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Abstract

Streaming video understanding (SVU) requires models to answer user queries
over continuously evolving video streams. Unlike offline video QA, SVU must
handle queries whose evidence may lie in the past, appear in the current scene, or
emerge only after future observations. Existing streaming video systems often rely
on compact visual memories or fixed evidence-access schemes, which can lose
fine-grained details and fail to adapt the answering process to the temporal intent of
each query. In this paper, we propose TimeTraveler, a streaming VQA framework
that performs temporal strategy planning with a Time Dictionary. Inspired by the
need to search across different temporal regions of a stream, TimeTraveler stores
each observed moment as a timestamp-indexed structured caption and uses this
dictionary as an explicit source of queryable evidence. Given a query, TimeTraveler
determines whether to recall past evidence, read the present context, or wait
for future observations, and then applies a strategy-specific evidence acquisition
process. Comparative experiments on streaming video QA benchmarks show that
TimeTraveler improves streaming question answering by preserving fine-grained
temporal evidence and selecting the appropriate temporal strategy for each query.
The project page is available at https://geppa.github.io/TimeTraveler.

1 Introduction

The rapid progress of Large Vision-Language Models (LVLMs) has expanded the scope of video
understanding [}, 12, 3,14, 15, 16, [7], shifting the field from task-specific recognition toward open-ended
visual reasoning [8}, 9} |10]], temporal localization [[11}12]], and interactive question answering [[13} [14].
Despite this progress, most video-LLMs [[15 [16] are still designed for an offline assumption: a
holistic video is given in advance, and the model answers after processing the entire input. This
assumption breaks down in streaming scenarios, where visual observations arrive causally, the stream
may be unbounded, and user queries can be issued at arbitrary moments. In such settings, the required
evidence is structurally heterogeneous. The system must not only support rich perception of incoming
visual information, but also preserve past events for later access and remain responsive to events
that can only be confirmed through future observation. These requirements make streaming video
understanding (SVU) particularly challenging.

Recent studies on SVU fall into two main directions. One develops memory-centric mechanisms [17}
18,119] that compress and retain stream observations (e.g., prototypes, memory tokens, hierarchical
summaries, or compressed KV caches) to preserve past information under limited budgets. The
other branch [20 21} 22| 23]] improves online interaction by enabling real-time response scheduling,
proactive activation, or streaming adaptation of offline video MLLMs, allowing the system to respond
at more appropriate moments as the stream unfolds.
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Figure 1: Conceptual comparison between prior memory-based SVU and TimeTraveler. Prior
methods preserve streaming history as agentic memory [19]], pruned tokens [22], or KV-memory
recall [24], but rely on a single evidence-access path and do not ensure that retained evidence remains
query-recoverable. In contrast, TimeTraveler plans whether each query should be grounded in the
past, current scene, or future, and accesses a structured Time Dictionary accordingly.

Specifically, memory-based methods preserve evidence by converting the video stream into historical
memory [[19], caching visual information as KV memory [24} [18]], or selectively storing query-relevant
information via token pruning 23)]. To make unfolding streams tractable, these methods often
encode streamed observations into latent tokens, visual prototypes, or compressed representations for
stable and efficient retention. Although these approaches are effective for streaming memory, such
representations can obscure fine-grained cues including small text, object attributes, spatial relations,
or transient actions, making them difficult to recover at question time, as shown in Fig.[T] Since future
queries are unknown during observation, cues that seem incidental when stored may later become
answer-critical. Thus, beyond retaining a compressed history, SVU requires an explicit, fine-grained,
and queryable memory representation that keeps such details recoverable at question time.

Moreover, preserving recoverable evidence alone does not determine how that evidence should be
accessed for an arbitrary user query. Prior approaches [19] largely overlook when the evidence
for answering a query should be sought, without explicitly modeling the temporal structure of user
queries. We argue that SVU is fundamentally a temporal grounding problem, where each query
implicitly specifies a temporal scope {past, current, future}. Accordingly, current queries rely on
local evidence, past queries require retrieval from accumulated observations, and future queries must
be monitored until the relevant event occurs.

To bridge this gap, in this paper, we propose TimeTraveler, a SVU framework that stores incoming
observations as an explicit, fine-grained, and queryable memory representation, and accesses the
stored evidence according to the temporal scope for the given user query. Specifically, TimeTraveler
is built on two components: (i) Time Dictionary, which stores the stream as lightweight structured
per-frame captions that decompose visual information within each frame into multiple semantic fields.
Each timestamp is associated with explicit textual evidence covering scenes, objects, actions, text,
spatial relations, and contextual details, making the memory both directly queryable and efficient to
maintain in real-time streaming settings, and (ii) Temporal Strategy Planner for deciding whether a
query should be answered from past memory, the current scene, or future observation. The model
then follows the selected temporal strategy: for past queries, it performs memory lookback; for
current queries, it refers to structured perception of the current scene; and for future queries, it carries
out structured observation until the required evidence becomes available, all within a unified SVU
system.



Through experiments on two streaming benchmarks [26, 27], we show that TimeTraveler consistently
outperforms various baselines. More importantly, the results support our central claim that SVU
depends not only on retaining fine-grained history (Table [3)), but also on accessing the right evidence
according to the temporal intent of each query (Table[d)). By combining temporal strategy planning
with a structured Time Dictionary, TimeTraveler improves evidence access across past, current, and
future contexts, enabling more effective question answering in video streams.

Our contributions are summarized as follows:

* We propose TimeTraveler, a streaming video QA framework that stores fine-grained evidence in a
lightweight Time Dictionary and retrieves it through query-aware Temporal Strategy Planning.
Unlike compressed visual memory, our design preserves query-recoverable evidence over long
streaming horizons while supporting efficient updates.

* We formulate SVU as a temporal grounding problem and identify temporal routing as a missing
inductive bias. We introduce Temporal Strategy Planning, a query-aware mechanism that selects
how evidence should be acquired from past, current, or future contexts.

* We validate TimeTraveler across multiple backbones, streaming video benchmarks, and efficiency
metrics, and provide mechanistic analyses showing that temporal strategy planning and the Time
Dictionary improve evidence selection and streaming question answering quality.

2 Related Work

2.1 Large Vision-Language Models

Early LVLMs [28} 129, 130] show that visual instruction tuning can connect pretrained language back-
bones [31} 4] with visual encoders for general-purpose multimodal conversation. Subsequent models
improve this paradigm by scaling model and data, refining visual tokenization, and strengthening
vision-language alignment [2 32 |5, [1]. Video-oriented LVLMs [33| 134} [35, 16} 3] further extend
these capabilities to temporal inputs by treating videos as sequences of images and introducing
video-specific connectors, temporal aggregation modules, or video instruction-tuning pipelines.
Caption-based approaches instead convert clips into text and reason over it with an LLM [36} 37]],
and retrieval over external memory further aids video and visual QA [38, 39, 40]]. Despite strong
progress on video QA and captioning, most of these methods are designed for offline or fixed-context
inference, where the video is fully available before answering or has already been compressed into a
finite context window. This assumption is restrictive for SVU, where frames arrive causally and a
query may require evidence from past history, the current scene, or future observations.

2.2 Streaming Video Understanding

Streaming video understanding studies how multimodal models process continuously arriving visual
evidence before the full video is available. A major line of work addresses the retention problem:
how to maintain useful history from an unbounded stream under bounded computation and memory.
StreamChat builds hierarchical memory for long-stream and multi-round interaction [41]], Flash-
VStream maintains compact memories for real-time long-video response [17]], and StreamMem
reduces streaming memory cost through visual cache compression [18]. Related memory-based or
prototype-based systems summarize incoming observations into compact token memories, learned
prototypes, or recurrent retained states (42, [19], and InfiniPot-V [43]] enforces a length-independent
cap on the visual KV cache through training-free compression during streaming. These methods make
long-horizon processing practical by compressing accumulated context or reducing redundant visual
tokens. In contrast, our framework keeps the retained history as explicit structured caption records:
each sampled frame is decomposed into semantic fields such as actions, people, objects, scene context,
text, and spatial relations, so the memory remains more structured and query-recoverable at question
time rather than being collapsed into a compact visual state.

Another line of work focuses on online interaction and proactive response, asking when a streaming
model should produce an output. VideoLLM-Online and related systems adapt Video-LLMs to
interleaved video-text streams [21]], while Dispider decomposes real-time interaction into perception,
decision, and reaction modules [23]]. StreamBridge converts offline Video-LLMs into proactive
streaming assistants with a memory buffer and lightweight activation module [20]], and QueryStream
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Figure 2: Overview of TimeTraveler. Incoming video frames are encoded into structured captions
and stored in a timestamp-indexed Time Dictionary. Given a query, a Temporal Strategy Planner
acquires evidence following temporal intent: past queries retrieve relevant captions through similarity-
based lookback, current queries access local captions, and future queries continue observation until
evidence appears. Then, the retrieved evidence is used to produce the final answer.

introduces query-aware pruning with relevance-triggered active response scheduling [22]. These
approaches improve response timing and streaming efficiency, but they primarily decide whether or
when the answer model should be activated, rather than explicitly modeling the temporal grounding
decision implied by the user’s query. In contrast, our work makes this intermediate decision explicit:
before assembling evidence, the system first determines whether the query should be grounded in
past memory, the current local context, or future observations, and then applies the corresponding
evidence strategy over structured memory. Unlike tool selection in LLM agents [44, 45]] or query-
aware selection over already observed content [22} 25 146], our planner predicts where in time the
evidence lies, including evidence that has not yet appeared.

