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Abstract

Robots in dynamic, human-centric environments must fol-
low language instructions while maintaining real-time re-
active control. Vision-language-action (VLA) models offer
a promising framework, but they assume temporally aligned
reasoning and control, despite semantic inference being in-
herently delayed relative to real-time action. We introduce
Think-in-Control (TIC)-VLA, a latency-aware framework
that explicitly models delayed semantic reasoning during
action generation. TIC-VLA defines a delayed semantic-
control interface that conditions action generation on de-
layed vision-language semantic states and explicit latency
metadata, in addition to current observations, enabling
policies to compensate for asynchronous reasoning. We fur-
ther propose a latency-consistent training pipeline that in-
jects reasoning inference delays during imitation learning
and online reinforcement learning, aligning training with
asynchronous deployment. To support realistic evaluation,
we present DynaNav, a physics-accurate, photo-realistic
simulation suite for language-guided navigation in dynamic
environments. Extensive experiments in simulation and on
a real robot show that TIC-VLA consistently outperforms
prior VLA models while maintaining robust real-time con-
trol under multi-second reasoning latency. Project website:
https://ucla-mobility.github.io/TIC-VLA/

1. Introduction

Robots operating in real-world, human-centric environ-
ments must react to dynamic scenes while following high-
level natural language instructions [6]. Vision-language-
action (VLA) models [10, 16, 46] have emerged as a
promising paradigm by unifying perception, language un-
derstanding, and control within a single learning-based
system. By incorporating large vision-language models
(VLMs), these approaches enable semantic grounding, task
reasoning, and instruction following [3, 4, 8, 28, 54, 56].
However, existing VLA systems rely on a hidden and im-
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Figure 1. TIC-VLA enables real-time, language-conditioned navi-
gation by decoupling slow vision-language reasoning from fast re-
active control via a delayed semantic-control interface. A latency-
consistent training strategy improves robustness under variable
reasoning delays. Performance is demonstrated in the DynaNav
simulation and real-world indoor and outdoor navigation tasks.

practical assumption: reasoning and control are temporally
aligned. Vision-language reasoning is produced intermit-
tently and often with substantial delay, while control must
operate continuously as the robot moves and the environ-
ment changes. As a result, semantic representations fre-
quently correspond to past world states, yet are consumed
by the policy as if they were current, introducing systematic
misalignment between thinking and control. This tempo-
ral mismatch is particularly pronounced on mobile robots
with limited computation, where VLM inference can take
seconds while control loops run at tens of hertz.

Most prior work on embodied navigation sidesteps this
issue. Classical vision-language navigation (VLN) ab-
stracts navigation into discrete viewpoint transitions, ignor-
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ing embodiment, dynamics, and timing [11, 17, 23, 36, 47,
49]. Recent VLA systems rely on powerful GPUs and often
pause execution during reasoning inference [7, 51], which
is impractical in dynamic environments. Dual-system VLA
architectures decouple reasoning and control [20, 42], but
still assume that semantic outputs are temporally fresh, im-
plicitly treating inference latency as negligible. We argue
that latency in reasoning is not merely an engineering inef-
ficiency but a fundamental modeling problem: delayed se-
mantic information is neither represented nor accounted for
during policy learning. Consequently, policies trained un-
der idealized synchronous supervision can degrade severely
when deployed under realistic inference latency.

To this end, we introduce Think-in-Control VLA, a
latency-aware framework that explicitly exposes inference
delay to the control policy. Rather than enforcing real-
time constraints on semantic reasoning, TIC-VLA defines
a delayed semantic-control interface that allows reasoning
to proceed asynchronously while enabling robust real-time
control. Specifically, the reasoning module produces de-
layed latent semantic representations together with explicit
latency and ego-motion offset metadata, while the action
policy conditions on this delayed semantic-control inter-
face. Importantly, architectural decoupling alone is insuffi-
cient. Policies trained under idealized synchronous supervi-
sion fail when deployed with delayed semantic inputs. We
therefore propose a latency-consistent training pipeline in
which inference delays are explicitly injected during imita-
tion learning and reinforcement learning. This enables the
policy to learn to be robust to delayed semantic information,
rather than overfitting to unrealistic training conditions.

