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Abstract— Vision-Language Models (VLMs) are increasingly
used in robotics for natural language understanding and ex-
ecutable plan generation, yet integrating them into real-time
control pipelines remains challenging. Many existing systems
rely on HTTP/JSON-based inference interfaces that require
repeated Base64 serialization, introducing unnecessary over-
head and increasing end-to-end latency. At the execution level,
waiting for a full plan leads to stalls where no valid actions
are available, while naive streaming of partial plans produces
stop-and-go behavior due to token arrival gaps. To address
these issues, we extend llama-ros with Stream-to-Act, a ROS 2-
native execution mechanism that begins acting once sufficient
tokens arrive while ensuring continuous execution through an
optimal start-time policy. Our open-source implementation is
evaluated on RTX GPUs and NVIDIA Jetson platforms through
end-to-end latency analysis, token generation throughput mea-
surements, and execution timeline visualization. In addition,
a Carla-based driving scenario illustrates how the proposed
execution policy eliminates stop-and-go behavior and maintains
continuous control, even when the total plan generation time
remains unchanged.

I. INTRODUCTION

Vision-Language Models (VLMs) have recently gained
significant traction in robotics for their ability to inter-
pret natural language instructions and generate executable
plans [1]. Leveraging large-scale multimodal pretraining,
researchers have explored planning, reasoning, and human–
robot interaction in applications such as household robotics
and autonomous driving [1, 2]. However, integrating these
models into real-time robotic control requires not only accu-
racy but also system-level properties such as responsiveness
and smooth execution [3, 4].

A. Existing Systems and Contributions

Researchers typically rely on three categories of tools to
access VLMs.

(1) API-based services (e.g., OpenAI API [5]) provide
convenient access to state-of-the-art models but impose re-
strictions on local deployment and model selection. More-
over, they always require stable Internet connectivity [6],
which is unsuitable for embedded robotics platforms or
environments with limited network availability.

(2) General-purpose serving frameworks (e.g.,
llama.cpp [7], vLLM [8]) enable efficient deployment
of multiple open-source models, yet they primarily
follow HTTP/JSON batch inference pipelines. In such
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designs, streaming inputs (e.g., video frames) must be
Base64-encoded and transmitted in JSON payloads.
This transformation introduces redundant encoding and
communication overhead, especially during Base64
conversion, making these frameworks poorly suited for
embedded boards and real-time control loops.

(3) Robotics-oriented open-source projects have also
made important contributions. OpenVLA [9] demonstrated
the feasibility of end-to-end robotic policies with VLMs,
while llama ros [10] integrated llama.cpp [7] into ROS 2,
lowering the barrier for robotics researchers to conduct local
experiments. These systems have been crucial in enabling
VLM experimentation within the robotics community.

B. Problem: Streaming Execution and Stalls

Despite these advances, the challenge of streaming exe-
cution has not been sufficiently addressed from a robotics
perspective [11, 12]. Waiting for a full plan to be generated
leads to excessive end-to-end latency, while naive execution
of partial plans often introduces stalls—control gaps where
no valid action is available—resulting in undesirable stop-
and-go behavior [1, 4]. Such discontinuity reduces safety
margins, increases jerk, and may trigger fail-safe behaviors in
robotic controllers [9]. Therefore, beyond reducing inference
latency, it is critical to ensure execution continuity.

C. Contributions of This Work

In this paper, we analyze the system pipeline of existing
serving frameworks and identify why their HTTP/JSON +
Base64 design is ill-suited for robotic streaming. Based on
this analysis, we extend llama ros [10] with a Stream-to-Act
mechanism:

• We design a ROS-native streaming pipeline that elimi-
nates redundant Base64 encoding and JSON packaging,
directly delivering tokens and perceptual inputs to the
control loop.

• We introduce a partial-plan execution strategy, com-
mitting actions as soon as they are generated, and
analyze from which partial step execution should begin
to maintain smooth motion.

• Instead of reporting stall ratios alone, we evaluate ex-
ecution quality through per-board output-format and
policy-specific timeline graphs, which visualize end-
to-end delay and stop-and-go occurrences.