3 Proposed Method

Overview. We propose TimeTraveler, a streaming framework for query-conditioned evidence
acquisition, as shown in Fig.[2] Our framework separates what to retain from the stream and how to
access it for each query. Incoming frames are converted into structured caption records and stored
in a causal Time Dictionary, together with sentence embeddings used only as lightweight retrieval
handles. When a query arrives, a Temporal Strategy Planner selects one of three temporal strategies:
past, current, or future. These respectively retrieve prior evidence with recency-aware lookback, read
the query-time caption, or continue observing until a response condition or horizon is reached.

3.1 Time Dictionary for Structured Evidence Retention

The goal of the Time Dictionary is to retain queryable evidence from a causal video stream without
collapsing the history only into a visual prototype or recurrent hidden state. Rather than compressing
observations into latent visual states, we represent the stream as a temporally indexed structured
representation that preserves fine-grained, query-recoverable evidence. Let f; denote the i-th sampled
frame and 7; its timestamp. At each observed moment, sampled at 1 fps in our streaming pipeline, a
frozen captioner ®.,,, processes the frame once following eight fields: scene, objects, people, actions,
text, spatial relations, atmosphere, and details. This produces a bounded-length structured caption
¢i = ®cap(fi), written in a consistent schema of the form:

. bj 1 . t
c; = {Scene : s5eme, Objects : sf ) People : sfcc’pc, Actions : 7,
ey
text . tial t . det
Text : s;° ", Spatial : sjpa et Atmosphere : 55 Details : s° }



Here, Scene summarizes locational and environmental context such as indoor or outdoor setting;
Objects lists salient entities together with attributes such as color, size, and state; People describes
count, appearance, clothing, and expression; Actions captures ongoing events and interactions
among people and objects; Text records any visible signs, labels, subtitles, or logos; Spatial
specifies layout and relative positions of key elements; Atmosphere summarizes lighting, color
tone, time of day, weather, or mood; and Details provides a short coherent paragraph that captures
contextual cues not fully covered by the other fields. The schema encourages the captioner to
explicitly expose fine-grained cues that may later become relevant to an arbitrary query.

For efficient lookback, the system also computes an auxiliary sentence embedding for each caption.
A frozen text encoder ®.,,1, encodes the full caption as one textual sequence and L2-normalizes it to
e;. For each sampled frame ¢, we create a dictionary entry d; = (i, 7;, ¢;, ;), and the Time Dictionary
is then updated causally by appending the new entry, D; = D;_1]|d;, with Dy = ().

Thus, when a query arrives at frame index 4, the system can only access D;_, ensuring that no future
frame is used for past or current answering. The Time Dictionary preserves streamed observations
as explicit timestamped text records, allowing fine-grained evidence to remain available over long
time horizons without being diluted as the stream unfolds. The auxiliary embeddings serve only as
lightweight handles for efficient lookback, not as the primary memory content. For memory-efficient
retrieval, we maintain these embeddings in a finite bin queue covering roughly the most recent
600 seconds of the stream, while the text-based Time Dictionary remains the persistent evidence
store. This horizon bounds index growth on potentially unbounded streams and can be extended at
negligible cost (Appendix [A.4). This timestamp-indexed structure makes the accumulated stream
addressable by different temporal strategies rather than forcing all queries to share a single compact
memory state.

3.2 Query-Conditioned Temporal Strategy Planning

We then formulate temporal strategy selection as a query-conditioned policy over a discrete temporal
action space {past, current, future}. Rather than predicting an answer directly, the policy determines
how evidence should be acquired from the streaming setup. For example, a question such as “What
did the person pick up earlier?” requires retrieving evidence from past memory, whereas “What is the
person doing now?” is answered from the current scene. A future-facing instruction such as “Tell me
when the car stops.” should not be answered immediately, but should instead be monitored until the
requested condition becomes true or the observation horizon is reached. Temporal Strategy Planning
captures these distinctions by assigning each query to the strategy that matches its temporal scope.

Temporal strategy planner. Given a query ¢ issued at timestamp 7, and latest observed frame
index ig4, the planner serializes g together with a short recent-caption context and prompts a frozen
lightweight instruction model to output exactly one temporal strategy 7(q) € {past, current, future}.
The prompt instructs the model to choose future when the query asks the system to wait for a
condition that has not yet occurred, past when the answer requires information outside the recent
context, and current otherwise. The role of the planner is not to answer the question, but to decide
how evidence should be sought before answer generation.

Past strategy: online probabilistic lookback. For past-directed queries, the system performs
online probabilistic lookback over the observed Time Dictionary D; . Rather than selecting a fixed
top-K set, the past strategy first forms a similarity-based candidate pool and then adaptively selects
evidence using a recency-aware softmax distribution.

We first restrict the search to causal entries whose timestamps do not exceed the query time:
Iq={7;|di€'Diq, TiSTq}. 2)

From this causal set, we compute a semantic similarity score u; = cos(¢(q), e;) for each i € Z,
where ¢(q) denotes the normalized query embedding. We keep the top-V entries by u; as a candidate
index set Cy (¢) C Z,. In our implementation, we use N = 32.

For each candidate entry, we form a recency-aware selection logit:
Tq — Ti

b =u; — ——, i €Cn(q), 3)

Tr



where 7, controls how strongly older evidence is penalized. The logits are converted into a probability
distribution with temperature T},;:

pi = exp(gi/Tpast)
' 2 jecn(q) XP L/ Thast) 7

i €Cn(g). 4

We then sort candidate indices in descending order of p;, denoted by (1), (2),...,(|Cn(q)]), and
select the smallest prefix whose cumulative probability mass exceeds a threshold t,,:

k
K*:min{k: Zp(m)ztp}. (5)

m=1

We define the past evidence set as Rpast(¢) = {d(m) | 1 < m < K*}. This cumulative-mass cutoff
makes the number of selected past entries adaptive: concentrated distributions yield a small evidence
set, while diffuse distributions retain more candidates. Importantly, embeddings are used only to
construct the candidate pool and selection distribution; the evidence passed to the answer model is
the stored caption text. This strategy supports non-local lookback when the answer depends on earlier
observations that may no longer be visible.

Current strategy: query-time caption. For current-directed queries, global memory lookback is
unnecessary and can introduce distractors from semantically similar but temporally irrelevant past
events. The current strategy therefore reads the caption record at the query time as Reurrent (¢) =
{d;,}. This provides direct access to the dictionary caption record at the query time and avoids
mixing current evidence with temporally irrelevant past entries.

Future strategy: observe-or-respond gating. For future-directed queries, the system enters a
deferred observation mode. Rather than invoking the answer model immediately, it periodically
checks whether later evidence satisfies the query condition. Let W € Ny, denote the evidence
window size, i.e., the number of most recent dictionary entries passed to the gate. A frozen lightweight
gate model g, prompted with a fixed yes/no instruction, takes the query and the window D;_yw 41
and predicts whether the condition has been satisfied:

bi = 9(¢, Di—w+1:i) € {0, 1}, i> g (6)

The system polls the gate at intervals of A, € N frames after i, and continues polling up to a
maximum observation horizon 7},,,« (in seconds) measured from the query time 7,. The first polling
index whose gate output is positive is selected:

i =min{i > i : 1 =14q (mod Apon), 7o — Tg < Tmax, b = 1}. @)

If no polling index satisfies the condition before the maximum horizon T}y, the system falls back
to the latest available evidence under the observation budget. If no future evidence is available, it
falls back to the caption record at the query time. This strategy enables delayed response without
repeatedly calling the full answer model: the gate is evaluated during observation, and the answer
model is invoked only once after the gate fires or the horizon is reached.

Evidence assembly. Let Rpas0(q), Reurrent (¢), and Reysure (¢) denote the evidence returned by the
three strategies. The final evidence sequence is selected according to the planned temporal strategy:

Rpast (@), 7(q) = past,
R(q) = Rcurrent(q)7 W(q) = current, (8)
7?’future (Q), 7T(q) = future.

The selected entries are serialized with their timestamps and captions, and are then passed to a frozen
long-context answer model LMqa, which generates the final response.

3.3 Streaming Inference

At inference time, the system runs an observe-and-respond loop. The ingest process continuously
applies @,;, and P}, to incoming frames and appends the resulting entries to D. Streaming updates



Table 1: Evaluation results on OVO-Bench. Overall accuracy is calculated as the macro average
across taxonomies. Best results among open-source models are boldfaced and runner-up results are
underlined. Proprietary model results are shown with gray background for reference.