To support realistic and reproducible evaluation, we de-
velop DynaNav, a simulation suite featuring realistic ren-
dering, dynamic human participants, physics-based exe-
cution, and diverse indoor and outdoor scenarios. Dy-
naNav supports teleoperated data collection, online RL, and
benchmarking. Experiments in both simulation and real-
world deployment demonstrate that our proposed TIC-VLA
model achieves improved and robust navigation under infer-
ence latency. Fig. 1 illustrates the key design of TIC-VLA
and its performance in simulation and real-world environ-
ments. The primary contributions can be summarized as:

1. We introduce TIC-VLA with a delayed semantic-control
interface that enables integration of temporally mis-
aligned semantic features with real-time control.

2. We propose a latency-consistent training pipeline that
aligns learning with asynchronous inference at deploy-
ment, yielding robust navigation under variable delays.

3. We present DynaNav, a realistic simulation suite and
benchmark for language-guided navigation in dynamic
environments, and we demonstrate TIC-VLA’s strong
performance in simulation and real-world.

2. Related Work
Learning-based Visual Navigation. Recent advances in
robot navigation have shifted from traditional map-based
pipelines toward end-to-end learning-based models. Dif-
fusion policies [2, 18], imitation and reinforcement learn-
ing methods [15, 30, 44], and world modeling approaches
[1, 29] have demonstrated strong performance in navi-
gating complex environments without relying on maps.
The integration of LLMs and VLMs into navigation tasks
[13, 46, 48, 53, 55] has further expanded robots’ seman-
tic understanding and open-vocabulary reasoning capabili-
ties, allowing them to follow flexible natural language com-
mands. However, in most of these works, VLMs are em-
ployed as auxiliary modules rather than being fully inte-
grated into the navigation pipeline. This limitation has mo-
tivated the development of VLA models, which unify per-
ception, instruction, reasoning, and planning within a single
framework.
VLA for Navigation. Recent studies increasingly employ
VLA models for robotic navigation. Representative meth-
ods span direct action prediction and intermediate plan-
ning: NaVid [51] predicts next-step action from monoc-
ular RGB inputs, while NaVILA [7] generates mid-level
linguistic actions executed by a visual locomotion policy.
TrackVLA [41] combines language-based recognition with
diffusion-based trajectory planning. Several works further
explore generalist VLA frameworks: OmniVLA [16] sup-
ports multiple forms of instruction conditioning, includ-
ing egocentric poses, images, and natural language, while
NavFoM [52] demonstrates strong cross-embodiment per-
formance. More recent systems address temporal reason-
ing and real-time execution, such as StreamVLN [43], Mo-
bileVLA [19], and dual-system VLA approaches like Du-
alVLN [42], which balance deliberative reasoning and re-
active control via asynchronous inference. Despite these
advances, most existing VLA-based navigation models im-
plicitly assume negligible inference latency, often relying
on powerful GPUs or blocking execution during reasoning
inference. In contrast, TIC-VLA is designed for latency-
aware execution and robust on-device deployment.
Navigation in Dynamic Environments. Another line of
work focuses on navigation in social and dynamic settings.
Social-LLaVA [34] fine-tunes VLMs for social navigation,
while Narrate2Nav [35] incorporates implicit language rea-
soning, social cues, and human intent into visual represen-
tations. Vi-LAD [12] distills socially compliant navigation
knowledge from large VLMs into lightweight policies for
real-time deployment. However, these methods typically
rely on specialist policies at inference time and do not keep
an in-the-loop VLM during execution. Evaluation is further
limited by existing simulators. Arena [38] and UrbanSim
[45] support dynamic agents but lack language-conditioned
navigation. SocialNav-SUB [33] evaluates real-world so-
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<think> I am on a sidewalk beside food trucks approaching the University 
Catholic Center facade. The critical agents are oncoming pedestrians ahead-
center. They are likely continuing toward me along the sidewalk. I have finished 
the left turn. I will keep right, yield as needed and continue straight. <\think>
<answer> Waypoints: (2.94, -0.16, -0.08), (7.08, -0.27, -0.23), (11.05, -0.28, -
0.47) <\answer>

-System: You are a 
<type> robot assigned 
to perform navigation 
tasks.
-Instruction: Turn left 
beside the orange 
trailer and continue 
along the sidewalk 
toward the University 
Catholic Center 
building.
-Historical trajectory: 
<waypoints>
-Task: Use reasoning 
to predict the future 
waypoints of the robot 
in the next 3, 6 and 9 
seconds in the format 
of (x, y, heading).
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Figure 2. Overview of TIC-VLA. The architecture adopts a decoupled dual-system design with a fast action expert and a slow reasoning
VLM. A shared vision encoder provides real-time observations to the policy and time-lagged observations to the VLM, where the delay
arises naturally from slow inference. The delayed semantic-control interface (including delayed VLM KV cache features and latency
metadata) is explicitly recorded. The Transformer-based action expert takes as input the current observation, robot state, and delayed
semantic-control interface data to generate actions from learnable action queries via cross-attention. Multi-stage training combines imita-
tion learning with delayed inference and reinforcement learning to ensure robustness to real-world, time-sensitive conditions.

