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Abstract—The ubiquitous deployment of edge cameras and the
emergence of multimodal large language models (MLLMs) have
necessitated intelligent long video understanding at the network
edge. However, current deployment paradigms face a critical
trade-off. Cloud-centric approaches incur prohibitive bandwidth
costs and privacy concerns, while edge-only solutions are hin-
dered by limited computational resources. Furthermore, existing
edge-cloud collaborative frameworks typically rely on single-pass,
open-loop retrieval, often failing to extract sufficient evidence for
complex reasoning due to semantic ambiguity. To address these
challenges, we propose Diana, a chain-of-thought (CoT) driven
edge-cloud collaborative system that strategically decouples per-
ception from cognition. At the edge, Diana employs a lightweight,
content-aware perception pipeline to construct a hierarchical
multimodal memory for efficient video indexing. On the cloud, we
introduce a dynamic reasoning framework featuring a predictor
for difficulty-aware query routing and a control module for CoT-
driven iterative retrieval. This architecture establishes a closed-
loop reasoning mechanism, iteratively re-examining edge memory
to resolve ambiguities. Extensive evaluations on the NExT-QA
and MVBench benchmarks demonstrate that Diana achieves
state-of-the-art accuracy (78.42% on NExT-QA), significantly
outperforming baselines while reducing end-to-end latency by
over 10x compared to cloud-centric methods.

Index Terms—Long Video Understanding; Edge-Cloud Collab-
oration; Multimodal Large Language Models; Chain-of-Thought

I. INTRODUCTION

The advent of multimodal large language models (MLLMs)
has fundamentally revolutionized the landscape of artificial
intelligence, transitioning machine perception from passive
sensory recording to active semantic understanding. Powered
by massive cross-modal datasets, state-of-the-art VLMs [1],
[2] have demonstrated unprecedented capabilities in reasoning
about complex visual dynamics, identifying object relation-
ships, and inferring intent from temporal context. These ca-
pabilities have driven the proliferation of standardized VLM
APIs [3], which empower developers to seamlessly integrate
advanced visual reasoning into diverse intelligent visual assis-
tants. In smart home environments, for instance, such agents
can monitor elderly activities to provide proactive healthcare
services [4], while in intelligent transportation systems (ITS),
they enable real-time interpretation of traffic irregularities
beyond simple object detection [5]. As video sensors become
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Fig. 1. Comparison between traditional edge-cloud collaborative paradigms
and our proposed Diana system.

ubiquitous, generating continuous high-resolution streams that
account for the majority of global IP traffic, the demand for
deploying these cognitive capabilities at the network edge has
become increasingly critical.

However, enabling long video understanding in real-world
edge scenarios presents a multifaceted dilemma involving
privacy, bandwidth, and computational resource constraints.
Traditional cloud-centric paradigms, which necessitate up-
loading raw video streams for centralized processing, incur
prohibitive bandwidth costs and raise severe privacy concerns,
rendering them impractical for large-scale deployment. Con-
versely, deploying full-scale VLMs directly on edge devices,
such as the NVIDIA Jetson Orin [6], is often infeasible due
to hardware constraints. For instance, processing a single hour
of 30 fps video yields over 100,000 frames. The resulting
token sequences not only far exceed the context limits of
local models like LLaVA [7] but also require massive GPU
memory exceeding 80 GB to store the Key-Value (KV) cache,
which is impossible for typical edge devices to accommodate.
Moreover, the limited compute power at the edge leads to
prohibitively long inference times. Therefore, reliance on
cloud-based VLM services remains indispensable for ensuring
high-performance video understanding.

To mitigate these issues, recent research has gravitated to-
wards an edge-cloud collaborative paradigm [8], [9]. However,
these pioneering works remain nascent and face significant
challenges in practical deployment (as illustrated by the grey
paths in Figure 1). A critical limitation lies in their reliance
on single-pass, open-loop retrieval. These systems typically
treat the edge memory as a static database, where the cloud
issues a one-time query to fetch evidence. This mechanism is



inherently limited in robustness because if the initial retrieval
fails due to semantic ambiguity or visual occlusion, the cloud
model is forced to reason on incomplete or irrelevant premises,
lacking the agency to re-examine the video data. Consequently,
the potential of edge-cloud collaboration remains constrained
by the lack of an iterative, self-correcting retrieval mechanism,
hindering its maturation into a robust solution for real-world
applications.

