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Abstract—We present EdgeTalk, a unified streaming speech-
text model for on-device voice assistants, running on CPU-only
edge hardware. Unlike chained automatic speech recognition
(ASR) and natural language understanding (NLU) pipelines,
EdgeTalk handles ASR, API invocation, and response generation
within a unified 1.2B-parameter model. Joint speech-text-API
training recovers errors that cascade in pipelines, improving
turn-level API accuracy by 8.2% over a same-size chained
variant (85.1% vs 76.9%). The model approaches the end-to-
end task success of a 2.7x larger Whisper-1.5B + Qwen3-1.7B
baseline (73.1% vs 77.3%) while achieving 1.5s per-turn latency
through stacked inference optimizations (127% improvement in
tokens per second with minimal accuracy loss). We find 1.2B
(1B SLM + 200M encoder) is the maximum viable size for our
target hardware and share deployment learnings including failure
modes and latency-accuracy tradeoffs for edge agentic systems.

Index Terms—speech-text models, streaming ASR, API calling,
CPU-only edge inference, voice assistant

I. INTRODUCTION

Conversational interfaces between users and Al systems have
evolved from rigid command-style interactions to fluid, multi-
turn agentic systems powered by large language models
(LLMs) [T]l, as shown in Figure [I] These systems resolve user
queries using API calls and are widely deployed as chat bots
[2]l, customer service agents [3], and search agents [4]. How-
ever, deploying such systems involves high inference costs
and latency, motivating edge-based alternatives that provide
comparable experience at lower cost. Applications such as
automotive and smart home assistants [3], [6] further benefit
from edge deployment as it reduces data sharing with cloud
services, improving user privacy.

To this end, we present EdgeTalk: a streaming speech-text
model with up to 1.2B parameters (200M encoder + 1B
small language model), equipped with conversational and API
calling [[7], capability, optimized for CPU-only inference
on edge hardware. EdgeTalk targets voice-enabled applica-
tions such as automotive assistants, entertainment systems,
and Internet of Things (IoT) devices [EI], constrained by
memory, compute, and latency but without significant battery
constraints. Extending EdgeTalk for mobile applications will
require further work to reduce power usage.
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Different model for each task.
Rigid multi-turn interactions.
Uses predefined slot-filling
approaches.

Example: Navigate me to Starbucks on
xyz street

Large multi-modal models
Free-form multi-turn interactions
Can handle ambiguity and deviations
Example: Navigate to nearest coffee
shop
which serves Latte & update my ETA to

nearest coffee shop

my wife

Fig. 1: Evolution of conversational interface in agentic systems
with advancements in technology.

Challenges: Building an edge agentic system is non-trivial due
to: (a) no or shared access to hardware accelerators; (b) model
size constraints from limited memory; (c) offline operation
without internet; (d) user privacy limiting data sharing [10].

Gaps: Existing speech-text agentic LLMs have 7B+ param-
eters [11]], [12], making them unsuitable for edge. Smaller
systems chain task-specific models (e.g., separate ASR + NLU
+ text-to-speech (TTS) [13]}), compromising conversational
flow and adding orchestration overhead. Recent work has
demonstrated text-only function calling at edge scale [I4],
[15], but these do not handle speech as input. To our knowl-
edge, no unified agentic (API-calling) speech-text model exists
at sub-2B for CPU-only edge.

Contributions: We address the question: How to build and de-
ploy speech-text agentic models on edge devices? Our jointly-
trained 1.2B unified model improves turn-level API accuracy
by 8.2% absolute over a same-size chained variant (85.1% vs
76.9%), and approaches the end-to-end (E2E) task success of
a 2.7x larger baseline (73.1% vs 77.3%) at 1.5s turn latency
on CPU-only hardware. We present: (1) evidence that joint
training recovers cascaded errors that chaining propagates; (2)
a multi-stage training pipeline achieving agentic adaptation in
only 170M tokens (vs 3T for foundation training); (3) CPU-
only optimizations yielding 127% tokens per second (TPS)
increase with minimal accuracy loss; and (4) deployment-
oriented learnings including failure mode analysis.
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Fig. 2: High-level design diagram of EdgeTalk models