cial navigation without a controllable simulator, while HA-
VLN [9] relies on simplified observations and abstracted
control. In contrast, DynaNav provides a physics-accurate
simulation suite for language-guided navigation in human-
centric environments.

3. Method

3.1. Problem Formulation

We consider an instruction-following navigation problem
in which an embodied agent must follow natural language
instructions to navigate dynamic environments. At each
control timestep t, the agent receives: (1) a natural lan-
guage instruction and context I, specifying the navigation
goal and historical trajecoty; (2) an egocentric observa-
tion history Ot = {x0, . . . , xt}, consisting of RGB frames
xt ∈ RH×W×3; and (3) the robot state st ∈ R3, encoding
ego-motion information such as linear velocity and angular
velocity. Conditioned on these inputs, the agent must out-
put an action at at each timestep to safely and efficiently
progress toward the goal. The environment evolves in re-
sponse to the agent’s actions, and the episode continues un-
til the agent reaches the goal or terminates.

We consider settings where a large-scale VLM is em-
ployed to interpret the natural-language instructions and
provide semantic guidance. While such models are pow-
erful, their reasoning often introduces non-negligible infer-

ence latency ∆t. As a result, semantic outputs may become
temporally misaligned with the agent’s current observations
and state, creating a key challenge for real-time navigation.

3.2. Think-in-Control VLA
An overview of the TIC-VLA framework is shown in
Fig. 2. TIC-VLA adopts a dual-system execution paradigm
in which high-level semantic reasoning and low-level con-
trol operate asynchronously. Crucially, rather than treating
this as an architectural contribution, we explicitly model the
resulting inference delay as part of the control problem. The
key design principle is to expose reasoning latency to the
action policy and train the policy to act under delayed se-
mantic observations. We employ InternVL3-1B [57] as the
vision-language backbone for semantic and instruction un-
derstanding. At a high level, a VLM performs semantic
reasoning over delayed visual context and language instruc-
tions, while a reactive action policy executes at a high con-
trol frequency and never blocks on VLM inference. The ac-
tion policy conditions on cached semantic representations
together with explicit latency and ego-motion metadata, al-
lowing it to interpret the delayed semantic information in
the correct temporal context. This latency-aware semantic-
control coupling enables robust navigation despite asyn-
chronous and delayed reasoning updates.
VLM Semantic Reasoning. We formalize inference la-
tency as a core variable in the system. We define the ef-
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fective reasoning latency as ∆t = tinfer + telapse ≥ 0,
which accounts for both the VLM inference time (tinfer)
and the elapsed time since the last completed reasoning
update (telapse). At the current timestep t, the VLM oper-
ates on visual observations anchored at time t −∆t, rather
than the current frame. Given a set of historical frames
X vlm

t−∆t = {xt−∆t−δ | δ ∈ {0, 3, 6, 9}}, the VLM performs
semantic reasoning conditioned on the instruction I. The
resulting output, denoted Rt−∆t, encodes high-level scene
understanding, critical object identification, intent predic-
tion, and future target waypoints derived from delayed ob-
servations. The reasoning results, including predicted way-
points, are generated relative to the time of inference start
t−∆t, rather than the current control timestep. This explicit
temporal anchoring allows the downstream policy to know
when the reasoning was produced, rather than treating them
as instantaneous or noisy signals.
Latency-Aware Action Policy. The action policy πθ runs
at a high frequency and is responsible for real-time plan-
ning. At each timestep t, it conditions on four categories
of inputs: (1) the current visual observation xt; (2) the
current robot state st; (3) the most recent semantic hidden
state St−∆t produced by the VLM (i.e., the last-layer key-
value cache); (4) explicit latency metadata, including the
effective latency ∆t and the corresponding motion offsets
∆pt = (∆x,∆y,∆θ) accumulated since reasoning gener-
ation. Providing both delayed semantic states and latency
metadata establishes a delayed semantic-control interface:
semantic features describe a past state of the world, while
the control policy is responsible for reinterpreting them in
the current frame. This allows the policy to reason consis-
tently about delayed semantics as the robot moves during
inference. The policy outputs a short horizon of future ac-
tions:

at = {a1t , . . . , aTt } = πθ

(
St−∆t, xt, st,∆t,∆pt

)
, (1)

where each ait ∈ R3 represents a continuous action. The
action chunks are integrated into a short-horizon trajectory,
and a target point is chosen for execution.

