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Abstract. Recent progress in video large language models (Video-LLMs)
has enabled strong offline reasoning over long and complex videos. How-
ever, real-world deployments increasingly require streaming perception
and proactive interaction, where video frames arrive online and the system
must decide not only what to respond, but also when to respond. In this
work, we revisit proactive activation in streaming video as a structured
sequence modeling problem, motivated by the observation that temporal
transitions in streaming video naturally form span-structured activation
patterns. To capture this span-level structure, we model activation signals
jointly over a sliding temporal window and update them iteratively as
new frames arrive. We propose STRIDE (Structured Temporal Refine-
ment with Iterative DEnoising), which employs a lightweight masked
diffusion module at the activation interface to jointly predict and progres-
sively refine activation signals across the window. Extensive experiments
on diverse streaming benchmarks and downstream models demonstrate
that STRIDE shows more reliable and temporally coherent proactive
responses, significantly improving “when-to-speak” decision quality in
online streaming scenarios. The STRIDE codebase and demonstrations
are available on our [project webpagel

Keywords: Proactive Video Streaming - Activation Modeling - Masked
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1 Introduction

Along with recent advances in large language models (LLMSs) |7}/41}/45.[55}/66],
large vision-language models (LVLMSs) [12][16}[25]|33}/34] have also achieved
impressive performance across a wide range of image understanding and reasoning
tasks. Building upon these advances, various video specialized models (i.e.,
Video-LLMs) [22,/29,130L[75L|78] further extend them to the temporal sequences,
demonstrating remarkable capabilities in reasoning over video contents. However,
existing Video-LLMs mostly operate in an offline manner, processing pre-recorded
videos with access to the entire temporal context before generating responses.
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This fundamentally limits their capabilities to real-world streaming deployments
such as egocentric assistants [21], autonomous driving [63], or embodied Al
agents |62, where the model must continuously perceive an ongoing video stream
and decide when and what to respond in real time.

Recognizing this gap, recent works have delved into streaming video under-
standing (SVU), where models continuously ingest incoming frames and maintain
a temporal understanding on-the-fly [391/61}/68./69,76./77]. Despite these advances,
the approach is still reactive, lacking a capability to determine when a response
should be triggered. Expanding beyond the streaming scope, several works have
explored proactive response generation by leveraging special tokens [9,/10L65] to
implicitly learn response timing or an agent-driven interaction approach [64.[67].
More recently, several standalone activation modules [43.44}56] have been pro-
posed, especially those that decouple the streaming pipeline into two stages: a
lightweight front-end that predicts activation signals at each frame to identify
triggering moments, followed by a downstream Video-LLM that, when activated,
consumes the accumulated frame cache to generate responses.

Within this decomposed framework, a straightforward way to train the acti-
vation module is to treat it as a binary classification problem as in [43}/44}56],
where at each time step a model predicts whether to trigger a response under
binary supervision. However, such approach reduces activation to point-wise
0/1 decisions, answering “should I respond now?” at each time step, without
explicitly modeling how activation states transition across a temporal span. This
often results in flickering activations and poorly resolved transition boundaries,
causing unstable triggering behavior and fragmented activation spans. In prac-
tice, a reliable activation module must not only predict isolated labels, but also
model how activation states change over time, capturing consistent 0—1 onsets,
sustained 1—1 persistence, and well-resolved 1—0 offsets, so as to form coherent
contiguous activation spans. In this sense, streaming and proactive triggering
is more analogous to a span-structured decision rather than a point-wise one.
To account for this span-level structure, an activation module should jointly
model the activation sequence within a temporal neighborhood, so that the down-
stream Video-LLM can be activated under well-scoped visual context (neither
prematurely with insufficient evidence nor too late after the moment has passed).

Motivated by recent advances in masked diffusion models [27,38}(72] (MDMs),
which enable joint prediction over partially masked discrete sequences, we revisit
streaming and proactive activation as structured sequence modeling over an acti-
vation window. Unlike point-wise decision-making, masked diffusion operates on
an entire sequence and iteratively refines corrupted states within context, natu-
rally aligning with the span-structure of streaming trigger. Building on this, we
propose STRIDE (Structured Temporal Refinement with Iterative DEmnoising),
a proactive streaming framework that models the when-to-speak decision as struc-
tured sequence prediction, explicitly capturing span-level structure and activation
state transitions. Specifically, during training, we employ boundary-aware span
masking strategies that corrupt contiguous regions of the activation sequence,
encouraging the model to reason about onset and offset from broader temporal
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context rather than relying on isolated binary signals. At inference time, as new
frames arrive, STRIDE progressively updates the activation window by carrying
forward confident states and remasking uncertain positions, enabling temporally
coherent span under partial observability while remaining plug-and-play and
compatible with off-the-shelf Video-LLMs.