Method #Frames ‘ Real-Time Visual Perception ‘ Backward Tracing ‘ Forward Act. Responding ‘ Overall
| OCR ACR ATR STU FPD OJR Avg. | EPM ASI HLD Avg | REC SSR CRR Avg | Avg
Human
Human - [ 9396 9257 94.83 9270 91.09 94.02 93.20 | 92.59 93.02 91.37 9233 | 9548 89.67 93.56 92.90 | 92.81
Proprietary Models (Offline)

Gemini 1.5 Pro [47 1 fps 8591 6697 79.31 5843 6337 6196 69.32 | 5859 76.35 52.64 62.54 | 3553 7424 61.67 57.15| 63.00
GPT-4o [48 64 69.80 6422 71.55 51.12 7030 59.78 64.46 | 5791 75.68 48.66 60.75 | 27.58 73.21 59.40 53.40 | 59.54
Open-Source Offline Models
LLaVA-Video-7B [33 64 69.13 5872 6883 4944 7426 59.78 63.52 | 5623 5743 7.53 4040 | 34.10 69.95 6042 54.82 | 5291
LLaVA-OV-7B |2 64 66.44 57.80 7328 5337 7129 6196 64.02 | 5421 5541 21.51 4371|2564 67.09 5875 50.50 | 52.74
LLaVA-N-Video-7B [49 64 69.80 59.60 6640 50.60 7230 6140 63.30 | 51.20 6420 9.70 41.70 | 34.10 67.60 60.80 54.20 | 53.10
Qwen2-VL-7B [0 64 60.40 5046 56.03 47.19 6634 5543 5598 | 47.81 3548 56.08 46.46 | 31.66 65.82 48.75 48.74 | 50.39
InternVL-V2-8B [S1 64 67.11 60.55 63.79 46.07 6832 56.52 60.39 | 48.15 5743 2473 4344|2650 59.14 54.14 46.60 | 50.15
LongVU-7B [52 1 fps 5570 49.50 59.50 4830 6830 63.00 57.40 | 43.10 6620 9.10 39.50 | 16.60 69.00 60.00 48.50 | 48.50
Open-Source Online Models
Flash-VStream-7B [17 1 fps 24.16 2936 2845 33.71 2574 2880 2837 |39.06 37.16 591 2738 | 8.02 6725 60.00 4509 | 33.61

VideoLLM-Online-8B |21 2 fps 8.05 2385 12.07 14.04 4554 21.20 20.79 | 2222 18.80 12.18 17.73 - - - - -
VideoLLM-EyeWO [53 1 fps 24.16 2752 31.89 3258 4455 3587 3276 | 39.06 3851 645 28.00 - - - - -
Dispider-7B [23 1 fps 5772 4954 62.07 44.94 6139 51.63 5455 | 4848 5541 430 36.06 | 18.05 37.36 4875 3472 | 41.78
TimeChat-Online-7B [25 1 fps 69.80 48.60 64.70 4490 6830 5540 58.60 | 53.90 6280 9.10 42.00 | 32.50 36.50 40.00 36.40 | 45.60
StreamAgent-7B (24 1 fps 7120 5320 63.60 5390 6730 5870 61.30 | 54.80 58.10 25.80 41.70 | 35.90 4840 52.00 4540 | 49.40
QueryStream-7B [22 1 fps 74.50 4770 70.70 46.60 71.30 57.60 61.40 | 5420 63.50 8.60 42.10 | 33.20 43.10 40.80 39.03 | 47.51
InternVL3.5-8B [3 1fps 7987 65.14 69.83 61.80 7030 6522 68.69 | 33.00 5946 430 32.25| 32.66 60.10 3500 42.59 | 47.84
+ TimeTraveler 1fps 91.95 70.64 7500 61.80 7525 77.17 7530 | 33.67 60.81 9.68 3472 | 22.21 50.24 3875 37.06 | 49.03
Qwen3-VL-8B [16; 1fps 7517 60.55 66.38 53.93 6634 57.07 6324 | 5253 67.57 1022 43.44 | 33.09 65.50 46.67 48.42 | 51.70
+ TimeTraveler 1fps 87.25 7339 76.72 59.55 6832 7446 73.28 | 59.26 69.59 2527 51.37 | 32.23 67.25 4875 49.41 | 58.02

are efficient because each sampled frame produces one bounded caption record and one embedding
append, while future queries require only lightweight periodic gating before a single final answer-
generation step. When a query arrives, the dispatch process prompts the Temporal Strategy Planner
once. Past and current queries invoke LM immediately using evidence available at 7,. Future
queries create a polling state and evaluate the prompt-based gate only at newly reached polling indices
while the ingest process continues updating the Time Dictionary.

Once the gate fires, or the maximum horizon is reached, the system invokes LMqa exactly once with
the selected future evidence. At QA time, the answer model takes as input the query g, the video
observations available at decision time, and the temporal evidence assembled by our method, R(q),
and produces the final VQA answer, a = LMqa (v, q, ’R(q)), where v denotes the video frames
available when the system answers the query and a is the generated answer.

4 Experiments

4.1 Experimental Setting

Benchmarks and Metrics. We evaluate TimeTraveler on two complementary streaming video
understanding benchmarks: OVO-Bench [27]] and StreamingBench [26]. OVO-Bench measures three
challenging capabilities in online video understanding: real-time visual perception, backward tracing,
and forward active responding. Following the benchmark protocol, we report category-wise accuracies
together with the macro average across the three taxonomies as the overall score. StreamingBench
evaluates streaming comprehension over 18 tasks spanning real-time visual understanding, omni-
source understanding, and contextual understanding.

Implementation Details. TimeTraveler builds on the Qwen3 family [16]: it uses a frozen 8-bit-
quantized Qwen3-VL-2B as both the visual captioner and the planner/gate model, Qwen3-Embedding-
0.6B as the text encoder, and Qwen3-VL-8B as the frozen answer model; we also evaluate with
InternVL3.5-8B [3]]. Incoming frames are sampled at 1 FPS and converted into structured caption
records with eight semantic fields, while one auxiliary embedding per caption is maintained only as a
retrieval handle in a finite cache covering roughly the most recent 600 seconds. For past-directed
queries, we use a candidate pool size of N = 32 and set 7. = 150, Tpast = 0.02, and ¢, = 0.70;
for future-directed queries, we set Apo = 1 frame, Tiyax = 30 s, and W = 1. The answer model
receives the 1-fps frames observed up to the decision time, capped at 512 frames for Qwen3-VL-8B
and 128 frames for InternVL3.5-8B due to context limits; all other settings remain identical across
backbones. All components are used in frozen form and only prompt-based planning is applied at
inference time. Experiments are run on a single NVIDIA RTX PRO 6000 Blackwell GPU.



Table 2: Performance comparison on StreamingBench. Best results among open-source models
are boldfaced and runner-up results are underlined.