As shown in Fig. 3(a), the action policy utilizes a ded-
icated action query token that attends to the scene context
through a stack of cross-attention Transformer layers. Vi-
sual tokens and VLM cache features are first projected into
a shared latent space via MLP layers, while the robot state
and latency metadata are encoded and added with positional
embeddings. These inputs are concatenated as key-value to-
kens, and the updated action query representation is passed
through an MLP to generate the action outputs.
Asynchronous Semantic Reasoning and Control. TIC-
VLA operates in a closed-loop asynchronous manner. The
VLM periodically updates semantic reasoning based on de-
layed visual inputs, while the action policy continuously
executes without waiting for inference to complete. The

cached VLM hidden state is updated as follows:

(Scache
t ,Rcache

t ) =

{
(St,Rt), if inference finishes at t,
(Scache

t− ,Rcache
t− ), otherwise,

(2)

where t− denotes the most recent timestep prior to t at
which inference was completed. At every control timestep,
the action policy conditions on the most recent cached VLM
hidden state St−∆t = Scache

t . In addition, by condition-
ing action generation on latency metadata and ego-motion,
TIC-VLA could reinterpret stale semantic information in
the current state. An illustration of the asynchronous infer-
ence process is shown in Fig. 3(d), and latency is measured
as the sum of two parts: VLM reasoning inference time and
the elapsed time since the last finished inference.

3.3. Latency-Consistent Training Pipeline

We adopt a three-stage training pipeline designed to enforce
latency consistency between training and deployment. An
overview of the pipeline is provided in Fig. 3(c).
Supervised Fine-tuning of the VLM. We first fine-tune the
VLM on structured semantic reasoning data collected from
both simulation and real-world environments. Training
samples are automatically annotated using GPT-5. Given
past and future image sequences, the robot’s positional con-
text, and the corresponding trajectory, GPT-5 produces: (1)
a long-horizon instruction describing the navigation goal,
and (2) a concise, structured reasoning trace capturing criti-
cal objects identification, intention prediction, and resulting
action. Details are provided in the supplementary material.

During this stage, the vision encoder is kept frozen. The
language model is trained to produce reasoning tokens and
waypoint predictions conditioned on visual tokens and in-
structions. We optimize the standard autoregressive cross-
entropy loss Ll over the target token sequence. We mix
waypoint-only and scene-reasoning-augmented targets dur-
ing training for flexible prompting at inference time.
Imitation Learning under Reasoning Latency. To com-
pensate for the uncertain delay in semantic reasoning, we
perturb originally aligned and synchronous demonstrations
to synthesize training data with delayed semantic reason-
ing. Specifically, we sample reasoning delays ∆t uniformly
from [0, 10] seconds and condition the policy on: (1) the
current image input and robot state, (2) KV cache features
from the delayed VLM reasoning output, (3) explicit la-
tency metadata. This exposes the policy to a range of tem-
porally misaligned semantic representations during train-
ing. The action policy πθ is trained via imitation learn-
ing using human demonstration trajectories. As low-level
control actions are not available, we integrate the predicted
actions forward to obtain positions (x, y, θ) over the predic-
tion horizon and compare them against ground-truth trajec-
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tories using a smooth L1 loss:

La =
1

T

T∑
i=1

SmoothL1
(
p̂
(i)
t − p

(i)
t

)
, (3)

where p̂
(i)
t is the predicted pose at sub-timestep i, and p

(i)
t

is the ground-truth pose.
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Figure 3. Details of TIC-VLA action policy structure, training,
and asynchronous execution. (a) Latency-aware action policy that
predicts action chunks from multimodal inputs. (b) Value net-
work used during online reinforcement learning. (c) Three-stage
latency-consistent training pipeline combining VLM supervision,
imitation learning, and reinforcement learning. (d) Asynchronous
inference and control with explicit latency modeling.