Through extensive experiments and comprehensive analyses on streaming
benchmarks and downstream models, we corroborate that STRIDE produces
more reliable and temporally coherent proactive responses in online settings,
significantly improving the when-to-speak decisions.

Our contributions can be summarized as follows:

— We revisit proactive streaming activation in Video-LLMs and reformulate
the when-to-speak problem as structured sequence modeling over a temporal
activation window, establishing span-level activation as the prediction unit.

— We propose STRIDE (Structured Temporal Refinement with Iterative
DEnoising), a lightweight masked diffusion-based activation model that
jointly predicts activation sequences and captures span-level structure.

— We validate STRIDE through extensive experiments on diverse streaming
benchmarks and downstream backbones, demonstrating more stable proactive
triggering and improved temporal consistency in online settings.

2 Related Work

2.1 Large Vision-Language Models

Early works on LVLMs [161/23}|34] have demonstrated that visual instruction tun-
ing, which pairs a vision encoder with a LLM backbone and trains on instruction-
following data, can output strong general-purpose capabilities for back-and-forth
multi-modal conversation. Subsequent efforts [12}59,/60,/83] have focused on
scaling model and data, improving visual tokenization, and aligning vision and
language representations at scale. Especially, Qwen families [3H5,/58] improve
visual processing efficiency and capability with dynamic resolution and stronger
multi-modal pretraining, enabling more robust perception and reasoning over
complex visual inputs. In addition, Video-LLMs [26}[53}/75}78| extend its scope to
temporal understanding by treating video as a sequence of images, introducing
video-specific connector [22,[30l74] and training pipelines |24L/48}|79] that better
capture spatiotemporal dynamics, thereby leading to stronger performance on
video QA and captioning tasks. Despite these advances, most LVLMs remain
confined to an offfine setting, where the entire video clip is available prior to
inference, limiting their applicability in real-time streaming scenarios.

2.2 Streaming Video Understanding

A growing body of works |28,/44,/80| has explored expanding video understanding
into the streaming regime, where frames arrive online and frameworks must main-
tain state over time. One line of research adapts models to streaming interaction
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by redesigning training objectives and data formats for continuous inputs [9],
incorporating memory-augmented architectures for multi-turn streaming [64}76|,
and leveraging real-time commentary pipelines that integrate video speech tran-
scripts with instruction tuning [10L/65]. Another branch emphasizes efficiency for
unbounded video streams through memory aggregation for long streams [76],
streaming-aligned KV-cache strategies [39}/65,/68], and redundant visual token
dropping based on inter-frame similarity [69]. While these approaches have en-
abled Video-LLMs to process continuous streams, they remain fundamentally
reactive, generating responses only upon instantaneous user queries.

Addressing this gap, another direction tackles the proactive response, which
targets deciding when to respond as the video unfolds. Several approaches exploit
EOS token within autoregressive generation to implicitly determine response
timing [9165], conflating the triggering with language generation. Agentic methods
explicitly model task-relevant temporal intervals for goal-driven triggering [67],
or query-aware visual pruning with proactive response mechanisms [77]. Most
relevant to our work, recent modular approaches [43}/441/56,/61] explicitly decouple
the pipeline into a lightweight front-end that predicts per-frame binary activation
signals and a downstream Video-LLM that generates responses upon triggering.
While such a modular design preserves the downstream Video-LLM’s capabilities,
reducing activation to point-wise binary supervision undermines the temporal
coherence of contiguous activation spans. In this work, we retain the modular
design while recasting activation as a structured sequence prediction problem,
leveraging masked diffusion to jointly model activation sequences over a temporal
window and capture span-level temporal coherence.

2.3 Discrete Diffusion Language Models

Recent progress in discrete diffusion language models (dLLMs) [37}38l/47] revisits
diffusion as an alternative to autoregressive decoding for text generation using
masked diffusion models mechanism. Instead of generating tokens strictly left-to-
right, dLLMs iteratively denoise masked token sequences, enabling bidirectional
conditioning and parallel token updates, which naturally supports controllable
generation. Subsequent efforts have further scaled dLLMs by converting pretrained
autoregressive models into diffusion-based counterparts [17,/71], and improved
their alignment and inference efficiency through parallel decoding strategies |13].
Especially, LLaDA series scale masked diffusion to large LLMs [38] and further
explores post-training alignment [82] as well as system-level scaling by converting
pretrained AR models into diffusion models [6], thereby inheriting knowledge
while retaining the non-autoregressive generation benefits. This research scope has
also been extended to the multi-modal setting, where vision encoders are coupled
with diffusion language backbones for visual instruction following [14}27]/72}(73],
demonstrating that dLLMs can benefit from parallel decoding and bidirectional
reasoning in vision-language tasks. Different from these works that primarily
replace the autoregressive decoder for textual response generation, our work
leverages masked diffusion for proactive streaming activation. We treat the when-
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Fig. 1: Overview of STRIDE, which operates in a streaming setting where frames
arrive online. A lightweight activation model based on masked diffusion maintains
an activation region over a sliding temporal window and iteratively denoises
masked activation states to predict a coherent trigger segment. A trigger is issued
only if an active span is sustained for a predefined span ratio. When activation is
triggered, the accumulated frame context is forwarded to a downstream Video-
LLM to generate the response.

to-speak signal as a structured discrete activation sequence over a temporal
window, jointly predicting the activation states for the incoming video streams.

