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Abstract
The rapid advancement of foundationmodels is transforming
how humans communicate and collaborate with generative
AI (GenAI). Yet, despite remarkable progress in text, audio,
and video interactions, today’s GenAI platforms remain con-
fined to 2D interfaces, lacking the spatial understanding and
embodied interaction needed for natural collaboration in the
physical world. We envision the next generation of human–
AI interaction as real-time, immersive 3D communication,
where humans and AI perceive, reason about, and interact
through shared spatial environments. Realizing this vision
requires more than extending existing immersive systems. It
fundamentally changes the objectives of immersive network-
ing, as the primary consumer of media content changes from
human viewers to foundation models. In this position paper,
we identify the key challenges introduced by this paradigm
shift and propose a research agenda along two complemen-
tary directions: (1) rethinking immersive content delivery
by optimizing uplink streaming for AI perception and rea-
soning rather than human visual fidelity; and (2) rethinking
generative streaming by exploiting the progressive and pre-
dictable characteristics of AI-generated 3D content to enable
low-latency downlink delivery. By establishing a networking
and systems foundation for real-time human–AI 3D inter-
action, we aim to catalyze the convergence of immersive
computing and embodied AI.

CCS Concepts
• Computing methodologies→ Artificial intelligence; •
Human-centered computing → Mixed / augmented re-
ality; • Information systems → Multimedia streaming.
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1 Introduction
Recent advances in foundation models [4, 66] have trans-
formed how humans communicate and collaborate with gen-
erative AI (GenAI). Existing platforms, including ChatGPT,
Gemini, and Claude, support increasingly natural interac-
tions through text, speech, images, and even live video [11,
19]. Despite this remarkable progress, these interactions re-
main fundamentally 2D, confined to screens and voice or
video interfaces. Consequently, although today’s human–AI
communication is conversationally rich, it remains limited in
perceiving spatial context, understanding human activities in
the physical world, and responding via immersive, embodied
interactions, thereby falling short of the natural collaboration
enabled by shared 3D environments [8, 10, 14, 18].
Emerging work has begun to recognize that human–AI

interaction calls for rethinking multimedia systems and net-
working [11, 12, 19, 20, 56]. In particular, AI video chat [56,
57] argues that networking should evolve from optimizing
content for human viewing to AI understanding, echoing
earlier video analytics systems that adapt video streams to
scarce upstream bandwidth while preserving inference accu-
racy [22, 35, 64]. However, these systems operate on 2D video
for either fixed analytics tasks or foundation models that re-
spond with text or speech, rather than on a shared 3D scene.
We argue that the next evolution is real-time human–AI 3D
interaction, in which AI perceives rich spatial environments
and responds with immersive, context-aware content.

Figure 1 illustrates this vision. Instead of exchanging only
text, audio, or video, users and their surrounding environ-
ments are continuously captured and represented in 3D.
Foundation models jointly reason over spoken instructions,
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Figure 1: A paradigm of human–AI 3D interaction.
In this healthcare training example, the foundation
model understands the user’s environment and gener-
ates immersive 3D guidance to assist needle insertion.

spatial context, human pose, gestures, and surrounding ob-
jects, generating immersive responses such as spatial guid-
ance, embodied virtual assistants, or interactive 3D visual-
izations that seamlessly integrate into the user’s physical
environment. Such interactions enable significantly richer
situational awareness, more natural communication, and
tighter human–AI collaboration than today’s 2D interfaces,
benefiting use cases such as healthcare, sports training, in-
dustrial assembly, and interior design (§3).
Realizing this vision requires substantially more than ex-