• We implement the system on ROS 2 with llama.cpp [7]
and evaluate it on RTX GPUs and NVIDIA Jetson AGX
Orin devices.
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TABLE I: Comparison of Related Systems

System ROS 2 Streaming Comm. Method
SayCan [3], RT-2 [4],
Gemini [2]

No No Other (Cloud API)

llama.cpp [7],
vLLM [8], TGI [15],
Ollama [16]

No Limited HTTP/JSON

OpenVLA [9] No No Other (Custom)
llama ros [10] Yes No ROS 2 native (DDS)
LiteVLM [17],
StreamVLN [11],
VLM-TSI/TGLG [12]

No Yes Other (Task-specific)

Our System
(Stream-to-Act)

Yes Yes ROS 2 native (DDS)

Finally, in a Carla-based driving scenario [13], we show
that while naı̈ve streaming results in control gaps and stop-
and-go behavior, our approach maintains continuous and
smooth execution, thereby improving safety margins, driving
stability, and control reliability—even without reducing the
total plan generation time [14]. To facilitate reproducibility,
the implementation is available at https://github.
com/DHKing7/stream-to-act, which will be made
publicly accessible upon publication.

II. RELATED WORK

A. Vision-Language Models in Robotics

Vision-Language Models (VLMs) have recently emerged
as a key component in enabling planning and interaction
in robotics. Notably, Google’s SayCan [3] connected a
language model with a library of robot skills to ground
language instructions into actions, while RT-2 [4] and Gem-
ini Robotics [2] demonstrated that large-scale multimodal
models can perform reasoning and planning in complex
environments. However, these approaches primarily rely on
cloud-based APIs and produce responses in the form of
complete plans, which makes them difficult to apply directly
to real-time, continuous control loops in robotics.

B. Serving Frameworks and System Pipelines

Frameworks such as llama.cpp [7], vLLM [8], TGI [15],
and Ollama [16] have provided the foundation for running
a wide range of language and vision models efficiently.
They have achieved significant progress in inference opti-
mization and multi-model support. However, most of these
frameworks follow HTTP/JSON batch inference pipelines,
where large-scale data must be Base64-encoded and trans-
mitted in JSON format. While this design is convenient
for server–client environments, it is ill-suited for embedded
boards and real-time control loops. In this work, we analyze
such pipelines and extend them into a ROS-native streaming
architecture tailored to robotics.

C. Robotics-oriented VLM Systems

OpenVLA [9] proposed an end-to-end policy framework
based on VLMs, demonstrating the feasibility of applying
them to robotic tasks. In contrast, llama ros [10] integrated
llama.cpp [7] into ROS 2, significantly lowering the barrier

for researchers to utilize VLMs in local environments. These
studies played an essential role in expanding VLMs into
robotics, and our work builds upon these contributions by
newly highlighting the problem of stalls that arise during
streaming execution.

D. Streaming and Low-Latency Inference

More recently, studies have directly addressed stream-
ing inference. LiteVLM [17] introduced model optimization
techniques to accelerate VLM inference on embedded de-
vices, while StreamVLN [11] designed a streaming architec-
ture specialized for vision-language navigation tasks. VLM-
TSI [12] and TGLG [12] proposed benchmarks for evaluating
temporal alignment in streaming environments. However,
these works primarily focused on task-specific improvements
or model optimization, and few have explored ROS-native
integration with quantitative analysis of execution continuity.

III. SYSTEM OVERVIEW

A. Pipeline Redesign

Existing serving frameworks typically adopt an
HTTP/JSON-based pipeline, where large-scale inputs
such as images must be Base64-encoded and then placed
into JSON payloads before being transmitted to the server.
This is because JSON is a text-based format and cannot
directly represent binary data. However, Base64 encoding
increases the data size by approximately 33%, introduces
additional CPU overhead, and requires repeated encoding
and decoding on both client and server sides. While such
a design is convenient in standard API environments, it is
unsuitable for real-time applications such as robotic control
loops. A compact comparison of related systems and their
ROS 2 / streaming / communication properties is provided
in Table I.