3 Proposed Method

Preliminaries: Masked Diffusion Models. Recently, diffusion language
models (dLLMs) have shown remarkable progress as an alternative
paradigm to autoregressive language modeling, replacing left-to-right token
generation with a masked diffusion process that iteratively denoises discrete
token sequences. Given a sequence of L tokens x¢ = (z§,...,z%), the forward
process progressively corrupts xg by independently replacing each token with a
mask token [M] with probability ¢ € [0, 1], generating a partially masked sequence
x;. At t = 0 the sequence is fully observed, while at ¢ = 1 it is entirely masked.

The core of MDMs is a mask predictor pg(- | x;) with bidirectional attention
that takes x; as input and predicts all masked tokens simultaneously. The reverse
process recovers xg from x; by iteratively applying this mask predictor,
which is trained by minimizing a cross-entropy loss computed only over the
masked positions:

L
1 X .
L) = ~Euxoox, |7 O Elai = Wlogpo(ay [ ) | (1)
=1

where t ~ UJ0, 1] and x; is sampled from the forward process. This serves as an
upper bound on the negative log-likelihood of the model distribution @

At inference, generation proceeds by initializing a fully masked sequence x;
and simulating the reverse process through K discrete steps decreasing from
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t =1 — 0. At each step, the mask predictor predicts all masked positions, and a
subset of predictions is accepted while the remaining positions are remasked for
subsequent refinement. This iterative predict-and-refine procedure enables MDMs
to generate coherent sequences through progressive unmasking with bidirectional
context.

3.1 STRIDE: Proactive Streaming Framework

Problem Formulation. The proposed STRIDE (shown in Fig. [1) considers
the streaming video understanding setting where a model continuously processes
video streams V={vy, va, ..., vr,...} with vr denoting the incoming visual frame
arriving at time step 7', interleaved with user queries and model-generated
responses over time. Unlike offline Video-LLMs that have access to the holistic
video sequences before generating a response, a streaming model must work under
partial observability, where only the frames observed so far V<p={v1,...,vr} and
context priors Cr (e.g., user query ¢ and prior interaction history) are available.
At every time step T', the model faces two sequential decisions: (i) whether to
respond, and (ii) if so, what to respond. STRIDE adopts a two-stage streaming
framework to decouple these decisions.

Two-Stage Architecture. As illustrated in Fig.[T} STRIDE is designed with the
two-stage streaming framework. A lightweight Activation Model m continuously
monitors the incoming stream and determines whether a proactive response should
be triggered. Once a response is triggered at time step 7', the accumulated visual
context since the most recent query time Ty, denoted Vir, .7, together with the
interaction context Cr, is forwarded to a downstream Video-LLM, which generates
the response R = f(Cr, Vir,:1))- The generated response Rr is appended to the
interaction context, updating it to C;» = Cr U R, enabling awareness of prior
responses and maintaining dialogue coherence across multiple activation events.
After each triggered response, the visual accumulation is cleared and restarted
from the current time step, ensuring that subsequent activation decisions operate
on fresh streaming context. This modular design cleanly separates when-to-speak
modeling from downstream response generation.

Span-Level Activation Modeling. To formalize the activation decision, we
represent activation as a window-level sequence of size W anchored at time
step T, and model it as a sequence-level prediction over this temporal window.
Specifically, we define an activation region ar = [ar_w,...,ar] € {0,1}W,
indicating inactive or active states within the window. This windowed formulation
enables the activation model to learn contiguous activation spans and their
transition dynamics (0—1 onset, 1—1 persistence, 1—0 offset), aligning the
prediction unit with span-level structures rather than isolated point-wise decisions.

As the video stream unfolds, incoming frames are sampled at 1 FPS and
encoded into visual tokens by a vision encoder, which are accumulated in a
running visual cache. At each time step T, the activation region ar is appended
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Fig. 2: Activation modeling and inference stage of STRIDE. Training applies
sequence duplication and three masking strategies (boundary-anchored masking,
span unmasking, full masking). During inference, the activation window slides
with incoming frames, retaining confident past decisions while selectively re-
masking and progressively denoising uncertain positions.

after the visual cache as the prediction target. Each activation token takes values
from the discrete vocabulary {0, 1, [M]}, where [M] denotes masked positions to
be denoised. The activation model conditions on the visual cache and jointly infers
masked activation states within the temporal window. When the activation state
is determined to be active under the span-based criterion, the accumulated visual
context is forwarded to the downstream Video-LLM for response generation.