Model #Frames ‘ Real-Time Visual Understanding ‘ Omni-Source Understanding ‘ Contextual Understanding ‘O\'emll
| OP CR CS ATP EU TR PR SU ACP CT All | ER SCU SD MA All [ACU MCU SQA PO All |
Human
Human? - 89.47 92.00 93.60 91.47 95.65 92.52 88.00 88.75 89.74 91.30 91.46 88.00 88.24 93.60 90.27 90.26 88.80 90.40 95.00 100.00 93.55‘ 91.66
Proprietary MLLMs
Gemini 1.5 pro [47 1fps  79.02 80.47 83.54 79.67 80.00 84.74 77.78 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
GPT-4o [48 64 77.11 80.47 83.91 76.47 70.19 83.80 66.67 62.19 69.12 49.22 73.28 41.20 37.20 43.60 56.00 44.50 41.20 38.40 32.80 56.86 38.70| 60.15
Claude 3.5 Sonnet [54; 20 80.49 77.34 82.02 81.73 72.33 75.39 61.11 61.79 69.32 43.09 72.44 31.60 34.00 32.80 48.80 36.80 38.40 34.80 34.40 64.71 37.70| 57.68
Open-Source Offline Video MLLMs
LLaVA-OV-7B |2 32 80.38 74.22 76.03 80.72 72.67 71.65 67.59 65.45 65.72 45.08 71.12|40.80 37.20 33.60 44.80 38.40|35.60 36.00 27.27 29.55 32.74| 56.36
Qwen2-VL-7B [0 0.2-1fps™|75.20 82.81 73.19 77.45 68.32 71.03 7222 61.19 61.47 46.11 69.04|41.20 22.00 32.80 43.60 34.90|31.20 26.00 39.60 22.73 31.66| 54.14
MiniCPM-V 2.6-8B |55 32 71.93 71.09 77.92 75.82 64.60 65.73 70.37 56.10 62.32 53.37 67.44|40.80 24.00 34.00 41.20 35.00 |34.00 31.60 41.92 22.22 34.97| 53.85
InternVL-V2-8B |31 16 68.12 60.94 69.40 77.12 67.70 62.93 59.26 53.25 54.96 56.48 63.72|37.60 26.40 37.20 42.00 35.80|32.00 31.20 32.32 40.91 32.42| 51.40
Kangaroo-7B (56! 64 71.12 84.38 70.66 73.20 67.08 61.68 56.48 55.69 62.04 38.86 64.60 [37.60 31.20 28.80 39.20 34.20|32.80 26.40 33.84 16.00 30.06| 51.10
LongVA-7B |57 128 70.03 63.28 61.20 70.92 62.73 59.50 61.11 53.66 54.67 34.72 59.96|39.60 32.40 28.00 41.60 35.40|32.80 29.60 30.30 1591 29.95| 48.66
VILA-1.5-8B [58 14 53.68 49.22 70.98 56.86 53.42 53.89 54.63 48.78 50.14 17.62 52.32(41.60 26.40 28.40 36.00 33.10(26.80 34.00 23.23 17.65 27.35| 43.20
Video-CCAM-14B [39 96 56.40 57.81 65.30 62.75 64.60 51.40 42.59 47.97 49.58 31.61 53.96|33.60 22.00 28.40 34.80 29.70|27.60 24.40 16.67 22.73 22.88| 42.53
Video-LLaMA2-7B (60 32 55.86 55.47 57.41 58.17 52.80 43.61 39.81 42.68 45.61 3523 49.52|30.40 32.40 30.40 36.00 32.40|24.80 26.80 18.67 0.00 21.93| 40.40
Open-Source Online Video MLLMs
Flash-VStream-7B [17 - 25.89 43.57 2491 23.87 27.33 13.08 18.52 25.20 23.87 48.70 23.23|25.91 24.90 25.60 28.40 26.00|24.80 25.20 26.80 1.96 24.12| 24.04
VideoLLM-online-8B [21 21fps  |39.07 40.06 34.49 31.05 4596 32.40 31.48 34.16 42.49 27.89 35.99(31.20 26.51 24.10 32.00 28.45|24.19 29.20 30.80 3.92 26.55| 32.48
Dispider-7B [23 1fps |74.92 75.53 74.10 73.08 74.44 59.92 76.14 62.91 62.16 45.80 67.63 35.46 25.26 38.57 43.34 35.66|39.62 27.65 34.80 25.34 33.61| 53.12
TimeChat-Online-7B |25 1fps |80.22 82.03 79.50 83.33 76.10 78.50 78.70 64.63 69.60 57.98 75.36| - - - - - - - - - - -
QueryStream-7B 22 1fps |82.38 84.38 79.18 82.37 77.99 81.31 78.70 65.04 69.32 47.34 7532| - - - - - - - - - - -
InternVL3.5-8B [3 Ifps  |78.86 82.81 85.17 81.41 77.99 79.75 83.33 70.73 76.99 55.32 77.60|40.40 30.80 42.80 53.60 41.90|42.40 36.40 48.40 40.00 41.80| 61.71
+ TimeTraveler 1fps 82.11 82.81 89.27 84.62 83.65 87.54 87.04 73.17 77.56 53.72 80.72 48.40 34.40 48.00 51.20 45.50 47.60 44.80 46.80 53.23 48.10| 65.64
Qwen3-VL-8B |16 Ifps  |75.10 76.60 80.10 81.10 77.40 71.70 77.80 61.40 69.30 55.90 72.80 [41.20 32.00 46.80 55.20 43.80(40.00 31.60 34.40 5240 36.75| 59.33
+ TimeTraveler 1fps 81.84 79.69 87.70 85.58 76.73 90.97 87.96 69.11 75.28 59.04 80.16 43.20 26.40 44.00 49.20 40.70 44.40 41.60 48.00 62.90 49.20| 64.51

Table 3: Comparison of memory representations under an equal token budget on OVO-Bench.
#Tokens denotes the average number of memory tokens injected into the answer model at inference
time. Qwen3-VL-8B is used as the backbone.

Memory Type #Tokens Real-Time Acc. Backward Acc. Forward Acc. Overall Acc.
No Memory - 63.24 43.44 48.42 51.70
Visual Prototype Memory 203.11 66.19 44.16 51.36 53.90
Flat Text Memory 236.60 70.98 48.57 47.83 55.79
Structured Dictionary (Ours)  245.23 73.28 51.37 49.41 58.02

4.2 Comparison with State-of-the-art Methods

Tables [1| and |2] present results on OVO-Bench and StreamingBench, respectively. TimeTraveler
achieves the best overall performance among open-source models on both benchmarks, consistently
improving both Qwen3-VL (51.70—58.02 on OVO-Bench; 59.33—64.51 on StreamingBench)
and InternVL3.5 (47.84—49.03; 61.71—65.64). The gains align with our two design goals: the
Time Dictionary improves detail-sensitive tasks (e.g., OCR, TR) where fine-grained cues must be
preserved, while temporal strategy planning benefits temporally grounded tasks (e.g., EPM, PO) that
require selecting evidence from the right temporal scope. A per-category analysis is provided in
Appendix [A.6] With the same Qwen2.5-VL-7B backbone, TimeTraveler also exceeds QueryStream
and StreamAgent by 5.01 and 3.12 points overall on OVO-Bench (Appendix [A.5).

4.3 Effect of TimeTraveler

Effect of Structured Time Dictionary. Table [3|compares alternative memory representations under
a similar memory-token budget on queries that require recovering fine-grained past visual details.
We compare three memory designs: visual prototype memory, which clusters accumulated visual
tokens into K representative prototypes via k-means over the streaming sequence (K =2, configured
to match the token budget of our method for fair comparison); flat text memory, which stores a
single unstructured free-form caption per frame; and our structured dictionary, which decomposes
each caption into eight semantic fields. Relative to the no-memory baseline, both visual prototype
memory and flat text memory improve performance, confirming that retaining historical information is
essential for streaming video QA. However, the proposed structured dictionary achieves the strongest
overall result, improving the direct Qwen3-VL baseline from 51.70 to 58.02 and outperforming flat
text memory by 2.23 points overall, with consistent gains in both real-time and backward accuracy.
This suggests that the benefit does not come merely from storing more past content, but from
organizing memory into semantically typed fields that preserve fine-grained details while making
relevant evidence easier to retrieve.

Effect of Temporal Strategy Planning. Table |4| provides direct evidence for temporal strategy
planning. While all memory-based settings outperform the no-memory baseline, our routing achieves



Table 4: Effect of temporal routing on
OVO-Bench Backward Tracing. EPM:
Episodic Memory, ASI: Action Sequence
Identification, HLD: Hallucination Detec-
tion. T Average over five runs.

Table 5: Schema-group ablation for the Time Dictio-
nary. Each row removes one of four schema groups
while keeping all else fixed. Overall is computed only
over the listed subtasks, not over the full benchmark.

Setting OVO-Bench StreamingBench
Setting Backward Tracing OCR OJR Overall TR SU  Overall
EPM HLD ASI  Avg. Baseline [16] 75.17 57.07 6612 7170 6140 67.23
Baseline (no memory) [16] 52.53 1022 67.57 43.44 Full Schema (Ours) ~ 87.25 7446 80.86 90.97 69.11 81.48
All-to-Past Lookback 5791 2581 6757 5043 w/o Background 83.89 69.57 76.73 90.97 69.11 81.48
Random Routing 212 197 24 45.0 w/o Entity-Centric 83.89 7283 7836 9159 67.07 80.95
Our Routing e ey e i wioBxplicitText 8322 7337 7830 8598 6829 7831
- w/o Contextual Sent.  85.23 71.74 7849 8941 67.07 79.72

Table 6: Confusion matrix of the Temporal Table 7: Effect of the number of visual frames

Strategy Planner on StreamingBench. The
150 queries are sampled 50 each from Real-Time,
Contextual, and Proactive Output tasks. Rows:
human-assigned temporal label; columns: plan-

given to the answer model on OVO-Bench.
Qwen3-VL-8B is used as the answer model,
and Time Dict. v denotes the full TimeTraveler
framework.

ner prediction.

Frames Time Dict. RT BW FWD Opverall
Human Current Past Future Recall 512 (baseline) X 63.24 4344 4842 51.70

512 (Ours) v 7328 51.37 4941 58.02
Current (n=70) 47 23 0 67.1 1 v 7778 52.14 4150 57.14
Past (n=30) 6 24 0 80.0 0 v 68.94 5547 34.84  53.08
Future (n=>50) 0 2 48 96.0

Overall agreement: 79.3% (GPT-40 86.7%, GPT-5 85.3%)

the best backward-tracing average (51.37) with top scores on EPM (59.26) and ASI (69.59). Notably,
indiscriminate lookback is not universally beneficial: some backward-tracing questions still depend on
current grounding, and always retrieving past evidence can introduce temporally irrelevant distractors.
Query-conditioned routing preserves the benefit of memory retrieval while avoiding unnecessary
access to irrelevant history, confirming that streaming VQA requires selecting the appropriate temporal
strategy per query, not just retaining past evidence. Here, Random Routing assigns each query to
the past, current, or future strategy uniformly at random instead of using the planner; other routing
variants are reported in Appendix [A.§]

4.4 Diagnostic Analysis of TimeTraveler

Planner Accuracy. On 150 human-labeled StreamingBench queries (Appendix [A.7), the planner
agrees with the human labels on 79.3% of queries (GPT-40: 86.7%, GPT-5: 85.3%), and its future
predictions reach 100% precision and 96% recall (Table[6). Most disagreements (23 of 31) route a
current query to past, which may add irrelevant history, while errors that omit the required evidence
are rare (8 of 150). Replacing the planner’s routes with the human labels improves accuracy on this
subset from 58.7% to 61.3%, indicating a limited downstream impact of routing errors.