To address this issue, we designed a ROS 2-native
pipeline. Sensor inputs are transmitted as ROS messages,
llama.cpp [7]-based VLM inference runs within the ROS 2
environment, and generated tokens are published as ROS
actions. This removes unnecessary encoding steps and inte-
grates tightly with existing stacks via the ROS 2 middleware
(DDS pub–sub).

B. Stream-to-Act Mechanism

The ROS-native structure itself primarily simplifies data
transmission and improves integration. However, it does
not by itself solve the problems of stalls or improve the
smoothness of execution. To address these issues, we in-
troduce a Stream-to-Act mechanism, in which partial plans
generated by the VLM are immediately committed to execu-
tion, thereby reducing control gaps. The detailed design of
Stream-to-Act is presented in the Methods section.

C. Design Goals

The design goals of the proposed system are as follows:
• Integration: Direct compatibility with the ROS 2

middleware, enabling seamless coupling with existing
robotic software stacks.
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Fig. 1: Comparison of serving pipelines: (a) Existing HTTP/JSON framework with Base64/JSON overhead and stalls, (b)
Proposed ROS-native Stream-to-Act with smooth control.

• Reproducibility: Capable of running on embedded plat-
forms such as NVIDIA Jetson AGX Orin with a sim-
ple colcon build, facilitating reproducible experiments
across researchers.

• Simplicity: Removal of unnecessary serialization steps,
relying solely on the ROS messaging model to reduce
maintenance overhead.

IV. PROPOSED METHOD

A. HTTP/JSON Pipeline and Base64 Overview

Most existing serving frameworks adopt an HTTP/JSON-
based communication pipeline. Since JSON is a text-based
format, it cannot directly embed binary data such as images
or video frames. Therefore, inputs must first be transformed
into text strings, most commonly through Base64 encoding.
As summarized in Fig. 1, such HTTP/JSON pipelines accu-
mulate serialization overheads in streaming settings, whereas
our ROS 2-native design eliminates these steps.
How Base64 works. Input data are grouped in chunks of
3 bytes (24 bits), which are split into four 6-bit segments.
Each 6-bit value is mapped to one of 64 printable characters
(A–Z, a–z, 0–9, +, /). Thus, How Base64 works (mapping
vs. wire size)

3 bytes︸ ︷︷ ︸
24 bits

grouping−−−−→ 4 sextets︸ ︷︷ ︸
6 bits×4

alphabet map−−−−−−−→ 4 chars︸ ︷︷ ︸
8 bits×4

⇒ payload expansion =
4× 8 bits
3× 8 bits

=
4

3
≈ 1.33

Padding: If the input length is not a multiple of 3, the output
is padded with one or two “=” symbols so that its length
becomes a multiple of 4. For large image streams, the overall
overhead still converges to ∼33%.
Problem summary. For every frame, the pipeline introduces
(i) Base64 encoding cost on the client, (ii) larger payloads
for network transmission, (iii) Base64 decoding cost on the
server, and (iv) JSON string processing. These accumulate in

streaming scenarios, leading to control stalls where actuators
wait for commands.

B. Latency Breakdown of HTTP/JSON Streaming

For each streamed frame (or chunk), the end-to-end la-
tency can be decomposed as:

THTTP
e2e = Tcapture + TB64

encode + T JSON
pack

+ Tnetwork

(
α |payload|

)
+ TB64

decode + T JSON
parse + Tinference + Tpost. (1)

where α = 4
3 is the Base64 expansion factor. Importantly,

TB64
encode, T

JSON
pack , TB64

decode, T
JSON
parse are pure serialization over-

heads, independent of the model’s performance, and become
bottlenecks in real-time robotic control loops.

C. ROS-native Pipeline with v4l2 YUYV Pass-Through

In our implementation, the USB camera is connected via
the v4l2 driver and configured to output YUYV. This mode is
pass-through (uncompressed), so frames are delivered with-
out an extra compression/encoding stage—hence no added
encoding latency from the camera path.