3.2 Training: Activation as Sequence Denoising

Structured Masking Strategies for Activation Denoising. To train the
activation model under the structured formulation, we propose a mixture of three
corruption strategies instead of the standard MDM , which samples mask
positions independently. Such masking is inappropriate for our activation learning
as the target sequence consists of contiguous active regions; isolated unmasked
tokens between active positions make the denoising task trivially solvable through
local interpolation, bypassing the need for genuine temporal understanding. The
proposed masking mixture shown in Fig. [2| (left) is composed of:

— Boundary-Anchored Span Masking masks a contiguous block overlapping
with at least one activation boundary, forcing the model to determine where
the active region begins and ends from broader temporal context.

— Span Unmasking starts from a fully masked sequence and reveals a contigu-
ous block while keeping boundary-adjacent positions masked, mimicking the
inference-time pattern where high-confidence tokens are unmasked consecu-
tively in homogeneous regions.

— Full Masking initially masks the entire activation sequence (cold-start) to
stabilize the reverse step by training the model to estimate the global activation
layout from visual context alone.
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During training, each sample is randomly corrupted using one of three struc-
tured masking strategies, each selected with equal probability. These structured
strategies encourage the model to reason over contiguous activation spans and
their boundary transitions, rather than relying on isolated token predictions. As
a result, the activation module learns span-level consistency that better aligns
with the sequential and partial observability of streaming proactive triggering.

Recovering Bidirectional Conditioning with Sequence Duplication.
Masked diffusion predicts masked positions using full-sequence context, whereas
an AR-pretrained activation model is trained with causal attention that only
exposes left context. We therefore introduce an input reparameterization that
enables bidirectional conditioning without altering the underlying causal attention
layers. Specifically, we employ sequence duplication, appending a copy of the
activation region to form [a, a’], where the copies carry identical activation tokens
but serve distinct roles. The duplicated sequence a’ produces diffusion predictions,
while a serves as a conditioning prefix under causal attention. Concretely, since
a is entirely placed before a’, every token in a’ can access all positions of a as
left-context, providing full-window visibility for denoising without modifying the
causal attention mask.

Training Objective. Following the denoising process in Eq. (1)), we train
the activation module by minimizing the masked cross-entropy loss over a’,
conditioned on the user query ¢ and the visual cache V<r:

w
1 ) )

£(0) = ~Bi,apar | DUl =Mlogpolall [0, Ver ap) |, (2
j=1

where aj) is the ground-truth activation sequence, a;} is obtained by applying our
aforementioned masking strategies at noise level t ~ U[0, 1], and the user query
q along with the visual cache V<, serves as a fixed conditioning prefix, analogous
to the prompt in the supervised fine-tuning of dLLMs [27}38].

3.3 Inference: Streaming as Progressive Unmasking

At inference time, STRIDE maintains a sliding activation window and performs
progressive refinement as illustrated in Fig. [2] (right); confident past decisions
are preserved, while uncertain and newly introduced positions are jointly refined
with masked diffusion. Concretely, new time step T+1 proceeds in two stages:

(i) Selective Re-masking: The activation sequence of size W is shifted forward so
that the region falling outside the window is evicted and a new frame is appended,
causing the activation sequence to advance in time. The fully resolved activation
aJT+1 previously assigned to position j+1 at time T" now maps to position j at time
T+1. To determine whether each carried-forward decision remains reasonable

given the new visual evidence vpy1, we apply a confidence-based retention: if
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])9(ajTJrl :aZF’l | ¢, V<741, @r41) > 7, position j inherits its previous decision;
otherwise, it is re-masked to [M] so that uncertain positions re-enter the denoising
process alongside the newly appended slots.
(ii) K-Step Progressive Denoising: The masked positions obtained from the
previous stage, comprising both newly appended slots and low-confidence re-
masked slots, are resolved over K denoising steps by prioritizing high-confidence
positions first. At each step, the model computes the activation probability p/ =
po(a’ =1| q, V<741, ar41) for every masked position and derives a confidence
score ¢/ = max(p’, 1—p’), which measures how strongly the prediction leans
toward either triggering or not. The top-k positions ranked by ¢’ are unmasked,
where k=[Niit/ K] and Ny, is the number of masked positions established in
stage (i), while the rest remain masked for subsequent refinement. By revealing
high-confidence decisions first, this schedule establishes reliable temporal anchors
that progressively stabilize the remaining ambiguous boundary regions.

After K steps, the activation window is fully resolved. A trigger at time T+1
is issued only if an active span is sustained for at least v consecutive positions,
where v denotes the required span ratio for triggering.