Reinforcement Learning with Asynchronous Guidance.
While imitation learning with synthesized reasoning delays
provides a strong initialization that accounts for inference
latency, the resulting training data distribution remains mis-
matched to the closed-loop distribution induced by coupled,
asynchronous reasoning-action interactions. Motivated by

prior work [5, 25, 31], we fine-tune only the action policy
using RL while keeping the vision encoder and language
model frozen. This allows the policy to learn to interpret
delayed VLM guidance, handle dynamic agents, and miti-
gate variability introduced by asynchronous inference.

We construct a simulation environment with dynamic
human participants and train the policy using Proximal Pol-
icy Optimization (PPO) [37]. The value network, shown in
Fig. 3(b), takes as input the current image tokens, the goal
position, and the robot state, and outputs the estimated state
value. The policy outputs a Gaussian action distribution,
where the action derived from the predicted trajectory is the
mean, and the standard deviation is learned during training.
The reward function is defined as:

rt = wgr
goal
t + wpr

progress
t + wcr

collision
t + wsr

speed
t , (4)

where rgoal
t rewards reaching the target, rprogress

t encourages
progress toward the goal, rcollision

t penalizes collisions with
humans or static obstacles, and rspeed

t penalizes both exces-
sively slow motion and overly fast speed. wg, wp, wc, and
ws are weights for these terms.

To further improve robustness under asynchronous de-
ployment, we inject stochastic inference delays following
each VLM update to mimic the latency characteristics ob-
served on edge hardware. This enforces consistency be-
tween training and execution conditions. Additional details
are provided in the supplementary material.

3.4. DynaNav
Evaluating our proposed latency-aware VLA framework re-
quires more realistic navigation benchmarks than classic
VLN benchmarks such as R2R [26], VLN-CE [23], and
RxR [24], which operate in small indoor environments and
abstract navigation as viewpoint transitions without physi-
cal interaction. VLN-PE [40] and GRUtopia [39] support
embodied evaluation but do not model navigation among
dynamic human participants, while SocialHM3D [14] and
HA-VLN [9] incorporate human agents with limited vi-
sual realism. To fill this gap, DynaNav provides a realistic
benchmark integrating language-guided navigation, large-
scale scenes, diverse human agents, and physics-based
robot control.
Simulation Environments. We construct simulation envi-
ronments in Isaac Sim [21], with realistic, controllable dy-
namic interactions. Four representative scenes (i.e., ware-
house, hospital, office, and outdoor sidewalk) are designed
to capture a broad range of navigation contexts. Human be-
haviors are modeled using Isaac Sim’s built-in human sim-
ulation tools, supporting behaviorally plausible pedestrian
movement. Our simulation setup supports both wheeled
(Nova Carter) and quadruped (Boston Dynamics Spot)
robots. We develop custom robot behavior scripts that allow
two modes of operation: (1) Human teleoperation mode,
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which enables manual control for collecting expert demon-
strations, and (2) End-to-end model control mode, which
allows direct control of the robot with end-to-end planning
models.
Designed for Scalable RL Training. We employ Isaac Lab
[32] and leverage its GPU-accelerated simulation to build
environments for scalable reinforcement learning train-
ing. We implement a custom human behavior control
script to generate human movements within the environ-
ment. Human-robot and robot-scene interactions are fully
physics-based with realistic contact dynamics. This setup
allows us to run a number of parallel environments, en-
abling scalable and efficient RL training.
Diverse Benchmark Tasks. We develop a comprehensive
benchmark of 85 test cases to evaluate navigation perfor-
mance across diverse conditions. Tasks vary along three
dimensions: (1) Crowd Density, ranging from empty spaces
to densely populated settings, capturing different levels of
dynamic complexity. (2) Navigation Distance, adjusted
from short-term navigation to long-horizon planning, re-
flecting increasing navigation difficulty. (3) Scene Type,
with evaluation conducted across four distinct environments
to assess robustness to varying spatial layouts and human
behaviors. For each task, standardized initial and goal posi-
tions are specified with a language instruction. Additional
details are provided in the supplementary material.