Evidence Coverage. We randomly sampled 100 past-routed OVO Backward queries and manually
inspected whether the answer-critical evidence appears in the selected captions, in their source frames,
or elsewhere in the Time Dictionary (details in Appendix[A.7). The selected captions contain the
evidence for 48% of the queries, and the dictionary contains it for 65% in total. For 10%, the evidence
is visible in a selected source frame but missing from its caption, and for 17%, it is stored in the
dictionary but not retrieved. For the remaining 25%, no supporting caption is found; since only the
source frames of the selected captions were inspected, these cases may stem from the 1-fps sampling
or from omissions in captions of non-selected frames.

Multi-moment Retrieval. Past lookback provides the selected captions jointly in temporal order and
often covers multiple moments. For Forward instances routed to past, it retrieves 2.82 captions on
average and up to 19; among the 619 instances with K* > 2, the retrieved captions span a median of
6s and a 90th percentile of 19 s, with 28.3% spanning more than 10s.

Effect of Visual Frames. Reducing the visual input given to the answer model from 512 frames to a
single frame lowers the overall score from 58.02 to 57.14 (Table[7)), mostly on Forward questions



that involve ongoing events (49.41—41.50). Notably, even without any frame, TimeTraveler still
outperforms the 512-frame baseline (53.08 vs. 51.70) and attains the highest Backward accuracy
(55.47), showing that the Time Dictionary by itself serves as an effective memory of the stream.

4.5 Ablation Study on Time Dictionary Schema

Table[3]reports a schema-group ablation that removes one semantic field group at a time while keeping
all other components unchanged. The full schema achieves the best overall performance on both
benchmarks. Removing Explicit Text causes the largest drop on Text-Rich Understanding (TR: 90.97
— 85.98) and Optical Character Recognition (OCR: 87.25 — 83.22), confirming that fine-grained
on-screen cues such as signs, logos, and labels require a dedicated field to remain recoverable at query
time. Removing Entity-Centric Dynamics (Objects + People + Actions + Spatial) degrades OCR
(87.25 — 83.89), Object Recognition (OJR: 74.46 — 69.57), and Spatial Understanding (SU: 69.11
— 67.07), showing that object-level attributes and inter-entity relations likewise benefit from explicit
decomposition. The remaining two groups (Background, Contextual Sentence) also contribute to
overall performance, but their removal patterns are less task-specific; we attribute this to the fact
that the eight schema fields are not fully independent, and the model leverages overlapping cues
across fields to partially compensate for a missing group. Altogether, these results support our design:
structured decomposition into typed fields preserves fine-grained evidence that would otherwise be
lost in a flat or compressed representation.

4.6 Asynchronous Streaming and Query Latency

Streaming-state updates and query answering are executed asynchronously and therefore should not
be collapsed into a single end-to-end latency number. Under a 1 fps input stream, maintaining the
Time Dictionary requires 637.51 ms per second of video, which stays within the real-time budget
and leaves headroom for continuous online operation. Once this state has been prepared, query-time
reasoning introduces only modest overhead over direct visual QA: the total latency is 574.44 ms for
past queries, 557.62 ms for current queries, and 565.11 ms for future queries with one polling step,
compared with 547.22 ms for the visual-only baseline, corresponding to only 10-27 ms of additional
delay depending on the temporal branch. This breakdown reflects the practical advantage of our
design: the heavier video processing cost is amortized during streaming, while user-time inference
operates on compact structured state, allowing responsive query answering without reprocessing the
full visual history for each question. A detailed latency breakdown is provided in Table[§] Scalability
beyond 1 fps and a comparison with InfiniPot-V [43]] are provided in Appendices and[A3]

5 Discussion and Conclusion

Limitation. TimeTraveler relies on caption-based textual evidence as the persistent memory rep-
resentation. While this improves query recoverability and efficiency, it may inherit errors from the
captioner, especially for small objects, ambiguous actions, or OCR under low resolution; answer-
critical details omitted from a caption cannot be recovered from the dictionary (10% of the sampled
queries in Section [d.4). The current planner and future gate are prompt-based frozen models, so
misclassification of temporal scope can lead to suboptimal evidence selection. Further limitations
and future directions are discussed in Appendix

Conclusion. We present TimeTraveler, a streaming video understanding framework built on two
complementary ideas: storing past observations in an explicit and queryable structure, and matching
each query to the appropriate temporal scope. TimeTraveler maintains a lightweight Time Dictionary
that records each observed moment as structured textual evidence, preserving fine-grained cues in a
more recoverable form. On top of this memory, a Temporal Strategy Planner determines whether the
answer should be grounded in past observations, the current scene, or future evidence, enabling query-
specific evidence access. Extensive experiments and analyses on OVO-Bench and StreamingBench
show that this combination improves both detail-sensitive and temporally grounded reasoning, while
maintaining practical efficiency under asynchronous streaming deployment.
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Table 8: Asynchronous latency breakdown of TimeTraveler. The two blocks run independently:
stream processing executes continuously, while query processing is triggered on demand. Stream
latency is normalized to one second of input at 1 fps. For the past path, the QA cost is linearly
interpolated between the measured 1- and 8-caption settings at the average number of retrieved
captions (K*=2.68 over past-routed OVO-Bench queries). Qwen3-VL-8B is used as the backbone.

Query Processing (on-demand)

Path Stage Latency TFLOPs
Baseline QA (Visual-only) 547.22 ms 1.42
Stream Processing (always-on) Scope planning 9.60 ms 1.39
Retrieval 15.62 ms 0.03
Stage Latency TFLOPs Our Past QA (2.68 cap) 54992 ms 828
Video decode 15.72 ms - Total 574.44 ms 9.70
Captioner 605.82 ms 1.53 -
Scope planning 9.60 ms 1.39
Embedder 1597ms  0.20 Our Current QA (1 cap) 548.02ms 381
Total (per 1s) 637.51 ms 1.73 Total 557.62 ms 5.2
Scope planning 9.60 ms 1.39
Our Future Gating (x 1; +7.49 ms/extra) 7.49 ms 5.73
QA (1 cap) 548.02 ms 3.81
Total 565.11 ms 10.93

Table 9: Memory footprint comparison across memory designs on Qwen3-VL-8B [16]. Visual
tokens per frame are measured at 240 for inputs resized to max_pixels = 401408. Visual prototype
uses K =32 slots. Our structured dictionary stores 800-byte UTF-8 caption text and a 1024-dim FP16
embedding per frame. Retrieval embeddings are maintained in a finite queue covering the most recent
600 s, so their cost is capped beyond 10 minutes.

Memory Design Per-frame |  1min 5 min 10 min 30 min 1 hour
Visual Full KV Cache 33.75MB | 1.98GB 9.80GB 19.78GB 59.33GB 118.65GB
Visual Hidden State 1.88MB | 112.5MB 5625MB 1.10GB  3.30GB 6.59 GB
Visual Prototype (K{=32) - 1.6 MB 1.6 MB 1.6 MB 1.6 MB 1.6 MB
Time Dictionary (Ours)
Caption Text 0.78 KB 46 KB 234KB 469 KB 1.4MB 2.8 MB
Retrieval Embedding 2.00KB 120KB 600 KB 1.2MB 1.2MB 1.2MB
Total 2.78 KB 167KB 834KB 1.6 MB 2.6 MB 4.0MB

A Additional Analysis of TimeTraveler

A.1 Memory footprint

Table 9] quantifies the storage cost that underlies our design choice of textual over visual memory. A
central motivation of TimeTraveler is that streaming memory should remain both fine-grained and
lightweight; visual representations can preserve perceptual detail but scale linearly with stream length
at a prohibitive rate, while compressed prototypes(K =32 slots, constructed via k-means clustering
of visual tokens) stay compact but sacrifice queryable detail. Our structured dictionary occupies only
2.78 KB per frame—roughly 690 x less than a visual hidden state and over 12,000 less than a full
KV cache—yet retains semantically typed, directly queryable evidence. Over a one-hour stream
at 1 FPS, the entire dictionary amounts to 4.0 MB, whereas visual KV memory would require over
118 GB. Even the most compact visual baseline, prototype memory with K =32 slots, achieves its
small footprint only by collapsing the stream into a fixed-size state that discards temporal indexing
and fine-grained cues. In contrast, our dictionary scales linearly but remains practically negligible,
keeping every observed moment individually addressable while adding virtually no system-level
memory burden.
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Table 10: Accuracy-throughput trade-off of the captioning stage. Captioning throughput is
measured in frames per second; all other components are identical to our default setting with Qwen3-
VL-8B as the answer model. OVO-Bench reports the three category averages and the overall score;
SB denotes StreamingBench overall.

Captioner Frames/call Throughput RT BW FWD OVO SB

No memory (baseline) - - 63.24 4344 4842 51.70 59.33
Qwen3-VL-2B-FP8 (Ours) 1 1.65 7328 51.37 49.41 58.02 64.51
Qwen3.5-0.8B 1 3.52 7246 5021 5094 57.87 6292
Qwen3-VL-2B-FP8 8 8.97 69.31 4897 5091 56.40 61.55

Table 11: Accuracy—efficiency comparison with InfiniPot-V [43]. Both methods use the same
backbone (Qwen2.5-VL-7B), environment, and evaluation protocol, and InfiniPot-V is run with its
official implementation. Memory budget counts the answer-time tokens provided to the answer model.
fInfiniPot-V reuses its compressed KV states built during streaming, so its answer latency mainly
consists of question processing and answer generation, whereas TimeTraveler prefills its visual and
textual evidence at query time.