tending existing immersive communication systems [13, 16,
17]. Compared with AI video chat [56, 57], human–AI 3D in-
teraction introduces fundamentally richer scene representa-
tions, continuous spatial reasoning, and AI-generated immer-
sive responses, giving rise to a new class of networking chal-
lenges. On the uplink, the network must efficiently deliver
semantically meaningful 3D scene representations that pre-
serve geometry, spatial relationships, and human motion, en-
abling foundation models to reason about dynamic environ-
ments. On the downlink, the network no longer transports
completed media, but progressively streams AI-generated
3D content that is spatially grounded, continuously refined,
and tightly coupled with the inference process. These shifts call
for new abstractions for 3D content representation, semantic
streaming, and edge-assisted generation.
In this position paper, we argue that immersive comput-

ing [15] must converge with GenAI to establish a networking
and systems foundation for real-time human–AI 3D inter-
action. We identify two complementary research directions
that naturally arise from this paradigm shift.
GenAI-aware Adaptive Dual-path Uplink Streaming
(§4.1). Building on the observation that uplink content is
primarily consumed by foundation models rather than hu-
man viewers [11, 19, 56], we argue that immersive streaming
should prioritize foundation-model utility over visual fidelity.
In contrast to AI video chat [56, 57], immersive interaction
introduces substantially richer scene representations, sig-
nificantly higher bandwidth demands [16, 36, 59, 60], and
requires semantic adaptation over shared 3D scenes rather

than individual camera frames. Accordingly, we propose a
focus-aware adaptive bitrate (ABR) framework that infers
semantically important 3D regions from user prompts and
interaction context, instead of relying on human gaze [61],
viewport prediction [25], or visual saliency [55]. Bandwidth
is allocated to maximize the utility of the transmitted 3D
content for foundation-model perception and reasoning. To
further improve responsiveness, we propose a dual-path
architecture that separates prompt-critical scene updates
from deferred global scene synchronization. Unlike conven-
tional layered video streaming [21, 51] and multi-path trans-
port [26, 43], the two paths are organized according to their
semantic roles in AI reasoning, enabling prompt-relevant
content to reach the foundation model with minimal latency
while maintaining a consistent global scene representation.
Hierarchical Edge-assistedGenerativeDownlink Stream-
ing (§4.2). Traditional live and on-demand video stream-
ing assumes that content has been fully encoded before
transmission. In contrast, immersive downlink content is
generated online by foundation models, making it ineffi-
cient to wait for complete generation before delivering any
feedback. We therefore propose progressively streaming AI-
generated content from coarse to fine, jointly coupling gen-
eration and transport to provide immediate visual feedback
while finer details are synthesized incrementally. Unlike con-
ventional progressive streaming [1, 7, 27, 44], which refines
pre-encoded content through fixed hierarchies, our gener-
ation process dynamically adapts to the user prompt and
interaction context. Moreover, because users may interrupt
or redirect interactions at any time, generation can terminate
early, avoiding wasted computation. To further reduce user-
perceived latency, we propose predictive edge-assisted content
pre-generation and caching. Rather than caching previously
generated content [53], the edge predicts likely responses
from prompt embeddings and scene semantics, streaming
lightweight previews while the backend model completes
the full-resolution output.

2 Background
Real-time Human–AI Communication. The evolution
of foundation models is transforming human–AI interaction
from text exchanges to real-time multimodal communication.
Early systems primarily supported text, followed by audio
interaction in which users issue spoken prompts and receive
synthesized speech, resembling a phone call [11, 20]. In such
interaction, the spoken exchange fosters the impression of
conversing with another person rather than a machine. More
recently, platforms such as ChatGPT and Gemini have in-
troduced video interaction, allowing users to continuously
stream their surroundings to GenAI for visual understanding
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Figure 2: Workflow of human–AI 3D interaction.