To address these limitations, we propose Diana, a CoT-
driven edge-cloud collaborative system that fundamentally
rethinks video understanding by decoupling perception from
cognition. Departing from passive retrieval models, Diana
introduces an active reasoning framework inspired by human
cognitive processes. At the edge, a lightweight perception
module filters redundancy and constructs a structured mul-
timodal memory, retaining only high-value semantic informa-
tion. On the cloud, we design a difficulty-aware routing mech-
anism via a predictor and a control module that orchestrates
chain-of-thought driven iterative retrieval. This autonomous
think-and-act loop enables Diana to actively re-examine edge
memory, effectively resolving semantic ambiguities and cap-
turing long-term dependencies while minimizing bandwidth
consumption.

In summary, the main contributions of this paper are as
follows:

« We design a content-aware perception pipeline at the edge
to construct a hierarchical multimodal memory, efficiently
preserving visual semantics and temporal dependencies.

« We introduce a cloud-based CoT-driven reasoning frame-
work with a predictor and a control module, enabling au-
tonomous ambiguity resolution via a think-and-act loop.

« We implement Diana on realistic edge-cloud testbeds and
evaluate it on NExT-QA and MVBench benchmarks. Our
results show that Diana achieves state-of-the-art accuracy
(78.42%) while reducing end-to-end latency by over 10x
compared to baselines.

II. DIANA SYSTEM DESIGN
A. System Overview

In this paper, we introduce Diana, a CoT-driven edge-
cloud collaborative system designed for iterative and precise
long video understanding. As illustrated in Figure 2, the
workflow of Diana comprises two coordinated phases. In the
Edge-Side Perception Phase, Diana continuously processes
streaming video via a content-aware adaptive stream sampling
module (Step @) to filter redundancy and retain semantically
significant sparse keyframes. These keyframes are processed
by a multimodal memory construction module (Step (2)) to
organize vectors into a hierarchical edge memory. This enables
a bidirectional loop: the cloud acts as the cognitive brain
issuing queries, and the edge serves as perceptual memory
returning visual evidence. Subsequently, in the Cloud-Side
Active Cognition Phase, the incoming user query is assessed
by a predictor (Step @) for complexity. Complex queries
activate a control module (Step @) that orchestrates a think-
and-act loop to iteratively maintain a reasoning state. Finally,

the retrieved evidence is forwarded to the VLM (Step (5)) to
produce an accurate response.

B. Edge-Side Perception

To decouple perception from cognition and mitigate band-
width bottlenecks, Diana transforms edge devices into ac-
tive information perceptors. This phase focuses on executing
information extraction and structural memory organization,
converting highly redundant raw video streams into compact,
queryable semantic representations for efficient downstream
reasoning.

1) Content-Aware Adaptive Stream Sampling: Processing
continuous video frames at standard rates incurs prohibitive
overhead on edge devices. To mitigate spatiotemporal redun-
dancy, we employ a content-aware sampling strategy. Let
V = {Fi,F>,...,F;} denote the input stream, where each
frame has resolution H x W. We quantify the semantic shift
between the current frame F; and the previous keyframe F),,..,
using a normalized pixel difference function D:

1
D(Ftanrev) = mZ|I(Ft)z,j _[(Fp'rev)i,j|- (1)
,J

A frame F; is retained as a keyframe only if D(F}, Fyrey)
exceeds an adaptive threshold 7.44nge. This mechanism ef-
fectively filters redundancy while preserving significant visual
evolution for downstream processing.

2) Multimodal Memory Construction: Drawing inspiration
from hierarchical memory management in cognitive systems,
we design a lightweight embedding pipeline to ensure low la-
tency on edge devices. Specifically, for each retained keyframe
F;, we utilize a lightweight visual embedding model, such
as BGE-VL [10], to project the visual content into a high-
dimensional semantic vector v;. To enhance retrieval accuracy,
auxiliary models (e.g., YOLO [11], OCR [12]) extract explicit
metadata, which are formatted into textual prompts 7; and
fused with the visual embedding.

Ut = Emultimodal(Fta Tt) € Rda 2

where d denotes the embedding dimension. These vectors are
organized into a Hierarchical Edge Memory, comprising a
vector index (via FAISS [13]) for fast similarity retrieval and
a temporal metadata store for persistent archiving. This dual-
layer structure efficiently maps semantic queries to temporal
segments, providing a robust foundation for active reasoning
without the overhead of complex knowledge graphs.