Method Visual memory Text Memory Memo.ry Answer  Answer-model OVO-BW SB-RT
memory  budget footprint latency memory
InfiniPot-V 4K compressed KV - 3.83K 220MB  53.75ms' 16.80 GB 45.60 76.76
Current frame K*~25 0.70K 39MB  58.79ms 16.62 GB 57.14 69.96
TimeTraveler Current frame Top-20 ~3.8K 214MB  72.02ms 16.79 GB 56.37 70.88
Uniformly selected frames K*=~2.5 ~3.8K 214MB 91.81ms 16.79 GB 53.39 77.72

A.2 Scalability beyond 1 fps.

We follow the 1-fps setting of prior streaming methods [17, 22} 23| 25]]. Captioning dominates
stream processing (605.82 ms per frame), and the dictionary update leaves about 362 ms of headroom
per second at 1 fps; since state updates run asynchronously, they do not block answer generation.
For higher input rates, two complementary axes extend the operating range on the same eight-
field schema (Table[I0): clip-level dictionary captioning, which writes one structured caption per
clip of consecutive frames and thus reduces the captioning frequency by the clip length, and a
lighter captioner (Qwen3.5-0.8B) under the identical prompt and schema. The 0.8B captioner raises
captioning throughput from 1.65 to 3.52 frames/s while staying within 0.15 points of our default
overall OVO-Bench score, and 8-frame clips sustain 8.97 frames/s while retaining gains of 4.70
(OVO-Bench) and 2.22 (StreamingBench) points over the backbone. The two axes can be combined:
increasing the clip size from 4 to 32 frames raises the sustainable input rate from about 5 to 33 fps,
and the 0.8B captioner with 8-frame clips reaches about 22 fps.

A.3 Comparison with memory-efficient streaming.

We compare with InfiniPot-V [43]], which bounds the visual KV cache, using the same backbone
(Qwen2.5-VL-7B), environment, and protocol (Table[TT). Under a comparable answer-time budget
of about 4K tokens, TimeTraveler improves OVO Backward accuracy over InfiniPot-V by 7.79
points with uniformly selected frames and by 10.77 points when the budget is spent on retrieved
captions, and the one-frame setting reaches 57.14 with only 0.70K tokens and a 39 MB footprint,
suggesting that structured textual evidence is an effective representation for recovering historical
evidence under a constrained budget. On StreamingBench Real-Time, the matched-budget setting
with uniformly selected frames is competitive (77.72 vs. 76.76), whereas the text-heavy settings are
lower (69.96-70.88), reflecting that real-time perception benefits more from visual frames than from
historical text. InfiniPot-V attains lower answer latency because it reuses compressed KV states at
query time, and our captioner/planner and embedder require about 4.66 GB of additional resident
GPU memory during streaming. Since InfiniPot-V bounds the visual KV cache while TimeTraveler
adds lightweight structured text entries and retrieves a small query-relevant subset, the two approaches
manage different parts of streaming memory and are potentially complementary.
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Table 12: Same-backbone comparison on OVO-Bench with Qwen2.5-VL-7B as the answer
model. *Results reported in the original papers, which do not report backbone-only OVO-Bench
scores; the backbone-only and TimeTraveler rows are evaluated in our environment with the captioner,
planner, embedder, and all hyperparameters unchanged.

Method Real-Time Backward Forward Overall
QueryStream-7B™* [22] 61.40 42.10 39.03 47.51
StreamAgent-7B* [24] 61.30 41.70 45.40 49.40
Qwen2.5-VL-7B [1]] 63.46 44.21 39.40 49.02
+ TimeTraveler 71.71 48.96 36.90 52.52

A.4 Retrieval horizon and index scaling.

The 600-s horizon applies only to the retrieval keys (embeddings); caption values are lightweight
(0.78 KB per caption; Table[0) and are kept permanently, so no evidence is discarded. Because keys
accumulate at every frame and the end of a stream is unknown, we bound the key index by a fixed
horizon. Extending the indexed horizon from 600 s to one hour changes the total per-query retrieval
latency from 13.79 to 13.80 ms, while the total storage for a one-hour stream grows from 4.0 MB
(Table P) to about 10.1 MB; query encoding alone takes 13.76 ms, about 99.7% of the one-hour
retrieval latency. Even with a four-hour index of 14,400 frame entries, cosine search takes only
0.083 ms and the complete store occupies about 40.49 MB. In a diagnostic run with a longer indexed
horizon, evidence older than 600 s was selected in only 3 of the 1,473 past-routed queries (0.2%),
so the cap was rarely binding in our setting. All results in this paper use the 600-s horizon; the 30-s
lookahead T;,,,x can likewise be extended when longer future observation is required.

A.5 Same-backbone comparison.

The compared streaming methods use different answer backbones: Dispider-7B builds on Qwen2-7B,
Flash-VStream-7B on Vicuna-7B, and QueryStream-7B and StreamAgent-7B on Qwen2.5-VL-7B.
Table therefore evaluates TimeTraveler with Qwen2.5-VL-7B, the answer backbone of QueryS-
tream and StreamAgent, while keeping the captioner, planner, embedder, and hyperparameters
unchanged. TimeTraveler improves the backbone from 49.02 to 52.52 overall and exceeds QueryS-
tream and StreamAgent by 5.01 and 3.12 points overall and by 10.31 and 10.41 points on Real-Time,
indicating that the gains stem from the framework itself. Forward accuracy is lower with this backbone
(39.40—36.90), in line with the backbone-dependent Forward behavior in Appendix [A.6]

A.6 Per-category analysis.

With Qwen3-VL, the largest gains appear in categories aligned with the intended role of each
module: detail-sensitive categories supported by the structured Text and Objects fields, such as
OCR (+12.08) and OJR (+17.39) on OVO-Bench and TR (+19.27) on StreamingBench (cf. Table[5),
and temporally grounded categories supported by routing and gating, such as EPM (+6.73) and HLD
(+15.05) on OVO-Bench and PO (+10.50) on StreamingBench (cf. Tables @]and[I3). A few categories
decrease. On OVO Forward, REC changes by —0.86 with Qwen3-VL and —10.45 with InternVL3.5,
and SSR by —9.86 with InternVL3.5; since the deferred-observation gate is not used under the OVO
multiple-triggering protocol (Appendix [C.T)), these changes likely reflect how each answer backbone
uses retrieved evidence for counting and step recognition. On StreamingBench Omni-Source, the
audio-dependent MA decreases (55.20—49.20 with Qwen3-VL) because neither the Time Dictionary
nor the answer model receives audio in our visual-only setting, whereas visually inferable categories
such as ER improve with both backbones (41.20—43.20 and 40.40—48.40).

A.7 Details of the planner and evidence-coverage evaluation.

Temporal routing. We sampled 150 StreamingBench queries, 50 each from Real-Time Visual
Understanding, Contextual Understanding, and Proactive Output; Proactive Output was included to
cover future-directed queries, which OVO Forward does not provide under its multiple-triggering
protocol. A human annotator assigned each query to current, past, or future using the question,
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options, ground-truth answer, query-time frame, and the corresponding caption, while remaining
blind to the planner output. GPT-40 [48]] and GPT-5 were used as additional reference judges under
the same routing criteria but without access to the ground-truth answer. To measure the downstream
effect of routing errors, we replaced the planner predictions with the human-assigned routes on this
subset.

Ambiguous and mixed-temporal queries. The planner outputs a single strategy, but the strategies
are not mutually exclusive evidence sources: since the answer model always receives the query-time
visual input v, the past route augments rather than replaces the current evidence, so queries that
need both past and current evidence can be served by routing to past. Most remaining disagreements
arise from such ambiguous past—current cases. Future intent is comparatively explicit in Proactive
Output, which expresses it through trigger instructions; implicit future intent and queries that require
combining past, current, and future evidence are not explicitly modeled by the single-route planner

(Appendix D).

Evidence coverage. We randomly sampled 100 past-routed OVO Backward queries, including both
correctly and incorrectly answered ones. For each query, the annotator inspected the question, options,
ground-truth answer, the selected K* captions, and their source frames, and assigned one of four
outcomes: the evidence is contained in a selected caption (48%); it is visible in a selected source
frame but missing from its caption (10%); it is absent from the selected captions but found elsewhere
in the Time Dictionary (17%)j; or it is not found in any dictionary caption (25%).

A.8 Random routing variants.

Random Routing replaces the Temporal Strategy Planner by assigning each query a temporal strategy
uniformly at random and then applies the evidence acquisition of the selected strategy as usual.

Random Routing. Each query is assigned to the past, current, or future strategy, matching the
action space of the planner; for the future strategy, the gate stops once sufficient evidence is available
to answer the question. Over five runs, it achieves EPM 52.124+1.77, HLD 19.78+0.45, and ASI
63.24+1.13 on OVO-Bench Backward Tracing (mean values in Table [4), compared with 59.26,
25.27, and 69.59 for our routing; averaged over the three tasks, the scores are 45.05+0.63 and 51.37,
respectively.