4 Experiments

4.1 Experimental Setting

Implementation & Training Details. The activation model is initialized
from a compact vision-language model using Qwen3-VL-2B [4] to minimize
streaming overhead. The downstream Video-LLMs are kept frozen, ensuring
full modularity between the two stages. Incoming video frames are sampled
at 1 FPS and encoded into the visual cache as the stream progresses. For the
denoising process, we adopt the low-confidence remasking strategy [38] with K=8
sampling steps during inference. 7 is set to 0.75, and ~ is set to 1 following the
benchmark evaluation protocol. The entire activation model is trained on a single
node of 8 NVIDIA H100 GPUs, while evaluation is conducted on a single H100
GPU. Comprehensive hyperparameter settings and additional configurations are
provided in the Appendix.

For the training data, we curate a diverse collection of temporally annotated
video datasets spanning multiple video understanding tasks, including dense video
captioning [8./36], temporal activity detection [511/52], grounded video QA [20,57],
sequential step recognition [81], and moment localization [1|. We convert each
temporal annotation into a binary activation sequence aligned with the frame
sampling rate, where frames within annotated spans are labeled as active (1) and
the remaining frames as inactive (0).

Benchmarks & Baselines. We evaluate STRIDFE on three complementary
benchmarks. OVO-Bench [40] assesses online video understanding across back-
ward tracing, real-time visual perception, and forward active responding, where
the model must delay its response until sufficient future evidence is available.
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Table 1: Evaluation results on OVO-Bench . Baseline-AR uses autoregressive
binary prediction. Offline models follow the original single-turn protocol with
segmented clips, whereas streaming methods process frames sequentially.

- of Real-Time Visual Perception Backward Tracing TForward Act. Responding _Overall

Method Frames OCR_ACR ATR STU FPD OJR Avg |EPM_ASI HLD Avg | REC SSR CRR Avg | Avg
Human

Human - 93.96 92.57 94.83 92.70 91.09 94.02 93.20 ‘ 92.59 93.02 91.37 92.33 ‘ 95.48 89.67 93.56 92.90 ‘ 92.81
Proprietary Models (Offline), Single-Turn Evaluation

Gemini 1.5 Pro 1FPS 8591 66.97 79.31 5843 63.37 61.96 69.32 | 58.59 76.35 52.64 62.54 | 35.53 74.24 61.67 57.15 63.00

GPT-40 64 69.80 64.22 T71.55 51.12 70.30 59.78 64.46 | 57.91 75.68 48.66 60.75 | 27.58 73.21 59.40 53.40 59.54
Open-Source Models (Offline), Single-Turn Evaluation

LLaVA-Video-7B W 64 69.13 58.72 68.83 4944 74.26 59.78 63.52 | 56.23 57.43 7.53 40.40 | 34.10 69.95 60.42 54.82 52.91

LLaVA-OV-7B 64 66.44 57.80 73.28 53.37 71.29 61.96 64.02 | 54.21 5541 21.51 43.71 | 25.64 67.09 58.75 50.50 52.74

LLaVA-N-Video-7B 64 69.80 59.60 66.40 50.60 72.30 61.40 63.30 | 51.20 64.20 9.70 41.70 | 34.10 67.60 60.80 54.20 53.10

Qwen2-VL-7B 64 60.40 50.46 56.03 47.19 66.34 5543 55.98 | 47.81 3548 56.08 46.46 | 31.66 65.82 48.75 48.74 50.39

InternVL-V2-88 m 64 67.11 60.55 63.79 46.07 68.32 56.52 60.39 | 48.15 57.43 24.73 43.44 | 26.50 59.14 54.14 46.60 50.15

LongVU-78B [19] LFPS 5570 4950 50.50 4830 6830 63.00 57.40 | 43.10 6620 9.0  39.50 | 16.60 69.00 60.00 4850 | 48.50

VideoLLM-Online-8B 2FPS 805 2385 1207 14.04 4554 2120 20.79 |22.22 18.80 1218 17.73
VideoLLM-EyeWO m 1FPS 2416 27.52 31.89 32.58 44.55 35.87 32.76 | 39.06 3851 6.45 28.00 - -
Dispider 1FPS 57.72 49.54 6207 4494 61.39 51.63 54.55 | 48.48 55.41 4.30 36.06 | 18.05 37.36 48.75 34.72 41.78
TimeChat-Online-7B 1FPS 69.80 48.60 64.70 44.90 68.30 55.40 58.60 | 53.90 62.80 9.10 42.00 | 32.50 36.50 40.00 36.40 45.60
StreamAgent-7B 1FPS 7120 5320 63.60 53.90 67.30 5870 61.30 | 54.80 58.10 25.80 41.70 | 35.90 48.40 52.00 45.40 49.40

Open-Source Models (Streaming)
FI&sh—VS(mam—?R 1 FPS 2416 29.36 28.45 33.71 25.7 28.80 28.37 | 39.06 37.16 5.91 27.38 | 8.02 67.25 60.00 45.09 33.61