4. Experiments

4.1. Experimental Setup
Datasets. We train the model using three datasets featuring
dynamic human-robot interactions: (1) SCAND [22], which
contains 8.7 hours of robot-driven trajectories across di-
verse social environments; (2) GND [27], which comprises
over 11 hours of recorded data collected in various campus
environments; (3) DynaNav simulation dataset, collected
using our designed dynamic simulation environments, con-
taining 5.1 hours of robot navigation data across multiple
scene types.
Implementation Details. For VLM SFT, we employ full-
parameter training due to the compact size of TIC-VLA.
Training is performed using Distributed Data Parallel on
eight NVIDIA L40S GPUs, with a batch size of 2 per GPU.
AdamW is used as the optimizer with a cosine learning rate
schedule, initialized at 2 × 10−5. For training the action
expert, we increase the batch size to 16 per GPU and set
the initial learning rate to 2 × 10−4. RL fine-tuning of the
action policy is conducted on a single NVIDIA L40S GPU
for 400 iterations across three tasks in three environments.
Additional details, including hyperparameters and data pre-
processing, are provided in the supplementary material.
Baselines. We evaluate TIC-VLA against two categories
methods. Point-goal navigation policies are included as

reference baselines to contextualize task difficulty: (1) a
vanilla Behavior Cloning (BC) policy that maps RGB ob-
servations and point-goal commands directly to actions; (2)
a vanilla RL policy trained on RGB observations and point-
goal commands; (3) NavDP [2], a point-goal-conditioned
diffusion-based navigation policy. The primary language-
guided navigation baselines are listed below: (1) NaVILA
[7], a hierarchical VLA model that translates language in-
structions into mid-level commands; (2) Uni-NaVid [50],
a unified video-based VLA model trained across multiple
navigation tasks; and (3) DualVLN [42], a dual-system
VLA model. These baselines are fine-tuned on the same
datasets to ensure a fair and controlled comparison.
Evaluation metrics. We adopt the following evaluation
metrics: (1) Navigation Error (NE): the final distance be-
tween the agent and the goal; (2) Success Rate (SR): the per-
centage of episodes in which the agent stops within 1 meter
of the goal; (3) Success weighted by Path Length (SPL):
SR weighted by the ratio between the shortest path length
and the actual path length, penalizing inefficient trajecto-
ries; (4) Collision Rate (CR): the percentage of episodes in
which the agent collides with static obstacles or humans,
quantifying the safety of navigation behavior.
Real-world experimental setup. To evaluate real-time per-
formance on edge devices, we deploy the model on two
platforms with different power budgets: an NVIDIA Jet-
son Orin NX (25W) and an RTX 4060 Laptop GPU (50W),
representing typical edge computing capabilities. An RTX
A6000 GPU is used only when the baselines cannot run on
these devices. The navigation policy is executed on a Uni-
tree Go2 quadruped robot in real-world navigation tasks.
We employ FlashAttention to improve inference efficiency.
Performance is measured by the average success rate. An
episode is considered a failure if manual intervention is re-
quired to prevent collisions.

4.2. Simulation Testing

Performance on the DynaNav benchmark. All experi-
ments are conducted on an NVIDIA L40S GPU, with the
action policy running at 10 Hz and asynchronous VLM
reasoning at 0.5 Hz. Results are summarized in Tab. 1.
Despite relying solely on egocentric observations and lan-
guage instructions, without privileged goal or map infor-
mation, TIC-VLA achieves strong performance. Notably,
point-goal methods bypass vision-language inference and
therefore incur no reasoning latency. TIC-VLA (no RL)
performs comparably to NavDP, a point-goal method with
privileged state access, and outperforms BC and RL base-
lines trained without language. With additional RL fine-
tuning, TIC-VLA achieves the highest success rate (SR) and
the lowest collision rate (CR). TIC-VLA also substantially
outperforms prior VLA/VLN methods (Uni-NaVid, NaV-
ILA, DualVLN), which are designed for abstract naviga-
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t=2.6s t=6.4s t=13.3s t=27.9s t=32.3s

t=2.3s t=7.7s t=18.3s t=54.3s t=57.3s t=69.1s

I am at the end of a hallway facing a lobby with blue carpet ahead. The 
main obstacle is the wall corner at the carpet’s end. It is stationary. I am 
proceeding straight following the blue carpet. Next I continue forward 
with a slight right bias, stay centered, and proceed to the hallway end 
cautiously. 
Waypoints: (1.35, 0.14, 0.10), (2.68, -0.04, -0.01), (3.91, -0.54, -0.14)

I am in a hallway on the blue carpet approaching a doorway with the 
reception desk ahead. Two pedestrians are ahead near the doorway. 
They likely continue through the doorway. I have completed the right 
turn and am following the carpet. Next I go forward, slow and yield, then 
pass through the doorway and continue to the end.
Waypoints: ( 0.45, -0.06, -0.13), (1.71, 0.17, 0.10), (2.99, 0.44, 0.15)