and assistance [12, 19, 56]. This evolution mirrors the histor-
ical progression of human–to–human communication, from
text messaging and voice calls to video conferencing and
immersive telepresence [9, 13, 16, 17, 31]. Thus, we envision
that the next logical step is human–AI 3D interaction.
3D FoundationModels. Recent advances in 3D-aware foun-
dation models have begun enabling language-guided un-
derstanding of spatial environments. For example, Point-
CLIP [65] extends 2D vision-language pre-training to point
clouds through multi-view projections, while PointLLM [63]
aligns 3D geometry with LLMs to support open-ended rea-
soning over point clouds. More recently, SplatTalk [50] and
4D LangSplat [34] leverage Gaussian splatting to jointly
model geometry, appearance, and language in 3D and dy-
namic 4D scenes. These advances represent important steps
toward embodied AI, but existing models remain primarily
designed for scene understanding rather than real-time inter-
active communication. In particular, they are limited by static
or scene-specific representations, preventing them from sup-
porting continuous, low-latency human–AI interaction in
dynamic, previously unseen environments.

3 Vision: Human–GenAI 3D Interaction
Figure 2 illustrates our vision of real-time human–AI 3D
interaction. A user wearing an extended reality (XR) head-
set captures first-person observations and issues spoken
prompts, capabilities already available on commercial de-
vices such as the Apple Vision Pro [17]. Optional RGB-D
cameras provide additional spatial context. An edge server
aggregates these multimodal inputs, reconstructs a live 3D
scene, and forwards it, along with the user’s prompts, to a
backend foundation model [12, 20]. The model jointly rea-
sons over the spatial scene, human actions, and user intent
to generate immersive 3D responses, such as holographic
guidance or embodied virtual assistants, together with syn-
chronized audio feedback. The generated content is streamed
back through the edge server and rendered on the XR head-
set, completing a closed-loop interaction among the user, the
physical environment, and the foundation model.

Healthcare training illustrates the advantages of this para-
digm. As shown in Figure 1, the foundation model estimates
needle orientation, tissue geometry, and hand pose, then
overlays immersive guidance to visualize the desired inser-
tion trajectory while providing spoken instructions. Unlike
2D video interaction, it continuously reasons about 3D geom-
etry and delivers fine-grained corrections, such as adjusting
insertion angles, maintaining tool alignment, and avoiding
unsafe motions. In rehabilitation, the model can provide pos-
ture corrections and range-of-motion targets with progres-
sive difficulty and safety limits. Similarly, in sports training,
the model provides real-time feedback on body posture, joint
alignment, and swing trajectory through immersive overlays.
In industrial assembly andmaintenance, the model can verify
part poses and anchor step-by-step 3D instructions on the
workpiece [48]. In interior design, the model can generate 3D
furniture that fits the scanned room for the user to preview
in place. These examples show the potential of human–AI 3D
interaction for applications requiring embodied intelligence,
spatial understanding, and natural collaboration.

We adopt 3D Gaussian splatting (3DGS) [47, 60] as the un-
derlying scene representation because it provides an effective
balance between rendering quality and efficiency. 3DGS ex-
plicitly models a scene as a collection of 3D Gaussian points,
each parameterized by its position, orientation, scale, opacity,
and color [32]. However, our proposed networking architec-
ture is representation-agnostic and can be extended to other
explicit 3D representations, including point clouds [25, 61]
and meshes [6, 9, 16, 31].

4 Proposed Research Agenda
4.1 GenAI-aware Adaptive Dual-path

Uplink Streaming
Research Problems. Traditional dynamic-scene representa-
tions are optimized for human perceptual quality (e.g., photo-
realism and visual smoothness) [9, 13, 16, 36, 59, 60]. When
the consumer is a foundation model, however, the objective
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shifts fundamentally: the model does not need photoreal-
istic content, but rather semantically informative and com-
putationally efficient tokens that it can directly interpret for
reasoning and action. To this end, the uplink transmission
pipeline should be redesigned to optimize for the utility of
foundation models, rather than for visual fidelity.
Technical Challenges and Proposed Research:
(1) Adaptive Streaming Guided by Foundation-model Focus.
Streaming live 3D content is notoriously bandwidth-intensive
(e.g., >1Gbps [38, 46]). It is therefore necessary to design
adaptive bitrate (ABR) mechanisms [2, 40, 49] that can adjust
transmission rates according to available network capacity
without degrading the quality of interaction between the
user and the foundation model.