C. Cloud-Side Active Cognition

To reconcile edge resource constraints with cloud-based
reasoning demands, Diana adopts a disaggregated architecture.
While the edge handles efficient perception, the cloud executes
heavy-duty cognitive tasks. Departing from conventional one-
pass RAG, we introduce an active reasoning framework fea-
turing a predictor for difficulty-aware routing and a control
module for CoT-driven iterative retrieval.
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Fig. 2. System overview of Diana, comprising an edge-side perception phase and a cloud-side CoT-driven cognition phase.

1) Probabilistic Keyframe Sampling: Recent advances in
video understanding, such as BOLT [14] and Venus [8], have
demonstrated that probabilistic sampling strategies signifi-
cantly outperform deterministic Top-K selection in capturing
the semantic diversity of long videos. While Top-K methods
prioritize the highest similarity scores, they tend to retrieve
redundant frames from a single temporal cluster, thereby limit-
ing the contextual scope available for reasoning. Aligning with
this state-of-the-art paradigm, Diana incorporates a sampling-
based retrieval mechanism to dynamically balance relevance
with diversity.

Formally, for a given query ¢ and a set of indexed vectors
{v1,...,u,} in the edge memory, we construct a query-
guided probability distribution II = {m;} using a softmax
function with a temperature parameter -y, which regulates the
sharpness of the attention distribution to balance relevance
with diversity:

exp(cos(q, vi)/7)
> iy exp(cos(q,vy)/v)
The system then performs sampling based on II. To adaptively
control the volume of retrieved information, the sampling
process accumulates frames sorted by their probability and
automatically terminates when the cumulative probability mass
of the selected set S exceeds a sufficiency threshold 7 (i.e.,
ka cs ™ > mn). This strategy ensures that the retrieved
evidence covers the necessary semantic span without imposing
a rigid frame count, effectively filtering redundancy while
preserving long-tail context.

2) Difficulty-Aware Query Routing: Real-world video un-
derstanding tasks vary widely in cognitive demands, from
simple recognition to complex reasoning. A uniform retrieval
strategy is suboptimal, as heavy iterative retrieval adds latency
for simple queries while single-pass methods lack depth for
complex ones. To optimize the efficiency-accuracy trade-off,
we introduce a difficulty-aware query routing mechanism.

This mechanism is orchestrated by the predictor module,
which serves as the first line of cognitive processing. Upon
receiving a user query (), the predictor, instantiated as a
lightweight LLM, analyzes its semantic complexity to de-
termine the processing path. Queries classified as Level One

3)

T, =

Algorithm 1 Cloud-Side Active Cognitive Reasoning Process

Require: User Query @, Edge Memory M, Max Iter. Kpax
Ensure: Final Answer A
1: Stage 1: Difficulty-Aware Routing
2: Liype < Predictor(Q)
3: if Liype is Level One then
{Fast Path: Direct Retrieval}
& « ProbabilisticSampling(M, Q)
return VLM(Q,E)
else
{Slow Path: CoT Iterative Retrieval}
9: Init: £y + @, Ho + 0
10: fort =1 to Kyas do

A

11: // Reflective Reasoning (Think)

12: ay, ¢ < ControlModule(Q, Hi—1,Ei—1)

13: if a; == [ANSWER] then

14: return c¢; {Terminate and Answer}

15: else if a; == [SEARCH] then

16: // Active Retrieval (Act)

17: q; + ¢ {Targeted Query}

18: Enew  ProbabilisticSampling(M, g;)

19: St <— gt—l @] gnew; Ht <— Update(Ht_l, gnew)

20: end if

21: end for

22: Fallback: Generate answer with accumulated evidence
23:  return VLM(Q, &k, Hrpmaw)

24: end if

represent simple tasks solvable via direct, single-pass retrieval,
thus triggering the fast routing path to prioritize responsive-
ness. Conversely, queries classified as Level Multi denote
complex tasks requiring multi-round iterative reasoning, which
activate the control module to initiate a chain-of-thought driven
retrieval process.