Random Routing over current and past. Each query is assigned to the current or past strategy only.
When past is selected, the standard lookback is applied; when current is selected, the answer model
receives the structured query-time caption. A single run achieves EPM 57.94, HLD 25.13, and ASI
66.52, and over five runs its task-averaged score is 50.0140.70, compared with 51.37 for our routing
under the same averaging.

Together, these results indicate that the gain of our routing stems from query-conditioned strategy
selection rather than from mixing strategies.

A.9 Effect of gating on proactive output task.

Table [I3]examines the effect of future gating on StreamingBench Proactive Output. In this task, a
question is posed before the answer-relevant event, and the model is evaluated at one second after
the ground-truth moment on whether it correctly decides to answer and, if so, whether the answer is
correct. The baseline makes this decision using only the current visual frames, while our settings
additionally provide the Time Dictionary memory. Without gating, the 8B answer model itself judges
whether to respond, but this actually hurts Qwen3-VL (52.40—45.20), suggesting that the model
struggles to make reliable respond-or-wait decisions when given the full memory context. With
gating, a lightweight 2B model sees only the current-frame caption and the question to make the
respond-or-wait decision, then hands off to the 8B model for answering. This yields substantial gains
on both backbones (Qwen3-VL: +10.50; InternVL3.5: +13.23), confirming that separating the gating
decision from the answering model is more effective.

A.10 Routing-based visual budget allocation.

Table[7|shows that Real-Time questions benefit most from a single current frame, Backward questions
perform best when relying on the dictionary without frames, and Forward questions degrade as frames
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Table 13: Effect of the future gating on StreamingBench Proactive Output.

Backbone Method Acc.
Baseline 52.40
Qwen3-VL-8B  + Time Dictionary w/o gating 45.20
+ Time Dictionary w/ gating (Ours)  62.90
Baseline 40.00
InternVL3.5-8B  + Time Dictionary w/o gating 41.20

+ Time Dictionary w/ gating (Ours) 53.23

Table 14: Routing-based visual budget allocation on OVO-Bench. Qwen3-VL-8B is used as the
answer model, and the number of visual frames it receives is assigned per temporal strategy using the
planner output.

Policy RT BW  FWD Overall
Ours (512 frames for all queries) 73.28 51.37 49.41 58.02
Past—512, Current— 1 78.38 51.51 46.29 58.73
Past—0, Current—1 76.34 5499 38.92 56.75

are removed. Motivated by this pattern, we assign different visual budgets to the past and current
strategies using the planner output. Since the planner does not distinguish whether a past-routed
query originates from a Backward or a Forward question, we evaluate two implementable policies
(Table[T4). Assigning 512 frames to past-routed queries and one frame to current-routed queries
improves the overall score from 58.02 to 58.73, suggesting that the planner already provides a useful
signal for adaptive visual budget allocation, while leaving more sophisticated policies to future work.

A.11 Adaptive selection vs. fixed top- K.

Table [15|compares our online probabilistic lookback with a fixed top- K retrieval variant under the
same routing policy. We set K = 4, which gives the fixed-retrieval baseline a slightly larger budget
than the average number of entries selected by our online probabilistic method (K*=2.68 over
past-routed queries; Table[T6). Replacing the adaptive cumulative-mass selection rule with this fixed
top- K strategy reduces backward accuracy from 51.37 to 49.64. This result shows that the number of
relevant past entries should not be treated as constant across queries: some questions are resolved
by a small amount of concentrated evidence, whereas others require a broader set of supporting
captions. Our probabilistic selection mechanism adapts to this variability, preserving compactness
when confidence is concentrated while expanding the evidence set when the retrieval distribution is
more diffuse.

A.12 Number of retrieved captions per question type.

Table [I6 reports the number of captions K* selected by past lookback for the 1,473 OVO-Bench
query instances routed to past. Across the 12 question types, the mean K™* ranges from 1.43 to 3.21
and the median from 1 to 3. Overall, past retrieval selects 2.68 captions on average, corresponding to
approximately 480 caption tokens under the accounting of Table [3] or about 0.18% of the answer
model’s 256K-token context window. Only 10 of the 1,473 instances (0.68%) have K* > 10,
all in REC and CRR; the largest case (K* = 19) corresponds to about 3.4K caption tokens, or
1.3% of the context window. The trend follows the temporal demands of each category: Real-Time
instances retrieve the fewest captions on average (2.19), Backward instances more (2.61), and Forward
instances the most (2.82), consistent with sequential-step and clue-based questions that need evidence
accumulated across several moments. The retrieved context therefore remains small for all question

types.

A.13 Redundancy among retrieved captions.

Using temporal proximity as a proxy for local redundancy, 28.2% of adjacent selected-caption pairs
lie within 1 s of each other and 49.4% within 2 s. To test whether these nearby captions are redundant,
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Table 15: Effect of adaptive past-evidence selection on OVO Backward Tracing. Since this
comparison isolates the past-lookback module, we report overall backward accuracy only. Results
are obtained by applying our method on top of Qwen3-VL-8B[16]. We compare the proposed online
probabilistic lookback with a fixed top-K variant under the same routing setup. Replacing adaptive
selection with fixed top-K retrieval degrades performance.

Selection Strategy Backward Avg.
Top-K Selection (K = 4) 49.64
Online Probabilistic Selection (Ours) 51.37

Table 16: Number of captions selected by past lookback (K*) across OVO-Bench question types.
Statistics are computed over the 1,473 query instances routed to past.

Real-Time Visual Perception Backward Tracing ~ Forward Active Responding
OCR ACR ATR STU FPD OJR EPM ASI HLD REC SSR CRR
Mean K* 209 227 224 220 143 261 254 280 252 277 321 2.68
Median K* 2 2 2 2 1 2 2 2 2 2 3 2
Max K* 7 6 6 7 2 5 7 10 9 13 10 19

we insert a greedy temporal-deduplication step after causal filtering and before top-N truncation:
candidates are processed in descending retrieval-score order, and a candidate is removed if it lies
within 1 s or 2 s of a higher-scoring retained candidate, with all other components unchanged. On
OVO Backward Tracing, a 1-s window reduces the mean K* by 17% and the text budget by 15%
without degrading accuracy (task-averaged +0.12, instance-averaged unchanged), whereas a 2-s
window reduces them by 29% and 27% but lowers accuracy (task-averaged —0.44, instance-averaged
—0.63). Local overlap is therefore present, but temporally nearby captions are not always redundant.
The degree of redundancy likely depends on video content, such as the presence of shot boundaries
and the balance between static dialog scenes and action.

A.14 Sensitivity to temperature 7},;,:.

Table examines the temperature 7},,s; used in the recency-aware softmax for past-evidence
selection. Since T}, is @ hyperparameter of the past-lookback module, Table (17| reports overall
backward accuracy only. Results are obtained by applying our method on top of Qwen3-VL. The best
backward-tracing accuracy is obtained at T},,; = 0.02, which reaches 51.37. When the temperature
is reduced to 0.01, performance drops to 50.39, suggesting that overly sharp distributions can
over-commit to a very small set of candidates and become brittle to retrieval noise. Increasing the
temperature to 0.05 or 0.10 also hurts performance, indicating that excessively smooth selection
weakens the model’s ability to focus on the most relevant historical evidence. These results support
our choice of a moderately sharp temperature that balances selectivity and robustness. We further
repeat the sweep with InternVL3.5 (Table[20). The Backward average varies by at most 1.21 points
with Qwen3-VL and 1.14 points with InternVL3.5, and every setting improves over the corresponding
no-memory baseline (by at least 6.72 and 2.18 points, respectively). The best value for InternVL3.5
is 0.05, which exceeds the adopted value by 0.85 points, indicating that the adopted setting transfers
across backbones.

A.15 Sensitivity to nucleus threshold ¢,.

Table [[§]studies the nucleus threshold ,,, which controls how much cumulative probability mass is
retained in the adaptive evidence prefix. Since ?,, is a hyperparameter of the past-lookback module,
Table [T§] reports overall backward accuracy only. Results are obtained by applying our method
on top of Qwen3-VL. The strongest result again appears at ¢, = 0.70, yielding 51.37 backward
accuracy. Smaller thresholds such as 0.10 or 0.30 underperform, which suggests that overly aggressive
truncation discards useful complementary context. On the other hand, very large thresholds such as
0.90 or 1.00 also degrade performance, implying that including too many lower-confidence entries
introduces distracting historical evidence. This trend confirms that adaptive selection is most effective
when it retains a compact but sufficiently informative subset of past captions.
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Table 17. Sensitivity to temperature Table 18. Sensitivity to threshold ¢, Table 19. Sensitivity to recency scale

Tpast on OVO Backward Tracing. on OVO Backward Tracing. 7 on OVO Backward Tracing.
Tpast  Backward Avg. tp Backward Avg. Tr Backward Avg.
0.01 50.39 0.10 50.72 No recency bias 49.51
0.02 51.37 0.30 50.50 150 51.37
0.05 50.34 0.50 50.84 300 51.35
0.10 50.16 0.70 51.37 600 51.51
0.90 50.74 1200 50.87
1.00 50.07

Table 20: Sensitivity to T},,s; across answer backbones on OVO-Bench Backward Tracing
(average accuracy). All other settings are fixed. The no-memory baseline is 43.44 for Qwen3-VL-
8B and 32.25 for InternVL3.5-8B.