On the ROS side, incoming YUYV frames are converted
to BGR to interoperate with the streaming/computer-vision
library (OpenCV). The latest BGR frame is continuously
cached during streaming. When a user prompt arrives, the
cached frame is converted to RGB and fed to the VLM.

• Why BGR → RGB. OpenCV’s image routines con-
ventionally use BGR ordering, while most deep models
expect RGB. The BGR→RGB step is only a channel
reorder (no re-sampling or compression), so the cost is
negligible compared to serialization or Base64.

• Color conversions in this pipeline
– YUYV → BGR: colorspace conversion (local

CPU/GPU op).
– BGR → RGB: channel swap (very low overhead).
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D. Stream-to-Act Mechanism

The ROS-native design improves efficiency by removing
serialization overheads, but does not by itself address stalls
or smooth execution. To solve this, we introduce a Stream-
to-Act mechanism.

• The token stream produced by the VLM is parsed into
partial plans.

• Once a valid plan fragment is detected (e.g., delimiter-
or template-based), it is immediately committed to
execution.

• If a short gap occurs before the next fragment arrives,
each skill si can be safely extended within its tempo-
ral bounds

(
Tmin(si), Tnom(si), Tmax(si)

)
, preventing

control gaps.
This policy ensures that even if the total inference time
Tinference is not shortened, control gaps are minimized,
enabling continuous and smooth execution.

E. Output Format and Prompt Example

The proposed Stream-to-Act mechanism defines
model outputs in the form of a skill-based domain-
specific language (DSL). For example, when a
robot is equipped with primitive skills such as
go to(location), open(object), pick(object),
and place(object, location), the model output can
be represented as a numbered sequence of skill commands:

1. go to(kitchen)
2. pick(cup)
3. go to(table)
4. place(cup, table)

In a streaming environment, such a plan is delivered
in fragments, and its granularity directly influences both
smoothness and responsiveness of execution. We parameter-
ize the output granularity as the number of tokens per skill
({6, 4, 2, 1} tokens/skill).

Larger granularities produce stable but slower responses,
while smaller granularities allow more aggressive streaming.
Under the naive policy this increases stall risk as ∆ = L/R
grows, whereas Stream-to-Act mitigates stalls by selecting
S0 and extending skills within (Tmin, Tnom, Tmax).

Accordingly, the system treats granularity as a tunable
parameter, enabling a trade-off between aggressive streaming
and conservative streaming. This design demonstrates that
Stream-to-Act is not only capable of executing partial plans,
but also of controlling the output granularity to balance
smoothness and responsiveness in robotic control.
Prompt Example. The following is a representative prompt
used for robotic planning:

You are a robot task planner.
Skills: go to(location), open(object),

close(object), pick(object),
place(object, location).

Rules: Output only numbered skill calls,
one per line.

Do not output any explanation.

This prompt leads the model to generate structured plans
in the DSL format, which can then be consumed directly
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Fig. 2: Stall-free boundary of naive execution. When R ≥
L/Tmin (green region), naive execution suffices. Otherwise
(red region), stalls occur and Stream-to-Act is required.

by the Stream-to-Act executor. During inference, each skill
fragment arrives incrementally, and the executor immediately
integrates partial plans into execution according to the chosen
output granularity.
Skill-Scoped Prompting and Hallucination Control. In
this work, we do not add a separate runtime hallucination
filter; instead, we control the VLM strictly through prompt
design and a fixed set of skills. The DSL enumerates a
closed vocabulary of actions and arguments, and the prompt
constrains the model to produce only these skills within a
predefined template. The proposed Stream-to-Act formula-
tion is thus built under the assumption that the underlying
model can be steered to stay within this skill space. From an
engineering perspective, preventing hallucinated or out-of-
scope skills is part of the system designer’s responsibility,
and our contribution focuses on how to exploit such control-
lable models in real-time control loops.