In immersive content delivery, a common strategy for re-
ducing bandwidth is to identify the consumer’s “focus” and
transmit only that region at high quality. For example, when
the consumer is a human, the system can exploit proper-
ties of human vision, such as the user’s viewport [25] or
foveal region [61], to transmit the content only within the
user’s visual focus. However, in the uplink of 3D human–AI
interaction, the consumer is not a human but a foundation
model. Unlike humans, a foundation model does not per-
ceive content visually; instead, it reasons over 3D data. This
raises an important question: what defines the “focus” of a
foundation model? Our insight is that the model’s focus is
inherently driven by the user’s prompt. For example, in a
medical-training scenario, if the user asks “Is the needle
position correct?”, the user’s attention, and consequently
the model’s focus, should naturally center on the needle
and its surrounding tissue. Hence, the system can allocate
more bandwidth to transmit these regions at high quality
while reducing the Gaussian point density in less relevant
areas. Focus-driven streaming has been demonstrated to be
a promising way to reduce bandwidth consumption, for ex-
ample, by more than 50% for volumetric content consumed
by human viewers [61] and for 2D video consumed by deep
neural networks [22].

To achieve this, we propose a focus-aware ABR framework
that anticipates the foundation model’s focus on the edge
and uses it to guide uplink scheduling and bandwidth adapta-
tion, as shown in Figure 3. When receiving an audio prompt
from the user, the edge server first performs lightweight
speech recognition (e.g., OpenAI Whisper) and converts the
transcribed text into embedding vectors using a small text-
embedding model consistent with the foundation model’s
language space (e.g., the text encoder used in CLIP [42]). This
produces a prompt embedding q𝑡 that captures the user’s
current intent at time 𝑡 . To estimate which regions of the
3D scene are most relevant to the user’s intent, we need to
represent each 3D Gaussian point with an embedding vector

Edge Server

3DGS

Audio
Prompt

Focus
Map

Fast Path
for Current Frame

Background Path for Future Use

Prompt
Embedding

3D Semantic 
Embedding

Bitrate
Adaption

Figure 3: Paradigm of focus-aware adaptive bitrate
framework and dual-path transmission in the uplink.

that facilitates computing its similarity to the prompt em-
bedding. To enable this, our key idea is to attach a compact
semantic vector {z𝑖,𝑡 } to each Gaussian point of the 3D scene,
representing how that local region would be encoded in the
foundation model’s feature space (e.g., “hand”, “needle”, or
“tissue surface” in a medical-training scenario). Prior meth-
ods, such as LangSplat [41] and FMGS [67], embed these
semantics into static 3DGS scenes through offline per-scene
optimization, whereas live interaction requires extracting
them within a tight per-frame latency budget (e.g., 33ms at
30 FPS [16]). In order to generate the semantics in real time,
the edge applies a small pretrained vision model (e.g., Tiny-
CLIP [58]) to extract per-pixel features from the multi-view
RGB-D streams. Features corresponding to the same Gauss-
ian point are then fused across views and averaged over a
short time window, producing a stable and view-independent
semantic vector for each Gaussian point.
The edge then compares the prompt embedding q𝑡 with