II. RELATED WORK

Speech-text models use encoder-decoder architectures with
varied training strategies: freezing components [16f, co-
training [|17]-[]19], or adapter-based updates. Most require 7B+
parameters, making them infeasible for edge. Smaller variants
like Whisper [20] lack streaming behavior. In this work, we
build streaming speech-text models at 1.2B and below.
Model optimizations: Post-training quantization methods
such as GPTQ [21]], SqueezeLLM [22]], and SmoothQuant [23]]
reduce LLM inference cost to 3-8 bits with minimal accuracy
loss. We use SmoothQuant combined with speculative decod-
ing [24] and constrained decoding [25] to reduce latency.
API calling: Supervised fine-tuning (SFT) [8]] and few-shot
learning are common methods for enabling domain-specific
API calling in LLMs. Error accumulation in multi-turn tasks
is addressed by interleaving reasoning with execution results
[26], [27]. We take a similar approach, feeding API return
values back to the model to inform subsequent predictions.

III. ARCHITECTURE & DESIGN CHOICES
A. Components:

Figure [2] illustrates the 3 major components of EdgeTalk: (a)
a speech encoder to process input speech signal, (b) a neural
interface to project encoder output to text space, and (c) a
small language model (SLM) to produce textual output.
Speech Encoder: Before passing through the encoder, speech
input is resampled to 16kHz and converted to 128-dimensional
mel-spectrogram features using a window size of 25ms and a
hop size of 10ms. This gives us a feature frame rate of 100Hz
which is reduced to 25Hz using stacking and down-sampling
by a factor of 4. Our 200M encoder is based on the Conformer
[28]] architecture with 1 convolutional front-end filter and 18
blocks having d_model = 512 and d_ff = 2048. Training details
are covered in Section [V-Al

Neural Interface: It projects speech encoder output to SLM’s
input embedding dimension. It is a linear layer with input di-
mension = d_model for speech encoder and output dimension
= SLM’s token embedding dimension.

SLM: We use an internal decoder-only transformer [29] in 3
sizes (160M, 350M, 1B) with grouped query attention [30]
(16 heads, group size 4) and a sentencepiece [31]] tokenizer
with vocabulary of 50K. With the 200M encoder, total model
sizes are 360M, 550M, 1.2B respectively. We refer to these as
S2A-360M/550M/1.2B (Speech-to-API) in later sections.
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Fig. 3: Depiction of differences between streaming, streaming
with offset and non-streaming speech processing. Both accu-
racy and latency increase in the same order due to delayed
transcript prediction by model.

B. Design Choices

Streaming speech processing: Figure [3| contrasts non-
streaming (wherein model has full right context) and streaming
(no right context) which is an important consideration in
encoder design. To minimize latency, we cannot wait for the
entire user utterance before we start processing. Hence, we fix
all convolution and attention operations as streaming.
Continuous neural interface: We project speech embeddings
directly to the SLM’s input space via a linear layer, avoiding
information loss from discretizing speech into tokens.

Model sizes: To determine maximum feasible model size
for target hardware (Section , we benchmark randomly
initialized models of varying sizes on the target hardware and
find that SLMs up to 1B parameters execute reliably. We then
train EdgeTalk models with different parameter budgets to
study how model size influences accuracy and latency.
Context window: EdgeTalk uses an 8K context window (fits
up to ~5 multi-turn exchanges), sufficient for task-oriented
interactions. Longer conversations fall back to cloud models.

IV. TRAINING SETUP

We start from internal text-pretrained SLMs (trained on 3T
tokens) in 3 sizes (160M, 350M, 1B) and train in two stages:
(1) foundation model development (speech encoder pretraining
and speech-text alignment), and (2) agentic task adaptation
(streaming ASR SFT followed by agentic SFT). Total Token
Budget: Speech-text pretraining - 2.1T tokens, streaming ASR
SFT - 93B, and agentic SFT - 170M. Agentic adaptation
requires orders of magnitude fewer tokens than foundation
training, making domain adaptation cheap.

A. Datasets

Foundation Model: For speech pretraining, we use 8.3M
hours of labeled and unlabeled speech from Librispeech [32],
Multilingual Librispeech [33]], CommonVoice [34], VoxPopuli
[35]], and in-house data. Speech-text pretraining re-uses these
along with the internal text pretraining corpora.