QueryStream-7B 1FPS 7450 47.70 70.70 46.60 71.30 57.60 61.40 | 54.20 63.50 8.60 42.10 | 33.20 43.10 40.80 39.03 | 47.51
Offtine Backbones — Online Inference with STRIDE
Qwen3-VL-8B [1] 1FPS  69.80 59.60 73.30 57.: .30 58.70 65.00 | 55.60 63.50 12.90 44.00 | 37.70 60.80 40.40
+ Baseline-AR 1FPS  73.80  65.10 7120 69.35 | 54.90 66.90 17.20 46.33

Gemma3-4B 5000 5378 [ 4440 41.90 ~ 3.20 29
56.50 60.93 | 47.80 52.00 4.80
62.00 61.77 | 58.90 66.90 9.70
65.20 67.72 | 58.90 65.50 11.30
58.70  65.00 | 55.60 63.50 12.90
63.60 69.68 | 57.20 72.30 14.00

+ STRID.
InternVL3-8B 1FPS 6580 52.30
+ STRIDE 1FPS 7580 54.10
Qwen3-VL-8B 1FPS  69.80 59.60

+ STRIDE 1FPS  76.50 64.20 63.10 69.60 59.70 | 59.07

StreamingBench evaluates streaming comprehension through 18 tasks span-
ning real-time visual understanding, omni-source understanding, and contextual
understanding including proactive output and sequential question answering. In
addition, we evaluate on subsets of ET-Bench , including Temporal Video
Grounding (TVG), Episodic Memory (EPM), Temporal Action Localization
(TAL), Dense Video Captioning (DVC), and Step Localization and Captioning
(SLC). This setup evaluates activation timing precision by measuring how accu-
rately the model identifies event boundaries. For baselines, we compare against
various offline Video-LLMs, online streaming proactive models @7, and
proprietary models . In addition, we include Baseline-AR, which serves as
the primary counterpart to STRIDE. Baseline-AR follows the same architecture
and training setup as our method but replaces the masked diffusion activation
module with an autoregressive binary prediction head trained with BCE loss,
following the activation formulation described in prior work . This setup
isolates the activation modeling strategy, enabling a direct comparison between
masked denoising and autoregressive binary prediction.

4.2 Qualitative Results on Streaming Video Understanding

Tabs. [I] and [2] present results on OVO-Bench and StreamingBench, respectively.
The proposed STRIDE outperforms the autoregressive baseline (i.e., Baseline-
AR) by introducing the proposed masked denoising process. Furthermore,
across all three downstream models on OVO-Bench, STRIDE achieves
significant gains in Forward Active Responding, which directly evaluates proactive
when-to-speak control. This setting benefits from our span-structured predic-
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Table 2: Evaluation results on StreamingBench . Baseline-AR uses autore-
gressive binary prediction. Offline models follow the original single-turn protocol
with segmented clips, whereas streaming methods process frames sequentially.

of Real-Time Visual Understanding Omni-Source U B [ T i Overall

Method Frames OP CR €S ATP EU TR PR SU ACP CT Avg | ER SCU SD MA Avg [ACU MCU SQA PO Avg. | Avg.

Human

Human 80.47 92.00 93.60 9147 95.65 92.52 88.00 88.75 89.74 91.30 91.46 |88.00 88.24 93.60 90.27 90.26 | 83.80 90.40 95.00 100 93.55 | 9166

Proprictary Models {()ﬂhm )

Gemini 1.5 pro [45) Ps 79.02 8047 8354 79.67 80.00 8474 TT.78 64.23 71.95 48.70 75.69 |46.80 39.60 74.90 80.00 60.22|51.41 40.73 54.80 45.10 48.73| 67.07
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tion, which models response timing over temporal activation region rather than
through independent per-frame decisions. STRIDE also consistently improves
Real-Time Visual Perception, indicating that stable triggering allows the down-
stream Video-LLM to ingest well-scoped visual context at the appropriate moment.
On StreamingBench, this advantage extends broadly across all three evaluation
dimensions: Real-time Visual Understanding, Omni-Source Understanding, and
Contextual Understanding, with the most notable improvements in Proactive
Output (PO) subtask that requires the model to determine response timing
without explicit timing cue. Together, these results suggest that the proposed
framework reliably enhances both the precision of when to respond and the
relevance of responses across diverse streaming conditions.