3) Chain-of-Thought Driven Iterative Retrieval: While pio-
neering edge-cloud collaborative paradigms [8], [9], [15] have
made significant strides in efficient video understanding, they
typically rely on a single-pass, open-loop retrieval mecha-
nism. This approach, however, encounters inherent limitations
when dealing with semantic ambiguity or visual occlusion, as
reasoning is constrained by initial retrieval results. If critical
evidence is missed in the first pass, the model may be forced
to infer answers from incomplete premises. To address this



challenge, the control module implements a chain-of-thought
driven iterative retrieval framework. Instead of relying on a
static set of frames, this framework empowers the control
module to actively maintain a dynamic reasoning state Hy,
which tracks the history of logical deductions, and an evidence
set &, which accumulates visual frames and metadata retrieved
from the hierarchical edge memory M.

In each iteration ¢, the control module engages in a reflective
reasoning phase based on the current state H;_; and evidence
E:—1. Specifically, it evaluates whether distinct information
gaps, such as missing antecedents, unobserved consequences,
or critical transitions, prevent a conclusive answer. Simultane-
ously, it assesses whether the current evidence is sufficient to
converge to a high-confidence conclusion. Based on this dual
assessment, the control module executes one of two distinct
actions. If evidence is deemed sufficient and confidence ex-
ceeds a threshold, the agent generates a final answer (denoted
as [ANSWER]), terminating the retrieval loop. Conversely, if
significant ambiguity or missing links are detected, it outputs
a search command (denoted as [ SEARCH]) accompanied by
a targeted natural language query ¢;. This query is specifically
formulated to retrieve missing narrative elements and is dis-
patched to the edge memory M for focused vector retrieval.
Newly retrieved frames are then aggregated into the evidence
set & = &1 U ProbabilisticSampling(M, ¢;) for the next
cycle. This iterative process continues until a high-confidence
answer is derived or the iteration count reaches a limit K, .,
ensuring a balance between reasoning depth and computational
efficiency.

By actively investigating memory through this CoT-driven
loop rather than passively accepting initial results, Diana
significantly reduces hallucinations and improves reasoning
accuracy for complex long video tasks.

III. IMPLEMENTATION AND EVALUATION

A. Experimental Setup

1) Hardware Setup: On the edge side, we use NVIDIA
Jetson AGX Orin [6] for our experiments. On the cloud
side, we use a server with NVIDIA L40S GPUs to emulate
cloud compute resources, where the VLMs are deployed. The
network bandwidth between the edge and cloud is tested
at 50 Mbps and 100 Mbps to simulate different network
conditions.

2) Datasets and Models: We evaluate Diana on
MVBench [16] and the NExT-QA [17] validation set
(5,000 pairs) in a zero-shot setting. NExT-QA challenges
the system with diverse Descriptive (@D), Temporal (@T),
and Causal (@C) reasoning tasks. MVBench provides a
comprehensive assessment across 20 fine-grained temporal
tasks, ranging from action sequence and object interaction to
counterfactual inference, which cannot be effectively solved
with a single frame.

For cloud-side reasoning, we deploy LLaVA-OneVision-
7B [7] and Qwen2-VL-7B [2]. While 7B models are chosen
for hardware feasibility, Diana’s modular design is backbone-
agnostic and compatible with any cloud-hosted VLM. On the

TABLE I
ACCURACY COMPARISON ON THE NEXT-QA BENCHMARK.

NEXT-QA (Frames=16)

Model Method
Acc@C Acc@T Acc@D Acc@All
Video-RAG 77.70 69.57 80.90 75.65
Qwen2-VL-7B  Venus 78.13 72.30 82.01 76.93
Diana 79.18 74.02 84.47 78.42
Video-RAG 72.66 67.28 79.95 72.13
LLaVA-OV-7B  Venus 74.15 69.05 80.30 73.54
Diana 75.20 69.98 81.69 74.60
TABLE 11

PERFORMANCE COMPARISON ON MVBENCH ACROSS DIFFERENT FRAME
SAMPLING BUDGETS.

Model Method MVBench
Frames=8 Frames=16 Frames=32
Video-RAG 59.8 62.6 63.8
Qwen2-VL-7B  Venus 61.0 64.1 64.7
Diana 61.9 65.3 67.1
Video-RAG 59.4 61.1 62.5
LLaVA-OV-7B  Venus 58.6 62.3 63.4
Diana 60.7 62.9 64.5

edge, we utilize BGE-VL-large [10] for multimodal embed-
ding, complemented by YOLOVS [11] and EasyOCR [12] to
enrich the semantic context.