F. Stream-to-Act Formulation

Let N be the number of skills in a plan, and each
skill si requires a nominal execution time Tnom(si). The
VLM generates fragments (plan tokens) sequentially, with
the i-th fragment arriving at absolute time ti. The inter-
arrival interval is ∆ = L/R, where L is the number of
tokens required per skill and R is the token generation rate
(tokens/s). The time-to-first-token is denoted as TTFT.
Naive execution. In the naive policy, execution of si begins
immediately once fragment i is available. This can cause stall
durations

stalli = max
(
0, ti+1 − ei

)
,

where ei denotes the end time of skill si. The high-level
behaviors of wait-then-act, naive stream, and Stream-to-Act
in the CCRB scenario are illustrated in Fig. 3.

[Stall-Free Condition for Naive Execution] Naive execu-
tion is stall-free if the minimal execution time of each skill
is no shorter than the fragment inter-arrival interval:

Tmin(si) ≥ ∆ =
L

R
, ∀i.
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(a) Wait-then-Act

(b) Naive Stream

(c) Proposed Stream-to-Act

Fig. 3: Carla scenario comparison: (a) wait-then-act, (b) naive
streaming with stop-and-go, (c) proposed stream-to-act.

Equivalently, L ≤ RTmin(si) or R ≥ L/Tmin(si).
Sketch. In naive execution, si ends at ei = ti + T (si). Stall-
free requires ti+1 ≤ ei, i.e., ti+1 − ti ≤ T (si). With regular
arrivals, ti+1− ti = ∆ = L/R. Hence, if Tmin(si) ≥ ∆, the
inequality holds for all i. If arrivals are subject to bounded
jitter with ∆max, the condition Tmin(si) ≥ ∆max suffices.
Stream-to-Act (minimal safe start at S0). When the
above condition does not hold, stalls may occur under naive
execution. We therefore define the minimal safe start time
S0 that guarantees contiguous execution (no stalls):

S0 = max
i

(
ti − (i− 1)Tnom

)
.

[Stall-Free Guarantee of Stream-to-Act] Starting execution
at S0 ensures that, for all i,

ti ≤ S0 + (i− 1)Tnom,

so each skill is available by its start time and no control
gaps occur. Moreover, S0 is minimal: any S < S0 violates
the inequality for some i, resulting in at least one stall.
Sketch. By definition, ti ≤ S0 + (i− 1)Tnom for all i. With
back-to-back execution, si runs on [S0+(i− 1)Tnom, S0+
iTnom ], so fragment i is available by the start of si, implying
continuity. Minimality: if S < S0, then for some i⋆ we have
ti⋆ > S+(i⋆−1)Tnom, meaning si⋆ is not ready at its start,
causing a stall.

Remark (buffer extension). If fragments arrive slightly
later, each skill si can be extended within its temporal bounds(

Tmin(si), Tnom(si), Tmax(si)
)
,

effectively absorbing micro-delays. In practice, if the inter-
arrival time is bounded by ∆max and Tmax(si) ≥ ∆max,
continuity can still be maintained without stalls. The result-
ing decision boundary for naive execution (R ≥ L/Tmin) is
visualized in Fig. 2.

V. EXPERIMENTS

A. Experimental Setup

We use the MiniCPM-2.6 model. Visual inputs are divided
into 14×14 patches to produce visual tokens, and text inputs
follow the prompt templates described earlier.
Hardware/Software.

• Desktop GPU: NVIDIA GeForce RTX 4080
• Embedded Board 1: NVIDIA Jetson AGX Orin (JetPack

6.0.2, CUDA 12.6)
• Embedded Board 2: NVIDIA Jetson Orin Nano (JetPack

6.0.2, CUDA 12.6)
• Common Software: Ubuntu 22.04, ROS 2 Humble

Our system is implemented as a ROS 2-native node by
extending llama ros [10], which wraps llama.cpp [7].
We further extend it with a stream-to-act execution mecha-
nism that commits partial plans during token generation.
Binary Transport Discussion. Binary transport protocols
such as DDS zero-copy, WebSocket binary frames, or Ze-
roMQ may reduce serialization overhead. However, our goal
in this work is not to benchmark all transport mechanisms,
but to analyze how widely used HTTP/JSON-based VLM
serving pipelines affect real-time robotic execution. Many
VLM-based robotic systems still rely on HTTP/JSON in-
terfaces inherited from cloud-oriented APIs. Therefore, our
evaluation focuses on this common baseline to highlight the
impact of serialization overhead and execution policies on
control continuity. A systematic comparison with additional
binary transports remains an interesting direction for future
system-level work.