Agentic Task: Training data used for streaming ASR SFT
is a subset of labeled data used in speech pretraining for
which word alignment information is available, totaling 1M
hours of speech. For agentic SFT, we design 9 APIs specific



to an automotive Al assistant, capable of reading or altering
the state of an automotive vehicle. Due to lack of real
multi-turn conversations for these APIs, we create synthetic
training data comprising 16K conversations generated using
Mixtral-8x7B [[36] model. Corresponding audios are generated
using in-house TTS system, augmented with noise injection
and SpecAugment [37]], standard augmentations for acoustic
variability. We create two test sets, A & B, both involving
multi-turn conversations and multi-API interactions specific
to those 9 APIs. Testset A contains 365 conversations each
recorded and curated from a pool of 48 participants, while
testset B contains 1965 synthetic conversations and corre-
sponding audios using Claude 3 Sonnet [38]] and in-house TTS
system respectively. TTS speaker pools are mutually exclusive
between train and test. We did not use Claude for training
data generation to avoid train-test bias. While our foundation
models are multilingual, our agentic task is English-only.

B. Metrics

We use word error rate (WER) for speech and speech-text
pretraining stages. For agentic task, we evaluate at two levels:
Turn-level API accuracy evaluates correctness of API name,
parameter names, and parameter values per user-agent ex-
change (turn). We use Mixtral-8x7B [36]] as an LLM judge
for semantic equivalence rather than strict AST matching [39],
since parameter values often have multiple valid surface forms
(e.g., “321 Main St” vs “321 main st, chicago”) that AST
would incorrectly penalize. We validated this judge against
100 human-annotated API turns, achieving 99% agreement
(Cohen’s k=0.98).

Turn-level response accuracy evaluates semantic equivalence
of agent responses using the same LLM judge setup, vali-
dated at 90% agreement (x£=0.80) on 100 human-annotated
responses. We prefer this over BLEU [40] as it is less sensitive
to minor lexical variations.

E2E task accuracy measures whether all APIs in a multi-turn
conversation are invoked correctly without teacher forcing.
This is the strictest metric, reflecting real deployment where
errors accumulate across turns.

We do not report WER for the agentic task, as intermediate
transcriptions serve as latent reasoning steps and are inconse-
quential as long as downstream API calls succeed.

V. FOUNDATION MODEL DEVELOPMENT

This section covers stage 1 of training: building speech and
text understanding on top of the pretrained SLMs. Agentic
task adaptation (stage 2) is covered in Section

A. Speech Pretraining

We adopt a dual-mode framework [41]] for encoder pretraining,
allowing streaming/non-streaming switching at inference via
attention masks without re-training. We train a 2B non-
streaming teacher encoder and distill it into our 200M student.
On CommonVoice [34] English test, the student achieves
17.97% WER (non-streaming) and 22.71% (streaming), vs

14.84% for Whisper-large-v2 (637M encoder, 1.5B total; non-
streaming only). The gap is due to Whisper’s 3x larger
encoder.

B. Speech-Text Pretraining

TABLE I: Non-streaming ASR WER (|) of speech-text pre-
trained models vs. Whisper-large-v2. Enc.: encoder size (M).
t-o: Librispeech test-other [32f], mls: MLS [33]], cv: Common-
Voice [34], v: Voxpopuli [35]]. *-en: English partition.

Enc. t-0 mls-en cv-en v-en
Whisper-1.5B 637 5.2 6.2 9.0 7.3
1.2B 200 6.0 6.8 10.1 8.7
550M 200 6.7 8.1 12.3 11.0
360M 200 8.5 10.8 17.3 11.5

This stage aligns speech encoder and SLM representations
using paired speech-text data. Neural interface and SLM are
kept fully trainable, speech encoder is frozen and used in
non-streaming mode. We retain the text continuation task at
50% weight to avoid catastrophic forgetting. We introduce
streaming ASR task in adaptation stage (Section [VI).

Table [I[] shows our 1.2B model has 15% relatively worse ASR
WER than Whisper, largely due to its 3x larger encoder.
However, Whisper-like encoders are unsuitable for EdgeTalk
due to size and non-streaming nature. We fine-tune our SLM
for streaming task in the subsequent stage while encoder is
frozen and used in streaming mode.