the 3D semantic embedding vectors {z𝑖,𝑡 } to estimate which
regions of the scene are most relevant to the user’s intent.
This relevance is computed through a similarity function be-
tween q𝑡 and z𝑖,𝑡 (e.g., cosine similarity), producing an atten-
tion score𝐴𝑡 (𝑖) for each Gaussian point:𝐴𝑡 (𝑖) = 𝛼 𝐴𝑡−1 (𝑖) +
(1 − 𝛼) cos(q𝑡 , z𝑖,𝑡 ), where 𝛼 controls temporal smoothing
across frames. This dynamic focus map allows the edge to
preserve high attention on persistent regions of interest (e.g.,
a surgical tool) while quickly adapting to the user’s prompts.
The resulting focus map is combined with real-time network
measurements to perform ABR under the current bandwidth
constraint. Specifically, regions with higher attention are
represented using denser Gaussian points, while areas with
lower attention are coarsened or temporarily omitted from
transmission. By performing this focus estimation entirely
at the edge, the framework ensures that limited uplink band-
width is spent on 3D content that is most relevant for the
foundationmodel’s subsequent reasoning, achieving efficient
and context-aware streaming.
(2) Dual-path Uplink Transmission for Real-time and Back-
ground Data.With the help of the proposed focus-aware ABR
framework, the edge can prioritize transmitting the most
relevant 3D regions when the available bandwidth is insuf-
ficient to deliver the entire scene at high quality. However,
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selectively transmitting content introduces a new problem:
regions that are not delivered in the current frame may later
become relevant as the user’s focus shifts. For example, in
a medical-training scenario, a user who initially asks about
“needle insertion angle” may later request “tissue contact
area”, information that was previously deprioritized. To en-
sure complete scene availability over time, the system must
eventually transmit all 3D content, without interfering with
real-time updates. Thus, we propose a dual-path uplink archi-
tecture consisting of a fast path for latency-critical updates
and a background path for deferred scene synchronization.
The fast path transmits live 3D content that reflects the

user’s current focus, as determined by the ABR controller,
while the background path delivers remaining 3D content
that was temporarily deprioritized to ensure eventual scene
completeness. The two paths, however, have fundamentally
different transmission requirements and optimization goals.
The fast path handles live, continuously generated content
where latency is the dominant factor. Its design aligns with
the real-time communication (RTC) paradigm [20, 37, 52, 54],
which uses frame-based transmission: each frame is sent im-
mediately once produced, minimizing interaction delay. In
contrast, the background path carries a larger volume of
already available data, where throughput efficiency becomes
the priority. This is similar to on-demand streaming, which
uses chunk-based transmission to deliver multiple data seg-
ments and maximize bandwidth utilization [30].
Widely deployed transport protocols are typically opti-

mized for either RTC or reliable content delivery, but rarely
both. A recent measurement study of commercial human–AI
audio calling systems, such as ChatGPT and Gemini, revealed
that today’s systems naturally exhibit two distinct commu-
nication patterns [11]. Human-spoken queries are generated
continuously and therefore favor latency-oriented, frame-
based streaming with short packet interarrival times to pre-
serve conversational responsiveness. In contrast, GenAI re-
sponses are tokenized and can be aggregated into segments
before transmission. Consequently, GenAI response deliv-
ery more closely resembles on-demand streaming, where
chunk-based transmission prioritizes reliability and band-
width utilization over latency. These observations suggest
that human–AI interaction comprises two traffic classes with
distinct transport requirements [20]. Latency-sensitive traffic
favors immediate frame-based delivery, whereas throughput-
oriented traffic benefits from reliable chunk-based transmis-
sion. Efficiently supporting both within a single interactive
session remains an open systems challenge.

A straightforward solution is to employ separate transport
protocols for the two traffic classes, such as an RTC protocol
for the fast path and a reliable transport for the background
path. However, maintaining multiple transport connections

increases implementation complexity, duplicates congestion-
control and flow-management logic, and may introduce re-
source contention between heterogeneous transports. These
drawbacks motivate a unified transport architecture that ac-
commodates both traffic classes within a single connection
while allowing each to retain its preferred semantics.