B. Baselines

To rigorously validate the effectiveness of Diana, we com-
pare it against four categories of representative baselines:

o Video-RAG [15] retrieves visually-aligned auxiliary texts to
boost VLM performance, representing a traditional single-
pass retrieval strategy without iterative optimization.

o Venus [8] utilizes scene segmentation and adaptive keyframe
retrieval to balance efficiency and accuracy in an edge-cloud
collaborative system.

e Cloud-Only directly uploads the entire captured video
stream to the cloud server for processing, representing the
most naive centralized scheme.

o Edge-Only executes the entire pipeline directly on the edge
device, often suffering from limited reasoning capability and
context windows for complex long videos.

C. Experimental Results

1) Reasoning Accuracy on Complex Benchmarks: We eval-
uate the reasoning accuracy of Diana against baselines on
NEXT-QA and MVBench benchmarks. As shown in Table I
and Table II, Diana consistently outperforms both Video-
RAG and Venus across different VLM backbones. Specifically,
with the Qwen2-VL-7B backbone, Diana achieves an overall
accuracy of 78.42% on NExT-QA and 67.1% on MVBench,
surpassing the strongest baselines by a clear margin. In con-
trast to single-pass approaches that rely on static evidence, the
control module enables Diana to perform a think-and-act loop,
actively re-examining the edge memory to resolve semantic
ambiguities and capture long-term temporal dependencies.
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Fig. 3. End-to-end latency comparison measured on an NVIDIA AGX Orin
(Edge) and an NVIDIA L40S GPU (Cloud) using a 1-minute, 30 fps video
from NEXT-QA. For Diana, the probabilistic sampling cap is set to 32 frames.
We compare against Cloud-Only baselines with both full-video input and a
32-frame sampled input.

TABLE III
AVERAGE ELAPSED TIME PER QUERY AND DISTRIBUTION OF PREDICTED
COMPLEXITY LEVELS FROM THE PREDICTOR ON MVBENCH AND

NEXT-QA.
Dataset Level Comm. Latency (s) Infer. Time (s) Percentage (%)
MVBench 1(\)/[rlllelti g:gé 135?850 Zslg?
NEXTQA il a o1 2936

2) Efficiency and Latency Analysis: Figure 3 illustrates the
end-to-end latency comparison between Diana and baselines
under varying bandwidths (50 Mbps and 100 Mbps). Diana
consistently maintains low latency. In contrast, the Edge-Only
baseline fails to complete tasks due to Out-Of-Memory (OOM)
errors, highlighting the impracticality of deploying full-scale
pipelines on resource-constrained edge devices. Meanwhile,
Cloud-Only approaches suffer from severe transmission delays
due to raw video uploading. Even when the VLM input is
restricted to 32 frames, their total latency remains significantly
higher than Diana, while using the full video as input incurs
prohibitive latency. This demonstrates that Diana’s edge per-
ception phase effectively balances edge resource constraints
with cloud bandwidth bottlenecks.

3) Effectiveness of Predictor Mechanisms: Table III details
the query complexity distribution, calculated as the percentage
of total queries in NExT-QA and MVBench classified into
each level by Qwen2-VL-7B. Under a 50 Mbps bandwidth
and 32-frame budget, the predictor identifies the majority (70-
77%) of queries as Level One, routing them through the fast
path to ensure low latency. Conversely, the remaining 23-
30% are designated as Level Multi, reserving computationally
intensive iterative retrieval for these challenging instances.
This selective mechanism effectively balances efficiency with
reasoning depth. This distribution also elucidates the moderate
overall accuracy gains, as advanced reasoning is specifically
targeted at the smaller subset of complex queries.

IV. CONCLUSION

This paper presents Diana, a CoT-driven edge-cloud collab-
orative system for efficient long video understanding. Diana
employs a decoupled architecture that enables content-aware
edge perception and hierarchical memory construction, while

empowering a cloud-based CoT-driven reasoning framework
to autonomously resolve ambiguities via a CoT-driven think-
and-act loop. Our extensive evaluation on NEXT-QA and
MVBench demonstrates that Diana achieves state-of-the-art
accuracy (78.42%) and reduces end-to-end latency by over
10x compared to cloud-centric baselines.
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