VI. BUILDING AGENTIC SYSTEM
A. Task Description

EdgeTalk supports multi-turn agentic conversations where user
query is spoken. Figure [4] depicts a sample conversation. We
achieve this by augmenting foundation models (Section [V)
with agentic capabilities by fine-tuning the SLM and neural
interface on streaming ASR, API-calling and text response
generation tasks. In each turn, the model first generates a
transcription in streaming fashion. It then either generates an
API call or asks a clarifying question. In case of an API call,
return values are fed back to the model, which generates a text
response rendered to the user via a separate TTS system.

B. Special Tokens

Since EdgeTalk models supports two modalities (speech and
text) and multiple tasks, we use special tokens, shown in Fig-
uref4] to disambiguate content from different sources present in
SLM’s context window. User and Agent symbols indicate start
of user input and that of agent output respectively. Transcript,
API and Response mark the beginning of task-specific output.
API return values are preceded by OBS. Lastly, EOS marks
end of generation by SLM.

C. Methodology

For streaming ASR, we process audio incrementally in chunks
(sampled from 40ms to 2s during training) rather than waiting
for the full audio. During training, each chunk’s speech embed-
dings are interleaved with corresponding text and aligned using
word-level timestamps from an in-house model. To reduce
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- find_tickets(movie_name="Mission Impossible", . i - S <API:
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Fig. 4: Left: Example conversation with EdgeTalk. Right: SLM’s corresponding context window including special tokens

(marked in yellow).

errors, we delay text prediction by 240ms relative to audio
(Figure [3), allowing the model to accumulate more context
before prediction, improving WER at slight latency cost.

We adopt curriculum learning [42] by first training on single-
turn streaming ASR, then gradually introducing API-calling
and response generation (agentic SFT). For multi-turn training,
N-1 turns are teacher-forced while training the N-th turn.
Encoder is kept frozen; SLM and neural interface are trainable.

D. Results

Streaming ASR Evaluation: We evaluate stage 1 of cur-
riculum learning using greedy decoding, computing WER by
concatenating chunk-wise text output against reference. Table
shows results at fixed chunk sizes of 1 and 2 sec. As
expected, WER improves with increased chunk and model
size. Note that no open-source baseline exists at this scale
for streaming speech-text models.

TABLE II: Streaming ASR WER () for chunk sizes 1s and 2s.
t-c/t-o: Librispeech clean/other, mls: MLS, cv: CommonVoice.
*-en: English partition.

Chunk t-c t-o mls-en  cv-en
1.2B 1 2.9 7.8 9.7 16.9
2 27 7.2 9.1 16
550M 1 54 11.6 13.9 22
2 4.1 9.9 13 20.8
360M 1 6.8 134 15.3 23.9
2 5 11.3 13.6 21.9

Turn-level API & Response Evaluation: We perform turn-
wise evaluation on both multi-turn datasets and aggregate re-
sults across conversations. Table [III| presents turn-level results
for EdgeTalk models compared against a chained baseline:
Whisper-1.5B for ASR [20] + Qwen3-1.7B [43]] for Text2API
(T2A), fine-tuned till convergence on the same training set as
EdgeTalk for fair comparison.

S2A-1.2B outperforms the 2.7x larger baseline on turn-level
API accuracy on both testset A (85.1% vs 81.4%) and B

(81.6% vs 79.6%). Although our 1.2B model has higher
WER than Whisper on speech-text benchmarks (Table [I), this
degradation does not propagate to downstream API accuracy,
showing benefit of effective joint training. Despite performing
agentic SFT on augmented TTS audios (Section [[V), S2A-
1.2B achieves 85.1% API accuracy on human-recorded testset
A, showing transfer to real speech within our task scope. The
baseline achieves higher response accuracy than S2A-1.2B,
due to stronger text generation capability of Qwen3 LLM.
Joint training is critical: To isolate the effect of joint
training, we fine-tune the 1B SLM separately on Text2API
and ASR tasks (ASR+T2A-1.2B row). This chained variant
achieves only 76.9% API accuracy on testset A (8.2% drop
vs S2A-1.2B), confirming that joint training recovers errors
that cascade in a pipeline architecture. However, joint training
yields diminishing returns with sub-500M models.