A promising direction is a cross-layer transport architecture
that unifies frame-based and chunk-based delivery over a
common transport substrate while differentiating their be-
haviors at the application layer. We advocate building this ar-
chitecture atop QUIC [3], which provides a flexible transport
foundation for multiplexing heterogeneous traffic within a
single connection. For throughput-oriented background traf-
fic, HTTP/3 naturally supports reliable and efficient content
delivery. For latency-sensitive foreground traffic, however,
QUIC’s default reliable and in-order delivery semantics intro-
duce unnecessary delays, much like TCP. To overcome this
limitation, we propose leveraging the emerging Media-over-
QUIC (MoQ) paradigm [12, 20, 23, 24], which exploits QUIC’s
datagram extension [39] to support lightweight, frame-based
transmission without imposing strict reliability or ordering
constraints. Together, HTTP/3 and MoQ provide comple-
mentary application-layer abstractions that enable efficient
support for both communication paradigms over a unified
QUIC transport.

As shown in Figure 3, under this cross-layer design, both
transmission paths coexist within a single transport frame-
work, avoiding competition at the transport layer. This par-
adigm also extends naturally to the downlink transmission
that delivers GenAI responses. During the initial phase of
response delivery, the downlink can adopt frame-based trans-
mission over QUIC/MoQ to minimize user-perceived latency.
Subsequently, as the remaining content becomes available,
it can switch to chunk-based delivery over QUIC/H3 to max-
imize bandwidth utilization.

4.2 Hierarchical Edge-assisted Generative
Downlink Streaming

Research Problems.Minimizing the end-to-end conversa-
tional latency is crucial in human–AI interaction to provide
users with a natural and coherent conversational experi-
ence. This latency is defined as the time between the user
finishing a prompt and the first GenAI response being per-
ceived [11, 19, 20]. In RTC, maintaining sub-second end-to-
end latency is essential for natural conversation [11, 19, 56].
This requirement means that the generation and delivery of
3D content must keep pace with real-time speech responses,
ensuring synchronized visual and auditory feedback. While
model-level optimizations (e.g., distillation [45]) can shorten
response generation time, achieving sub-second conversa-
tional latency also demands rethinking the delivery pipeline.



HotNets ’26, November 16–17, 2026, Salt Lake City, UT, USA Ruizhi Cheng, Amitabh Varshney, and Bo Han

Foundation
Model

Hierarchical 
Generation

GenAI

Prior Prompt
Embedding

Prior Source
Semantics

Layer 1
Layer 2

Prior 3D 
Response

Cache and Predictive Pre-generation

Prompt
Embedding

Source
Semantics

Current Frame

Remote
Rendering

Predictive 3D 
Content Response

Edge Server

Layer N
…

Figure 4: Paradigm of the hierarchical generation and
streaming framework, as well as the predictive pre-
generation and caching mechanism in the downlink.

Technical Challenges and Proposed Research:
(1) Hierarchical Generative Streaming. One unique feature
of human–AI interactions, compared to human–to–human
communication, is that they often exhibit abrupt, user-driven
topic shifts [20]. Users may interrupt an ongoing response
when they perceive that the reply deviates from their intent
or contains factual or semantic errors (e.g., “LLM hallucina-
tions” [29]). In such cases, generating the entire 3D response
before transmission is inefficient. It increases inference la-
tency and, consequently, prolongs user-perceived latency.

To address this, we propose a hierarchical generation and
streaming framework, as shown in Figure 4. The key idea
is to design a multi-layer 3D representation that allows the
model to generate and transmit the scene progressively from
coarse to fine detail. Specifically, Layer 1 (coarse preview):
the model first generates a sparse set of Gaussian points
with a large spatial extent to capture the overall structure
of the object. This coarse layer is sufficient for users to per-
ceive the basic shape and intent of the response, and can be
streamed and rendered immediately as the initial visual feed-
back. Layer 2+ (progressive densification): if the user does not
interrupt the conversation, the model continues to generate
additional Gaussian points that incrementally refine details.
These higher-density layers are streamed sequentially (layer
by layer) as they are generated, enhancing visual fidelity
while preserving continuity with previously rendered layers.