B. E2E Latency Measurement

We compare end-to-end (e2e) latency between an
HTTP/JSON baseline and our ROS 2-native pipeline on
the Orin AGX. Figure 4 reports averages over 50 runs.
The measured latency is 101.8 ± 8.6 ms for HTTP/JSON
and 15.5 ± 1.0 ms for ROS-native. Although the HTTP
pipeline appears to have lower “encoding” time, this is
because a pre-encoded JPEG is provided to the client (only
Base64 is performed). In contrast, the ROS 2-native path
includes the realistic YUYV→BGR conversion present in
streaming. Overall, the HTTP pipeline incurs substantial
serialization/decoding overheads, whereas the ROS 2-native
pipeline avoids these redundant steps.

14493



HTTP/JSON ROS-native0

20

40

60

80

100

120

La
te

nc
y 

(m
s)

101.8

15.5

Fig. 4: Comparison of mean e2e latency on Orin AGX.
HTTP/JSON shows higher overall latency due to serialization
and decoding overhead, while ROS-native avoids these steps
despite additional YUYV→BGR conversion.

TABLE II: Token generation throughput (10-run average).
Stream-to-Act benefits are most evident on embedded boards
with low tokens/s.

Platform Token Generation Speed (tokens/s)
NVIDIA GeForce RTX 4080 34.2
NVIDIA Jetson AGX Orin 4.8
NVIDIA Jetson Orin Nano 0.58

C. Latency Breakdown

To analyze bottlenecks, we decompose the latency into
individual stages. For HTTP/JSON, JSON packing and
the HTTP POST are merged into one category. For
ROS 2-native, we measure YUYV→BGR conversion and
BGR→RGB channel swapping separately. Figure 6 shows
that most HTTP overhead stems from repeated serialization
(Base64, JSON) and server-side decoding, while ROS 2-
native latency is dominated only by lightweight color con-
versions.

D. Token Generation Speed

We measure tokens per second (tokens/s):

Throughput (tokens/s) =
Ntokens

Teval
.

Per-platform throughput (10-run averages) is summarized
in Table II. High-end GPUs achieve near real-time re-
sponses, whereas throughput drops markedly on embedded
boards, making stream-to-act particularly valuable to main-
tain smooth control.

E. Execution Timelines and Policy Analysis

Protocol. For each hardware (NVIDIA GeForce RTX 4080,
NVIDIA Jetson AGX Orin, NVIDIA Jetson Orin Nano), we
evaluate three policies—naive, wait-then-act, and stream-to-
act—under four output granularities {6, 4, 2, 1} tokens/skill
(see Fig. 5). We log token arrival timestamps and executed
skills to produce per-board, per-policy timelines, reporting
(i) qualitative continuity via timelines and stop-and-go events
and (ii) end-to-end latency.
Findings by hardware.

• NVIDIA GeForce RTX 4080 (Fig. 5a): With 34.2
tokens/s, all policies run smoothly with no noticeable
stalls; the advantage of stream-to-act is less pronounced.

• NVIDIA Jetson AGX Orin (Fig. 5b): At 4.8 tokens/s,
naive shows intermittent stalls; wait-then-act avoids
stalls but increases e2e latency; stream-to-act eliminates
stalls by choosing an appropriate start time S0 without
a significant latency penalty.

• NVIDIA Jetson Orin Nano (Fig. 5c): At 0.58 tokens/s,
naive exhibits frequent stop-and-go and wait-then-act
induces excessive delays; stream-to-act preserves con-
tinuity by starting at S0.