Size scaling: S2A 550M and 360M show 10% and 17%
absolute drops in API accuracy on testset A compared to 1.2B
(Table , with similar trends on testset B. This shows only
1.2B model is viable for our task. Both smaller models trail
the baseline significantly, indicating that joint training alone
cannot compensate for insufficient model capacity.

E2E Evaluation: We report E2E task accuracy on testset A,
which evaluates whether all APIs in a multi-turn conversation
are invoked correctly without teacher forcing (i.e., each turn
conditions on the model’s prior outputs). Table [[V| shows that
the baseline outperforms S2A (77.3% vs 73.1%). This reversal
from turn-level results reflects error accumulation as turn-level
evaluation uses teacher-forced preceding turns, while E2E lets
errors propagate across turns. The baseline’s advantage stems
from Qwen3-1.7B being a reasoning model capable of self-
correction, whereas our 1B SLM compounds errors across
turns. The dominant failure modes (Figure [5) are missing
API calls (48.4%) and incorrect parameter values (32.8%),
while syntax errors are eliminated by jump-forward decoding



TABLE III: Turn-level API and Response accuracy (%) on
testsets A (human-recorded) and B (synthetic). All models
fine-tuned on same data. S2A = Speech2API; size includes
encoder + SLM.

Testset A Testset B
API Resp. API Resp.
Whisper+Qwen3-1.7B  81.4 83.2 79.6 92.0
ASR+T2A-1.2B 769 73.1 693 89.0
S2A-1.2B 851 782 81.6 839
S2A-550M 748 750 71.1 872
S2A-360M 67.8 63.0 66.1 83.5

TABLE IV: E2E task accuracy (%) on testset A (human-
recorded). A conversation is successful when all reference
APIs are invoked correctly without teacher forcing.

Model Task Accuracy (%)
Whisper+Qwen3-1.7B 71.3
S2A-1.2B 73.1

(Section [VII-B). Missing API calls occur when the model
generates a response where an API was expected.

Statistical Significance: We assess accuracy gaps using boot-
strap confidence intervals (10,000 resamples, n=242 conver-
sations containing at least one API call). All API accuracy
differences in Table [lII| are statistically significant (95% confi-
dence interval (CI) excludes zero) except S2A-1.2B vs the
2.7x larger baseline. The turn-level gap of 3.7% has 95%
CI [-0.8, 8.3]. For E2E, since task success is binary per
conversation (pass/fail), we use McNemar’s test; the 4.2% gap
yields p=0.13. Both are not significant, supporting our framing
that S2A-1.2B approaches but does not match a system 2.7x
its size. All other gaps, including the 8.2% joint training
advantage and size scaling results, are statistically significant.

VII. OPTIMIZATIONS FOR EDGE HARDWARE
A. Hardware Constraints

We use an automotive system-on-chip (SoC), comparable to
SA8295P-class platforms [44]]: 4 CPU cores, 68.2 GB/s mem-
ory bandwidth, and 600 INT8 GOPS, with hardware accelera-
tors unavailable to our workload. Memory bandwidth bounds
tokens per second (TPS), while computational throughput
bounds context encoding (CE). These metrics are on par with
mobile/automotive chips but 10 to 100x lower than high-end
GPUs. Each optimization in Section targets a specific
bottleneck: quantization reduces memory bandwidth pressure
during decoding, speculative decoding amortizes autoregres-
sive cost, and jump-forward decoding eliminates redundant
computation for deterministic structured output.

B. Optimization Techniques

We present techniques to reduce SLM inference latency. We
exclude speech encoder as it operates in streaming mode with
real-time factor (RTF) < 0.05. Table |V| reports absolute and
relative latency metrics, all relative to the FP16 1.2B baseline.
Size Variations: Smaller models (550M, 360M) offer large
latency gains but at significant accuracy cost (>10%). We
therefore apply all optimizations below to the 1.2B model only.
Quantization: We use INT8 precision for weights and ac-
tivations to reduce memory bandwidth and leverage higher

TABLE V: Latency and accuracy on target SoC (4 CPUs) at
1024-token context for benchmarking; actual per-turn context
encoding (CE) is lower as prior turns are KV-cached. TPS:
tokens per second. API Acc.: turn-level accuracy on testset A.