To achieve this design, we highlight two key research
problems and propose potential solutions. (a) How to gen-
erate multiple layers of 3D representations. Existing 3DGS
generative models typically produce all Gaussian points si-
multaneously. To support hierarchical generation, the model
should learn to first output a small number of large Gaussian
points representing the basic shape, and then add smaller
points to refine details. One promising direction is to intro-
duce a level-of-detail indicator during training that allows
the model to generate at different density levels. (b) How to
determine the granularity for each layer. Even if the model

can generate multiple layers, we still need to decide how
many Gaussian points to include in each layer. A preview
that is too coarse may confuse users, whereas one that is
overly detailed undermines the goal of providing rapid feed-
back. A promising direction is to design an adaptive controller
that dynamically determines the Gaussian point density. For
instance, the controller can monitor the remaining latency
budget and prioritize generating the most perceptually im-
portant parts first. This prioritization can be guided by the
importance map trained via reinforcement learning, where
the system learns to allocate point density to different re-
gions based on user feedback.
(2) Predictive Pre-generation and Caching at Edge. To fur-
ther reduce perceived delay, we propose leveraging the edge
server for predictive pre-generation and caching, allowing
likely responses to be prepared in advance of user requests
(Figure 4). The key insight is that human–AI conversations
often exhibit temporal and semantic continuity. For exam-
ple, during an instructional or training session, users tend
to ask follow-up questions about previous objects or ges-
tures. By tracking recent interaction context, the edge server
can predict potential future requests/responses. When the
actual prompt arrives, the edge can instantly stream these
pre-generated assets as an initial response, hiding model in-
ference latency while the backend completes full generation.
To enable accurate and rapid response generation, the

edge server must cache both the uplink and downlink con-
texts from prior interactions. Given that the downlink 3D
content generated by the foundation model may be relatively
small-scale, such as guidance overlays, and the edge server
needs to pre-generate the content similar to what the foun-
dation model will generate, it may be reasonable for the
edge server to cache the raw generated content. We denote
the set of Gaussian points of the generated 3D response as
G𝑘 = {N (𝝁𝑖,𝑘 , 𝚺𝑖,𝑘 , c𝑖,𝑘 )}𝑀𝑘

𝑖=1. For the uplink content, how-
ever, caching the raw 3D scenes becomes infeasible because
it contains a large 3D scene coming from the source. Instead,
a practical direction is to cache the 3D semantic embedding
z𝑘 , along with the user’s prompt embedding q𝑘 (§4.1).
For a new frame 𝑡 , the edge first determines whether to

trigger pre-generation. It compares q𝑡 and z𝑡 with all cached
{(q𝑘 , z𝑘 )}𝑁𝑘=1. The similarity between frame 𝑡 and a cached
interaction 𝑘 is computed as score𝑘 = 𝜆 cos(q𝑡 , q𝑘 ) + (1 −
𝜆) cos(z𝑡 , z𝑘 ), where 𝜆 ∈ [0, 1] balances linguistic and source-
scene semantic relevance. We compute a similarity score for
each cached item and pick 𝑘★ ≜ argmax𝑘∈{1,...,𝑁 } score𝑘 .
If score𝑘★ ≥ 𝜏 , the edge server triggers pre-generation us-
ing (q𝑘★, z𝑘★,G𝑘★); otherwise, it waits for the backend re-
sponse. The similarity threshold 𝜏 can be tuned empirically
through user studies or A/B testing, balancing response
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speed and user experience (e.g., measured via mean opinion
score, MOS).
Once pre-generation is triggered, the edge must quickly

synthesize a plausible 3D response that aligns with the back-
end foundation model’s eventual output. To achieve low
latency, the edge should avoid invoking any heavy 3D gen-
erative model as used in the backend. Instead, it directly
modifies the cached coarse 3D scene G𝑘★ corresponding
to the most similar past interaction. This can be achieved
by adjusting the Gaussian parameters to reflect the new
prompt intent. Formally, the edge performs a conditional
transformation: Ĝ𝑡 = 𝑓𝜃 (q𝑡 , q𝑘★, z𝑘★,G𝑘★), where 𝑓𝜃 is a light-
weight transformation network (e.g.,MLP) that predicts off-
sets (Δ𝝁𝑖 ,Δ𝚺𝑖 ,Δc𝑖 ) for each Gaussian point to produce the
updated first-layer preview Ĝ𝑡 .
The global model can first be pretrained on public multi-

