’s tooling so you can autoscale, deploy new 
versions gracefully, implement good service discov-

\/\\
/\//
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ery and failover, and build other at-scale 
devops requirements.

	Ʌ Kubernetes is the standard these days for 
managing containers, deployments, and 
scaling. Kubernetes has a steep learn-
ing curve, but is supported on all of the 
major cloud platforms. Kubernetes has a 
very large ecosystem around it.

	Ʌ For deploying software updates, you’ll 
want to set long drain times that allow 
existing connections to stay alive until 
sessions end. This is not terribly hard to 
do in Kubernetes, but the details depend 
on your k8s engine and version.

	Ʌ Cold starts are a problem for voice AI 
agents, because fast connection times are 
important. Keeping an idle pool of agents 
is the easiest way to avoid long cold 
starts. If your workloads don’t require 
running large models locally, you can 

generally engineer fast container cold 
starts without too much effort. [59]

Virtual machine specs and container pack-
ing often trip people up when deploying to 
production for the first time. The specs your 
agents need will vary depending on what 
libraries you use and how much CPU-inten-
sive work you do within your agent process. 
A good rule of thumb is to start by running a 
single agent per virtual machine CPU, with 
double the maximum amount of RAM you 
see an agent process consuming on your dev 
machines. [60]

10.2. Calculating per-minute 
cost

Voice AI cost varies widely depending on 
what models, APIs, and hosting infrastructure 
are used. Cost also depends on use case. For 

[59] If you are running 
large models locally, advice 
about cold starts is well 
outside the scope of this 
guide. If you’re not already 
an expert on GPU and 
container optimization, you 
probably want to find an 
expert, rather than climb 
up that learning curve 
yourself (at least until 
you’re operating at a big 
enough scale to amortize 
the cost of developing 
the tooling you need).

[60] Make sure your con-
tainer runtime is starting 
new agent processes on 
idle CPUs. This is not 
always the k8s default.



Voice AI & Voice Agents / Hosting and scaling / Calculating per-minute cost P. 77 / 80

example, as discussed in 4.2.2 Cost compar-
ison above, per-minute costs are generally 
higher for longer sessions. And telephony is 
more expensive than WebRTC transport.

Costs range from $0.20 per minute or more if 
you are using a speech-to-speech API like the 
OpenAI Realtime API, to $0.10 per minute 
for batteries-included hosted agent platforms, 
down to $0.02 per minute for highly cost-op-
timized deployments running at signifi cant 
scale.

One mistake we sometimes see people make is 
cost-optimizing the agent hosting itself, before 
calculating the cost of the speech and LLM 
APIs. In general, cloud runtime costs for the 
agent processes themselves are less than 
one percent of total per-minute cost. It is al-
most never worth spending engineering eff ort 
on optimizing per-vCPU agent concurrency.

Here is a spreadsheet [L.48] that you can copy 
and use as a starting point for calculating 
per-minute cost.

The numbers in the screenshot are for a 
self-hosted agent that uses Deepgram, GPT-
4o, and Cartesia. For a ten-minute session, 
the per-minute cost is about two and a half 
cents. Transcription and the LLM inference 
are each about a quarter of the cost. Voice 

\/\\
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A spreadsheet to calculate 
per-minute costs for voice 
AI agents

[L.48]
https://dub.sh/voice-ai-48
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generation is about half of the cost. Hosting is less than 
one percent of the cost.

Of course, this is not a realistic picture of what self-host-
ing actually costs. If you are building and maintaining all 
of your own hosting infrastructure, you'll need to set up, 
scale, and maintain a number of systems and capabilities 
in addition to the agents themselves.

	Ʌ Service discovery.
	Ʌ Load balancing.
	Ʌ Logging.
	Ʌ Monitoring.
	Ʌ Bandwidth.
	Ʌ Multiple regions.
	Ʌ Security.
	Ʌ Compliance and regulatory features  
(data residency, for example).

	Ʌ Analytics
	Ʌ Customer support.
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11. What's coming in 2025
Speaking of the growth of AI engineering, voice AI grew 
enormously in 2024 and we expect this to continue in 
2025.

This expanding interest and adoption will create con-
tinuing progress in some important core areas:

	Ʌ More latency optimization from all model builders 
and service providers. For a long time, most people 
implementing services and almost all published 
benchmarks focused on throughput rather than 
latency. For voice AI, we care about time-to-first-
token much more than we care about tokens per 
second.

	Ʌ Progress towards full integration of all the non-text 
modalities in models and APIs.

	Ʌ More audio-specific features in testing and eval 
tools.

	Ʌ Context caching APIs that support the needs of 
realtime multimodal use cases.

	Ʌ New voice agent platforms from multiple providers.
	Ʌ Speech-to-speech model APIs from multiple provid-

ers.
	Ʌ Contextual speech models that are capable of incor-

porating context to improve transcription accuracy 
and voice generation quality.

If you’re interested in hot takes about 2025 from four 
experts in the voice AI space, skip to 54:05 in the re-
cording of the panel [L.49] from January’s San Francisco 
Voice AI Meetup. Karan Goel, Niamh Gavin, Shrestha 
Basu-Mallick, and swyx all offered their predictions for 
what we’ll see in the coming year: universal memory, AI 
in Hollywood, moving from model imitating to model 
understanding, and a contrarian position on robotics.

It’s going to be a fun year.

[L.49] https://dub.sh/voice-ai-L49
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