CE (s) TPS API Acc.(%)

FP16 1.2B 7.20 13.7 85.1
Model size variations
FP16 550M 2.64 (-63%) 35.3 (+158%)  74.8 (-10%)
FP16 360M 0.47 (-93%) 146.4 (+968%) 67.8 (-17%)
Stacked optimizations on 1.2B
INT8 Quant 421 (-42%)  23.8 (+73%) 84.5 (-1%)

+ Spec. Decoding 4.21 30.3 (+121%) 84.5

+ Jump Forward 421 31.1 (+127%) 84.5

computational throughput of INT8 matrix multiplication. To
handle activation outliers, we combine SmoothQuant [23]] with
dynamic quantization, achieving 73% increase in TPS and
42% decrease in CE relative to FP16 with minimal accuracy
drop. We exclude the output vocabulary projection (1m_head)
from quantization for accuracy reasons.

Speculative Decoding (SD): We use SD [24] with a quan-
tized 160M draft and 1B target SLM, performing speculative
sampling [45] with draft size 4 and rejection-based verification
for lossless generation. This achieves 121% TPS increase over
FP16 1.2B model. Acceptance rates vary by task: ASR 80%,
API 83%, response 63%; structured outputs (APIs) benefit
most due to predictable token patterns.

Jump-forward Decoding (JF): Since API is structured text,
we create a finite state machine (FSM) of our API set and auto-
complete API and parameter names once initial subwords are
generated [25[]. This yields 127% TPS gain over FP16.

VIII. DEPLOYMENT CONSIDERATIONS

We evaluate EdgeTalk on the target automotive SoC, using
only 4 of 8 available CPUs to reflect realistic deployment
where remaining compute is reserved for infotainment ren-
dering and other real-time tasks.

Baseline Deployability: The Whisper-1.5B + Qwen3-1.7B
baseline (3.2B total) is impractical for our target deployment.
First, Whisper is non-streaming, adding full decode latency to
the post-speech wait. Second, loading baseline combination re-
quires 2.7x more memory footprint than EdgeTalk, leaving less
headroom for concurrent infotainment workloads. EdgeTalk’s
unified architecture avoids both limitations by design.

A. E2E Latency

While Table [V]reports CE and TPS at 1024-token context for
benchmarking (actual per-turn CE is lower as prior turns are
KV-cached), practitioners need conversation-level latency to
assess UX. We derive E2E latency for a representative one-
turn interaction below using average token counts observed in
our evaluation data. The system prompt is pre-cached and the
encoder (RTF < 0.05) processes audio faster than real-time,
so neither is a bottleneck.

We decompose per-turn latency into sequential stages. Let tcg
= per-token context encoding time (CE@1024/1024) and Rgec
= TPS, both measured in Table [V}

Time to first token: 7§, = 1s + 25 - tcg + R

The model waits for one 1s audio chunk (producmg 25 speech



embeddings at 25Hz after 4x downsampling), encodes them,
and decodes the first transcript token.
End-of-speech to API: Tp = HTZ?PI
(FP16/INTS) or 10 (with JF).

After the user stops speaking, the model generates ~5 residual
transcript tokens (due to 240ms lookahead delay) and API
tokens. Without JF, all 30 API tokens are generated; with JF,
only ~10 are generated as the FSM auto-completes the rest.
Total turn time: Ty, = Tapr + 20 - tcp + %

The API return (~20 tokens) is encoded into context, then the
model generates a ~30 token response.

Table reports Thrst, Iapr, and T, for each optimization
configuration, derived from Table [V]and validated against on-
device inference. T§,s overlaps with user speech and does not
add to perceived latency. The user-perceived latency (Ziym)
with INT8+SD+JF is ~1.5s for a single turn accounting for
streaming ASR, API calling, and response generation.

TABLE VI: E2E latency of S2A-1.2B on target SoC for one
turn.

where NAp1=3O

Metric FP16 INT8 INT8+SD+JF
Time to first token (Tfs) 1.25s 1.14s 1.14s
End-of-speech to API (Tapr) 2.55s 1.47s 0.48s
End-of-speech to response (Tium)  4.88s 2.85s 1.51s

B. Failure Mode Analysis

We analyze EdgeTalk’s failure modes in Figure[5]to understand
where the system fails and inform deployment strategy.

FAILURE DISTRIBUTION REPRESENTATIVE FAILURES

Missing API call @LEPATFITHEETES
“check if my boss sent me any messages”
Ref: fetch messages(contact="mr. chandlerson")

Model: [no API call] "you have messages from mr. johnson..”