4.3 Activation Evaluation via Temporal Grounding

Accurate temporal grounding is central to proactive activation. While the previous
benchmarks evaluate the end-to-end behavior of streaming pipelines, they
do not directly measure the quality of the activation model itself. To isolate this
component, we evaluate the activation model independently on ET-Bench ,
which focuses on fine-grained event-level temporal understanding. As shown in
Tab. [3} the gain from replacing binary classification with masked diffusion is
substantial: STRIDE outperforms Baseline-AR by 27.1 on TVG and 8.3 on
average, demonstrating that structured sequence denoising provides considerably
sharper boundary resolution than per-frame supervision. Notably, STRIDE
achieves these results with only 2B parameters, outperforming both streaming
baselines and temporal-localization specialized MLLMs of standard size (7-13B
parameters) on the overall average.
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Table 3: Online activation accuracy on ~ Table 4: Ablation studies on ET-
ET-Bench [36]. The Baseline-AR uses  Bench evaluating (a) masking strat-

autoregressive prediction, while other se-  egy design, (b) sequence duplication,
tups are the same as STRIDE. and (c) selective re-masking.
Trames Params TVGr; EPMp TALps DVCr1 SLOr Avg TVGr1 EPMpy TALpy DVCry SLCr; Avg

Temporal-Localization Specialized MLLMs {a) Masking Strategy

VTimeLLM [19] 00 7B 76 L9 182 124 87 08 Indep. only 85 33 61 88 92 72
VTG-LLM [L..‘ 96 7B 15.9 3.7 144 402 208 19.0 Span only 30.6 6.1 229 254 206 21.1
TimeChat [16] 9 7B 262 39 101 166 56 125 Span + Full 368 70 260 210 213 230
LITA 100 13B 222 46 180 397 210 211 Span + Full 4 Span 62.8 10.7 246 36.5 28.5 32.6
ETChat 1FPS 5B 386 102 308 384 244 285 ) B Bl

f_tmrmng Baselines . w/0 Seq. Duplication 49.6 6.0 236 199 152 229
ngc‘t)LLMfoilllﬂc 2FPS 8B 12.0 w/ Seq. Duplication 62.8 10.7 24.6 36.5 28.5 32.6
Dispider 1FPS 9B (c) Selective Re-masking

StreamBrid _1FPS 8B w/o Re-masking (last-only) 39.5 2.5 191 307 212 226
Baseline-AR 1FPS 2B w/ Re-masking (sclective)  62.8  10.7  24.6 36.5  28.5 32.6
STRIDE 1FPS 2B

25 | M Baseline-AR
N STRIDE
20
o
g 15
g
2 10
5
0
-60 -50 -40 -30 -20 -10 0 0 20 40 60 80 100 0 10 20 30 40 50 60
Time to Event Onset (s) Event Progress (%) Time Since Event End (s)
(a) Pre-Event (b) During Event (c) Post-Event

Fig. 3: Activation transition frequency results around event boundaries on ET-
Bench TVG. Baseline-AR model shows frequent oscillations near boundaries,
whereas STRIDE produces more robust activation spans.

4.4 Ablation Studies on STRIDE Components

Effects of Masking Strategies. Tab. a) evaluates how different masking
strategies affect the learning of span-structured activation sequences. The standard
MDM protocol independent masking performs the worst across all metrics,
indicating that activation prediction cannot be treated as independent point-
wise denoising since it fails to capture the temporal structure of activation
transitions. To better reflect the span-level nature of activation, we adopt three
complementary masking patterns described in Sec. 3.2} boundary-anchored span
masking (Span), full masking (Full), and span unmasking (Span). Span masks
contiguous regions near activation boundaries, Full masks the entire sequence
to simulate the cold-start condition, and Span exposes boundary refinement
patterns encountered during denoising. Combining these strategies significantly
improves performance, suggesting that diverse span corruption patterns help the
model learn coherent activation spans for better boundary prediction.

Effect of Sequence Duplication. Masked diffusion relies on contextual rea-
soning over the activation window, whereas the pretrained backbone used in
STRIDE follows causal attention and therefore only exposes left context during
prediction. This mismatch limits the model’s ability to jointly infer activation
states within the window. To mitigate this, we apply sequence duplication, which
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Table 5: Latency and VRAM usage
of the downstream Video-LLM and
STRIDE activation modules (with AR
variation) during streaming inference.

N
PN
S

ET-Bench score (%,
=
o
S
Activation latency (ms)

Procedure Latency (ms) VRAM

20 o 80 Downstream Video-LLM
g Response Gen. (TTFT) 1276 17.8GB
[ Response Gen. (TTLT) 1511 + 13MB

TR To 2 0 STRIDE

#Number of Denoising Step K Activation Sate (Base) 5.2GB
+ 1 Denoising Step 12 + 10 MB
Fig.4: Trade-off between ET-Bench ;(gfgsﬁgame 20 S0MB
performance (mean F1) and inference Activation Sate (Base) 5.2GB
+ Append Frame 26 + 30 MB

latency for denoising step K.

provides full-window context to the prediction tokens while preserving the causal
backbone. As shown in Tab. (b), removing sequence duplication leads to a
consistent performance drop across all tasks, reducing the average score from 32.6
to 22.9. The degradation is particularly notable in temporally sensitive tasks such
as TVG and DVC, indicating that accurate boundary reasoning benefits from
access to the full activation window. These results demonstrate that sequence du-
plication effectively recovers bidirectional context for diffusion-based refinement,
enabling full-window conditioning through a simple input reparameterization
without modifying the causal architecture.