Effect of output granularity and hardware speed. Let
R be the token generation rate and L ∈ {6, 4, 2, 1}
the tokens/skill. In naive execution, the fragment interval
∆ = L/R increases as hardware performance degrades
(smaller R) or plans become more verbose/specific (larger
L), raising stall likelihood; this trend is visible in the time-
lines. In contrast, stream-to-act maintains continuity across
granularities by selecting S0 and extending skills within(
Tmin, Tnom, Tmax

)
, making it preferable for fast and smooth

control, especially on NVIDIA Jetson AGX Orin compared
to NVIDIA Jetson Orin Nano.

F. Demonstration

Purpose. This demo illustrates how the start-time policy
affects execution continuity in streaming VLM control. In
particular, it shows that starting the plan slightly later—at
the minimal safe start time S0—is crucial for smooth and
safe control. Even when the total inference time remains
unchanged, an appropriate start-time policy eliminates stop-
and-go behavior. The scenario is simplified to highlight
behavioral differences between execution policies. Our Carla
configuration (lead/ego/trailing vehicles with ROS 2 integra-
tion) is shown in Fig. 7.
Setup. One NVIDIA Jetson AGX Orin (on-robot, ROS 2-
native node with Stream-to-Act executor) and one worksta-
tion running the Carla simulator. The scenario is a Euro
NCAP Car-to-Car Rear Braking (CCRB) variant where the
lead vehicle decelerates, the ego vehicle follows, and a
trailing vehicle is present.
Policies and expected outcomes.

• Naive stream (immediate start): Executes as soon as
tokens arrive. Speed reduction occurs promptly, but to-
ken gaps induce control stalls and stop-and-go behavior,
leading to a rear-end collision with the trailing car.

• Wait-then-act (full-plan wait): Waits until the complete
plan is generated. Due to planning delay, the ego car
fails to decelerate in time, causing a front collision with
the lead vehicle.

• Stream-to-Act (delayed start at S0): Begins execution
at the computed minimal safe start time, achieving
smooth deceleration and lane changes while avoiding
both front and rear collisions.

Takeaway. Naive stream reacts quickly but is unsafe due to
stalls; wait-then-act is unsafe due to delay. Only Stream-
to-Act, by starting slightly later at S0—delivers smooth,
continuous control and avoids collisions.
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(b) NVIDIA Jetson AGX Orin
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Fig. 5: Execution timelines under different output formats (tokens/skill = 6, 4, 2, 1) across hardware platforms: (a) NVIDIA
GeForce RTX 4080 (34.2 tokens/s), (b) NVIDIA Jetson AGX Orin (4.8 tokens/s), and (c) NVIDIA Jetson Orin Nano (0.58
tokens/s). Each subplot compares three policies: wait-then-act (blue), naive (orange), and stream-to-act (green).
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Fig. 6: Latency breakdown (mean) on Orin AGX. HTTP path
suffers from multiple serialization/decoding steps, whereas
ROS-native path only includes lightweight YUYV→BGR
and BGR→RGB conversions.

Fig. 7: Carla simulator setup for the CCRB scenario: lead,
ego, and trailing vehicles; ROS 2-native integration; and
control/data flow used in our experiments.

VI. CONCLUSION AND FUTURE WORK

We proposed a ROS-native Stream-to-Act system that
extends llama ros [10] to overcome the limitations of
HTTP/JSON pipelines in robotic control. Our approach
eliminates serialization overhead and executes partial plans
in streaming mode, reducing stalls and ensuring smooth
control. Results on RTX GPUs and NVIDIA Jetson AGX
Orin confirm that even without reducing end-to-end latency,
continuity metrics such as stall ratio and stop-and-go count
are crucial for safe and reliable execution.

Future work includes expanding validation to more com-
plex scenarios such as urban driving and multi-agent in-
teraction, establishing formal boundary conditions where
Stream-to-Act is most beneficial across hardware platforms,
and developing policies that balance smoothness with strict
safety margins (e.g., Time-to-Collision constraints). A formal

theoretical characterization of when Stream-to-Act guaran-
tees stall-free operation would further strengthen its general
applicability in robotics.
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