I am in a hallway on the blue carpet approaching a right-side doorway. A 
pedestrian is ahead-right near the corner. They likely continue into the 
doorway away from me. I have finished the right turn and am following 
the carpet. Next I proceed straight, slow and yield if needed, then pass 
through the doorway and stop in the reception area.
Waypoints: (1.98, -0.28, -0.14), (3.91, -0.49, -0.12), (5.25, -0.63, -0.12)

I am at a doorway entering a hospital room; the hallway is to my right. I 
have moved straight with no turns and am finishing the approach to exit. 
Next I should pass through, clear the threshold, turn right into the hallway, 
and continue straight to its end while yielding.
Waypoints: (0.88, -0.01, -0.01), (2.59, -0.20, -0.08), (4.59, -0.38, -0.08)

I am in a hospital hallway just out of a room, facing down the corridor. A 
pedestrian is ahead-left near my path. They likely continue walking 
across toward the right. I have completed the right turn into the hallway 
and should proceed straight to the end, slow and yield, keep right, and 
maintain safe clearance.
Waypoints: (1.99, -0.63, -0.31), (3.73, -1.71, -0.43), (5.51, -2.79, -0.47)

I am in a hospital hallway just past a room on my right, facing straight down 
the corridor. A pedestrian is ahead-left crossing. They likely continue 
across and clear my lane. I have completed the right turn into the 
hallway and am on the straight. I will proceed forward, keep right, yield if 
needed, and continue to the hallway end.
Waypoints: (1.29, 0.00, 0.00), (2.25, -0.01, -0.00), (3.69, -0.38, -0.10)

Turn right and 
follow the blue 
carpet to the end 
of the hallway. 
Enter the room 
with the reception 
desk.

t=41.1sExit the room 
and turn right to 
enter the hallway. 
Continue straight 
ahead and to the 
end of the 
hallway.

Example 1

Example 2 Success

Success

Figure 4. Qualitative results of TIC-VLA closed-loop performance in DynaNav hospital (top) and office (bottom) environments.

tion with discrete actions, highlighting their limitations in
physically realistic, dynamic environments. Blocking con-
trol with synchronous VLM inference leads to a marked
performance drop even under modest latency, underscoring
the importance of TIC-VLA’s asynchronous design. Fig. 4
provides qualitative examples of accurate reasoning and in-
teractive navigation in dynamic environments.

Table 1. Performance of TIC-VLA and baseline methods on the
DynaNav benchmark. BC, RL, and NavDP are goal point-based.

Method NE (↓) SR (↑) SPL (↑) CR (↓)

BC Policy 9.96 45.88 41.52 35.29
RL Policy 12.20 30.59 28.45 36.47
NavDP 8.61 54.12 52.62 30.59

Uni-NaVid 15.90 22.35 19.61 49.41
NaVILA 17.20 28.24 25.51 48.24
DualVLN 16.45 30.59 27.82 47.06
TIC-VLA (Sync.) 16.31 32.94 29.64 41.18
TIC-VLA (no RL) 10.85 47.06 42.41 34.12
TIC-VLA 10.55 55.29 50.29 28.24

Figure 5. The effect of VLM asynchronous reasoning inference
latency in TIC-VLA on task performance.

Table 2. Influence of semantic interface and latency training.

Interface Latency NE (↓) SR (↑) SPL (↑) CR (↓)

Waypoint × 21.17 16.47 15.89 47.06
Waypoint ✓ 20.32 22.35 18.34 42.35
KV Cache × 16.74 30.59 28.31 40.00
KV Cache ✓ 10.85 47.06 42.41 34.12

Latency Robustness Analysis. Fig. 5 reports performance
under increasing VLM reasoning inference latency for TIC-
VLA in simulation, before and after RL fine-tuning. As
latency increases, the IL-based action expert exhibits a no-
ticeable decline in success rate, indicating higher sensitivity
to delayed reasoning updates. In contrast, the RL-fine-tuned
policy maintains consistently higher success rates across all
latency settings, demonstrating improved robustness to in-
ference latency. This result highlights the effectiveness of
RL fine-tuning in mitigating latency-induced performance
degradation. Collision rates are insensitive to inference la-
tency, suggesting that the asynchronous policy preserves re-
activity independent of reasoning speed.