modal datasets to learn general semantic-to-geometry map-
pings. To the best of our knowledge, no dataset currently
exists for human–AI 3D interaction. We plan to collect and
release such a dataset to support this emerging research di-
rection. During deployment, the pretrained global model
can be continuously fine-tuned at the edge server using
cached triplets (q𝑘 , z𝑘 ,G𝑘 ) from the user’s past interactions,
enabling personalized optimization.

5 Limitations and Discussion
We do not present an end-to-end prototype or experimental
evaluation because the software ecosystem for human–AI
3D interaction is still in its infancy. The primary bottleneck
is the lack of general-purpose foundation models capable
of understanding and reasoning over dynamic 3D scenes.
Existing models, such as PointCLIP [65], PointLLM [63], and
SplatTalk [50], are designed primarily for static 3D scene un-
derstanding. More recent efforts, such as 4D LangSplat [34],
extend foundation models to dynamic scenes through 4D
Gaussian splatting, but remain largely scene-specific, requir-
ing environment-dependent optimization and exhibiting lim-
ited generalization to unseen environments.
Nevertheless, we view these limitations as opportunities

rather than barriers. Just as networking research on video
streaming preceded today’s large-scale video platforms, we
believe networking and systems research for human–AI 3D
interaction should begin before mature 3D foundation mod-
els become available. Many of the architectural questions
raised in this paper, including semantic-aware immersive
streaming [13, 16], AI-oriented transport abstractions [12,
20], hierarchical generative streaming, and edge-assisted in-
ference, are largely orthogonal to the underlying foundation
models and will remain central as future models evolve.

Another promising research direction is to balance the
trade-off between computation and networking by decid-
ing where each computation should run: on the device, on
the edge server, or in the cloud. Because 3D content syn-
thesis [33, 60] and foundation-model reasoning [56, 57] are
computationally intensive, running them on the device re-
mains largely impractical. Beyond the edge server shown in
Figure 2, a more powerful cloud server is likely needed for the
most demanding tasks, such as foundation-model reasoning
and 3D generation. For example, generating a single 3D asset
can take up to 15 s even on an NVIDIA A100 GPU [28]. How-
ever, involving the cloud adds wide-area transmission, which
may become a bottleneck [62]. In contrast, device–edge con-
nections generally have lower and more stable latency than
device–cloud connections [5, 62]. Thus, when the edge server
can handle a task, offloading it to the edge rather than the
cloud often offers a better trade-off. For instance, 3D content
synthesis from multi-view RGB-D images (Figure 2) can run
on the edge server in real time [13, 16, 60]. Overall, balancing
computation and networking requires treating the device,
edge, and cloud as a whole and placing each computation ac-
cording to its compute demand and the network conditions
of each use case.

6 Conclusion
In this position paper, we envision a paradigm shift in human–
AI interaction, from today’s 2D text, audio, and video inter-
faces to real-time, immersive 3D collaboration. We argue
that this evolution fundamentally changes the objectives of
immersive networking: uplink content is no longer delivered
primarily for human perception but for foundation-model
understanding, while downlink content evolves from pre-
rendered media to AI-generated immersive experiences. To
address these emerging challenges, we outlined a research
agenda with two complementary directions: GenAI-aware
adaptive uplink streaming that prioritizes semantic utility
over visual fidelity, and hierarchical edge-assisted generative
downlink streaming that exploits the progressive nature of
AI-generated content to reduce user-perceived latency. We
hope this work stimulates discussion within the networking
and systems community and inspires a new generation of
architectures that seamlessly integrate immersive computing
and foundation models, ultimately enabling the next era of
embodied AI.
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