Hallucinated response without calling API

Incorrect parameter values

“navigate to the statue of liberty”

Ref: navigate (dest="statue of liberty, NYC")

Model: navigate (dest="new york city")

Dropped landmark from parameter

‘Wrong API selection (LEPAETF TS

“set temperature to 20 degrees”

B Missing API call 48.4%
Incorrect parameter valucs 32.8%
Wrong API selection 18.8%

W Syntax errors (brackets, commas) 0%

B APIname typos (casc/underscorc) 0% Ref: set_climate (zone="driver", value=20)

Model: adjust_climate (zone="driver", delta=-2)
Confused absolute vs relative API

Fig. 5: Failure mode distribution and representative examples
of S2A-1.2B on testset A (E2E, no teacher forcing).

JF decoding eliminates all API-related syntax and naming
errors via FSM constrained generation. The remaining failures
(missing calls, wrong parameters, wrong API choice) are se-
mantic errors requiring reasoning beyond 1.2B scale, motivat-
ing hybrid edge-cloud system for low-confidence predictions.

IX. LEARNINGS

Edge agentic models are feasible: Despite reduced general
capabilities at small scale, edge agentic models are feasible
when task scope is constrained and targeted optimizations are
applied. Our S2A-1.2B approaches a 2.7x larger baseline on
E2E task success (73.1% vs 77.3%) while getting 1.5s turn
latency on CPU-only hardware. We find 1.2B (1B SLM +

200M encoder), the largest our hardware fits, meets our task-
quality bar; smaller variants degrade significantly (Table [ITI).
Joint training recovers errors that chaining propagates:
S2A-1.2B improves turn-level API accuracy by 8.2% absolute
over a same-size chained variant (85.1% vs 76.9%). In a
pipeline, streaming ASR errors propagate irreversibly to the
downstream model. Joint training avoids this by letting the
SLM condition API predictions directly on speech context,
not just noisy intermediate transcriptions.

Target task-specific optimizations: Generic INT8 quantiza-
tion gives TPS gain, but leveraging structured nature of API
enables further acceleration. Our SD draft model predicts
API tokens more accurately (83% acceptance) than free-
form responses (63%), and JF decoding eliminates generation
entirely for predictable API substrings via FSM. Stacking all
three optimizations yields 127% TPS over FP16 1.2B model
with minimal accuracy loss.

Opt for streaming in latency-sensitive applications: Pro-
cessing speech incrementally in chunks rather than waiting
for the full utterance enabled us to achieve 1.5s turn latency.
Without streaming, the model idles during user speech, adding
full utterance duration to perceived latency.

X. CONCLUDING REMARKS

Edge models are crucial for applications constrained by data
sharing, inference cost, and latency. In this work, we present
EdgeTalk, a 1.2B unified streaming speech-text model that
processes speech, calls APIs, and responds within 1.5s per turn
on CPU-only hardware. A key finding is that joint speech-text-
API training recovers 8.2% accuracy lost to cascaded ASR
errors in chained pipelines. With quantization, speculative
decoding, and jump-forward decoding, EdgeTalk approaches
the task success of a 2.7x larger baseline while meeting
real-time latency constraints that the larger system cannot.
We intend this work as a practical blueprint for practitioners
building constrained agentic systems on edge devices.

XI. LIMITATIONS & FUTURE WORK

Complexity: Due to limited reasoning capacity, EdgeTalk tar-
gets bounded, medium-complexity tasks. For complex queries
exceeding on-device capability, we will fallback to a cloud-
based model. Future work will explore confidence-based es-
calation to route only uncertain predictions to cloud.

Safety: Smaller models are more prone to hallucinations and
biased outputs. Guardrails and preference alignment [46]], [47]
will be added before production deployment.

Speech generation: EdgeTalk produces text output only;
a separate lightweight TTS renders responses to the user.
Integrating speech generation within the model is future work.
Scope: The system is trained on only automotive APIs via
SFT and does not generalize to unseen APIs at runtime.
Scaling to new domains requires synthetic data regeneration
and retraining. While our foundation models are multilingual,
agentic evaluation is currently English-only; extending to other
languages is a natural next step.
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