Effect of Selective Re-masking. In the streaming setting, activation predic-
tions are carried forward as the window advances. If these states are preserved
without revision, early mistakes can propagate and gradually corrupt the acti-
vation sequence. To examine this effect, we compare our selective re-masking
strategy with a simplified variant that masks only the newly appended position
(last-only), leaving previous decisions fixed. As shown in Tab. [ffc), restricting
re-masking to the last position leads to a substantial performance drop, reducing
the average score from 32.6 to 22.6. As only predicting last token falls into au-
toregressive prediction, the resulting performance is also similar to Baseline-AR
in Tab. [3| In contrast, selectively re-masking low-confidence positions allows the
model to revise uncertain decisions as new frames arrive, enabling refinement of
the activation sequence by using the updated context information.

4.5 Behavioral Analysis of STRIDE Properties

Flickering Analysis around Event Boundaries. While ET-Bench quantifies
activation accuracy, it is also limited to capture the temporal stability of activation
decisions. In particular, per-frame activation models may suffer from flickering
behavior due to their inherently isolated predictions, where predictions rapidly
oscillate between active and inactive states (0<>1), resulting in unstable triggering
and poorly resolved transition boundaries. To analyze this phenomenon, we
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measure the frequency of activation transitions relative to event boundaries.
Specifically, we align predictions around ground-truth events and accumulate
transition counts within three regions (Fig. |3): (a) pre-event (-60s to onset), (b)
during-event (normalized by event progress %), and (c) post-event (offset to
+60s), using the TVG task of ET-Bench where each instance corresponds to a
single event.

As in the figure, across all regions, Baseline-AR exhibits substantially higher
transition frequency, indicating unstable activation sequences with frequent on/off
oscillations. This instability becomes particularly striking near event boundaries,
where transition frequency sharply increases, suggesting difficulty in resolving
the precise onset and offset of events. In contrast, STRIDFE produces significantly
smoother activation patterns with far fewer transitions. The reduced flickering
indicates that modeling activation as structured sequence denoising encourages
temporally coherent predictions, allowing the model to maintain consistent
activation spans and more reliably capture event boundaries.

Latency—Accuracy Trade-off for Denoising Steps. We analyze the effect
of the denoising step K on both activation model accuracy and inference latency
as illustrated in Fig. [d] This trade-off is particularly important in the streaming
setting, where the activation model operates online and directly determines
the model’s response latency. Increasing K allows the model to perform more
refinement steps, improving activation accuracy but also increasing inference
time. In practice, we observe that performance saturates quickly: around K = 8
steps already achieves near-maximum mean F1 across ET-Bench subtasks. This
behavior likely stems from the small output space of the activation sequence,
where each position only takes binary states (0 or 1), making the denoising
process relatively easier to converge than large vocabulary space. At K =8, the
inference latency is approximately ~100ms, which is practical enough to support
real-time operation for streaming frame rates of downstream models.

Streaming Efficiency and Memory Footprint. Extending the latency-
accuracy trade-off analysis in Fig. ] we decompose the computational overhead
introduced by the activation model under a streaming setup. The measurement is
conducted on a single H1I00 GPU with a 128-frame context budget. As shown in
Tab. |5, when a subsequent response is required, the 113 ms (new frame and K =8
denoising steps) added by STRIDE incurs only a 7% additional latency compared
to the 1511 ms required by the base model Qwen3VL-8B [4] without the triggering
module. When a trigger is unnecessary, STRIDE saves approximately 91% of the
total processing time (113 ms vs. 1276 ms). Furthermore, compared to the per-
frame decision baseline (Baseline-AR, 26 ms), the extra latency from the diffusion
process (113 ms) is limited to 87 ms. In terms of memory, STRIDE maintains a
lightweight footprint of 5.2 GB. Executing denoising process requires an additional
10 MB, and each new frame introduces 30 MB of incremental memory usage.
These highlight the advantage of the two-stage design: a lightweight activation
model gates the expensive downstream model. Even with the masked diffusion
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module employed in STRIDE, trigger modeling introduces only minimal latency
and memory overhead, maintaining efficient streaming inference.

5 Conclusion

We present STRIDE, a framework for proactive streaming video understanding
that models activation as a structured temporal sequence rather than independent
per-frame decisions. By leveraging a lightweight masked diffusion module to jointly
refine activation signals over a sliding window, STRIDE captures span-level
temporal structure and produces more stable and coherent triggering behavior
in streaming settings. Extensive experiments and analyses show that jointly
modeling activation over a temporal window significantly improves event boundary
localization and reduces unstable triggering, while introducing only minimal
overhead to the overall streaming pipeline.
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