Influence of Semantic-Control Interface and Latency
Awareness. We evaluate the impact of different de-
layed semantic-control interfaces and latency-awareness
on TIC-VLA. Specifically, we compare interface variants
that use waypoint-based guidance and KV-cache-based fea-
tures, each trained with and without explicit latency-aware
modeling and training. As shown in Tab. 2, using KV-
cache features significantly improves navigation success,
and latency-awareness enhances performance under asyn-
chronous inference. The waypoint-based interface leads to
inferior performance due to its sparsity and potential in-
consistency with the agent’s local observations. Combining
both the KV cache feature interface and latency-aware mod-
eling and training achieves the best overall performance.
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Communicate

(a)  Hardware (b) Task Settings

(c)  Indoor Hallway Task Performance
Indoor Hallway Indoor Office Outdoor Plaza Outdoor Walkway

Time

Go along the hallway and turn 
left at the corner.

Move along the walkway 
until reaching the end.

Exit the room, go through the lobby, 
and enter the room with open door

Walk toward the nearby 
vending machine.

Figure 6. Real-world evaluation of TIC-VLA. (a) Hardware configuration, including the robot platform and computation setup. (b)
Designed indoor and outdoor vision-language navigation tasks. (c) Qualitative results from an indoor hallway navigation task, showing the
robot following natural language instructions while avoiding obstacles and humans and reaching the goal.

4.3. Real-world Testing

We design four real-world navigation tasks: (1) an indoor
hallway with dynamic human traffic and static obstacles,
(2) an office environment with cluttered layouts, (3) an out-
door plaza environment, and (4) an outdoor walkway sce-
nario with uneven terrain. Task descriptions and hardware
configurations are illustrated in Fig. 6. All evaluations are
conducted in a zero-shot setting, without additional training
data. For each task, we perform five trials and report the
average success rate. During deployment, real-time RGB
images from the front-facing camera of a Unitree Go2 robot
are streamed to TIC-VLA for inference.

Table 3. Real-world testing results. Runtimes for the dual system
are reported as (x/x) for the action policy and VLM reasoning.

Method Platform Success Rate (↑) Runtime (ms)

TIC-VLA (no RL) 4060 0.70 –
TIC-VLA 4060 0.85 85.73/3430.73
TIC-VLA Orin NX 0.75 120.27/4831.73
TIC-VLA A6000 0.80 32.70/1681.66
Dual-VLN (7B) A6000 0.50 299.92/1534.67
NaVILA (7B) A6000 0.35 4106.62

We compare TIC-VLA against DualVLN [42] and NaV-
ILA [7], with results summarized in Tab. 3. TIC-VLA
outperforms prior VLA baselines despite operating with
significantly smaller models and lower compute budgets.
RL fine-tuning further improves performance, particularly
in scenarios with dynamic human interactions. TIC-VLA
maintains high success rates when deployed on edge hard-
ware (Jetson Orin NX) under multi-second reasoning la-
tency, validating the effectiveness of explicit latency mod-
eling for real-time control. Moreover, deployment on a re-
mote server yields only limited performance gains due to
communication delays.

4.4. Ablation Study
Influence of Reasoning at Test Time. We evaluate the ef-
fect of explicit VLM reasoning during inference by com-
paring the model (after RL fine-tuning) with and without
reasoning-token outputs. As shown in Tab. 4, enabling rea-
soning improves all navigation metrics but incurs increased
inference latency (0.5 Hz in simulation). Disabling rea-
soning significantly reduces VLM forward overhead (4 Hz
in simulation), at the cost of significantly degraded perfor-
mance. These results indicate that explicit reasoning at test
time improves task success, while the proposed latency-
aware design mitigates its associated overhead. Additional
ablation results are provided in the supplementary material.

Table 4. Effect of VLM reasoning at test time.

Inference NE (↓) SR (↑) SPL (↑) CR (↓)

W/o Reasoning 14.23 40.00 34.22 25.88
W/ Reasoning 10.55 55.29 50.29 28.24

5. Conclusions
We present TIC-VLA, a latency-aware vision-language-
action framework designed to explicitly address the tem-
poral mismatch between computationally intensive seman-
tic reasoning and real-time control. By introducing a de-
layed semantic-control interface and training policies under
realistic inference latency, TIC-VLA enables robust and ef-
fective language-guided navigation under substantial delay.
Extensive simulation and real-world experiments demon-
strate that TIC-VLA consistently outperforms prior VLA
approaches in both robustness and task performance. In fu-
ture work, we plan to extend this framework to robot ma-
nipulation tasks, improve reasoning-action alignment, and
evaluate its effectiveness in more dynamic and complex en-
vironments.
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