Answer model 0.01  0.02 (Ours) 0.05 0.10  Range

Qwen3-VL-8B  50.39 51.37 50.34 50.16 1.21
InternVL3.5-8B  34.43 34.72 35.57 34.47 1.14

A.16 Sensitivity to recency scale 7,.

Table [T9]evaluates the recency scale 7,., which determines how strongly older evidence is penalized
during lookback. Since 7, is a hyperparameter of the past-lookback module, Table [19|reports overall
backward accuracy only. Results are obtained by applying our method on top of Qwen3-VL. Moderate
recency scales perform best: 7, between 150 and 600 yields 51.35-51.51 backward accuracy, while
removing recency bias entirely (implemented by dropping the second term in Eq. (3)) leads to a
clear drop to 49.51. This gap shows that semantic similarity alone is insufficient for streaming QA,
because temporally distant but semantically related captions can act as distractors. Performance
declines again at 1200, where the temporal penalty becomes too weak. In particular, the competitive
result at 7. = 600 suggests that retrieval quality remains strong even over roughly 10 minutes of
context. Overall, the results validate recency-aware retrieval as an important ingredient for temporally
grounded evidence acquisition.

A.17 Textual Input Sensitivity

To verify that the Time Dictionary provides substantive evidence rather than merely additional context,
we conduct a noise injection experiment (Fig. [3). We replace a fraction p of the stored captions
with irrelevant captions sampled from unrelated videos and evaluate on OVO-Bench. Performance
degrades steadily as p increases, dropping from 58.02 at p=0 to 50.27 at p=1.0, which falls below the
no-memory baseline (51.70). This shows that the answer model actively relies on the retrieved caption
content to produce correct answers, rather than benefiting from the mere presence of additional
text input. It also validates the quality of our Time Dictionary: the captions generated by the
streaming captioner carry accurate, answer-relevant evidence that meaningfully contributes to question
answering.

A.18 Qualitative Result of Lookback and Dictionary.

Fig. 4|illustrates a representative lookback retrieval case. The user asks which muscle groups are
highlighted during a front raise exercise. The similarity score peaks at a past frame showing a 3D
anatomy diagram with red-highlighted deltoids, and the corresponding Time Dictionary caption
retains the precise on-screen text, object descriptions, and spatial relations needed to answer. This
example demonstrates that our structured captions preserve the fine-grained evidence that compressed
visual representations would likely discard, and that the retrieval mechanism successfully surfaces
the most relevant past observation.
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Figure 3: Textual input sensitivity on OVO-Bench. We replace a fraction p of the Time Dictionary
captions with irrelevant captions sampled from unrelated videos and measure the resulting Overall
accuracy. Dashed lines indicate the baseline (no memory) and our full method (clean captions).

m [t] What muscle groups are highlighted in red on the
left side of the screen during the front raise exercise?

Video Stream

O

Lookback
Similarity Score

o Scene: Indoor, textured background
@ Objects: Two 3D human figures with muscle
anatomy diagrams, holding dumbbells

o People: One figure on the left, one on the right ...

)  Actions: The figures are standing, performing
front raises with dumbbells ...

Text FRONT RAISE (MORE EXTERNALLY...

Spatial: The two figures are side-by-side, each
in a different pose

Atmosphere: Neutral lighting, monochromatic

= color scheme with red highlights on deltiods

[r;‘:] Details: ...highlighting the triceps and chest

= muscles.

- Unseen Future

Retrieved
Dictionary Caption

Figure 4: Qualitative example of lookback retrieval on OVO-Bench. Given a query at time ¢, the
similarity score over past captions (orange curve) peaks at the frame most relevant to the question.
The retrieved Time Dictionary caption preserves fine-grained details such as on-screen text (“FRONT
RAISE”), spatial layout, and highlighted muscle groups, which are essential for answering correctly.
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B Prompts in TimeTraveler

We document the three prompt templates used in our pipeline: the per-frame captioner that populates
the Time Dictionary (§B.I)), the planner that performs temporal routing (§B.2)), and the gating model
that decides cue-trigger emission for proactive-output questions (§B.3).

B.1 Captioner Prompt

Per-frame captions populating the Time Dictionary are produced by a lightweight VLM (8-bit-
quantized Qwen3-VL-2B [16]) using the structured 8-field template below. The prompt enforces
concision, non-redundancy across fields, and a fixed field order so that downstream schema-level
operations (e.g., field-routed retrieval, schema-drop ablation) can address each field deterministically.
Fields with no observable content are filled with the literal string “N/A”.

Analyze the image and provide a structured description using the format below.
Be concise. List key items only, do not repeat information across fields. Focus
on the most salient elements. If a field is not applicable, write ‘N/A’.

Scene: [locational or environmental information, indoor/outdoor]
Objects: [key objects with attributes such as color, size, state]
People: [count, appearance, clothing, expression]

Actions: [what is happening, interactions between people/objects]

Text: [any visible text, signs, labels, subtitles, logos]

Spatial: [layout and relative positions of key elements]

Atmosphere: [lighting, color tone, time of day, weather, mood]

Details: [description sentences that are shown in the image in one coherent
paragraph. Write 2-3 sentences and keep it concise, around 80-120 words.]

Decoding configuration. Greedy decoding with temperature = 0, top-p = 0.8, top-k = —1,
presence penalty = 1.5, repetition penalty = 1.0, and max new tokens = 400.

B.2 Planner Prompt

Each incoming question is routed into one of three temporal regions (past, current, or future)
by a caption-augmented meta-classifier (8-bit-quantized Qwen3-VL-2B, text-only inference). In
addition to the question, the planner receives the current frame caption — the most-recent caption from
the Time Dictionary — so that routing decisions are grounded in present visual context. The decision
selects the retrieval scope used downstream: specific past captions retrieved by query similarity
(past), the most-recent frame caption from the temporal buffer (current), or a wait-and-emit gating
loop (future).

You route streaming video questions into one of three temporal regions based on
what the answer depends on.

® current: the answer is a property of the frame at the moment of asking. It
does not require looking back or aggregating earlier content.

® past: the answer requires information from earlier in the video. This
includes counting things that have occurred, summarizing prior activity,
comparing with an earlier moment, reasoning about causes or sequences, or
referring to a specific earlier event, object, or statement.

® future: the question sets up a trigger -- the system must wait and emit a
response only when a specified later condition occurs. Typical cues: ‘‘when X
happens, output Y’, instructions to monitor and respond.

Present-tense phrasing alone does not imply current. If the correct answer needs
evidence from before this moment, it is past.

Current frame caption: ‘“{caption}”
Question: ‘“{question}”’

Reply with exactly one word: current, past, or future.

24



Decoding configuration. Greedy decoding (temperature = 0, do_sample = False), max new tokens
= 8. The single-word output is parsed case-insensitively; malformed outputs default to current.

Caption substitution. The {caption} placeholder is filled with the 8-field structured caption (§B. 1))
of the frame nearest to the question’s time stamp.

B.3 Gating Prompt

For proactive-output questions (the question sets up a future trigger of the form “when X happens,
output Y), a binary gating prompt is issued at each streaming step to decide whether the cue condition
has been satisfied at the current moment. When the gate emits “yes”, a follow-up cue-response call is
issued on the same clip to extract the actual cue answer; the (time, answer) tuple is then scored by
the evaluator against the ground-truth event time and the specified output string.

Source of {specified_output}. The placeholder {specified_output} holds the response text
Y that the user instruction itself asks the system to emit (..., output Y’). Following the official
StreamingBench protocol [26], this text is parsed from the Proactive Output instruction and is part of
the standard evaluation input, equally available to all evaluated methods. The ground-truth trigger
timestamp is used only by the evaluator. At each step, the gate decides whether to respond or wait
using only the question, the specified output, and captions obtained causally up to the current time.

You are a gating agent watching a streaming video at time t={t_nowl}s.

At t={t_g}s the user asked: ‘‘{question}”’

The expected output to deliver when the right moment arrives:
‘“{specified_output}’

Captions describing what is visible:

[t={t_now}s] {caption}

Based on the captions, has the moment to deliver the expected output arrived?
Answer with only ‘‘yes’’ or ‘‘no’’:

Decoding configuration. Greedy decoding (temperature = 0, do_sample = False), max new tokens
= 32. The gate output is parsed by case-insensitive substring containment of “yes”. The cue-response
output is scored by case-insensitive substring containment of specified_output.

Caption substitution. The {caption} placeholder is filled with the 8-field structured caption (§B.1)
of the frame at the current polling time t_now (window size W=1).

C Additional Benchmark Explanation

C.1 OVO-Bench.

OVO-Bench [27] evaluates temporal awareness in online video understanding by posing questions
at specific timestamps during a video stream, rather than after the entire video has been observed.
The benchmark comprises 644 videos with 2,814 human-curated question-answer pairs across 12
tasks, organized into three temporal scenarios. Real-Time Visual Perception tests understanding of the
current scene at query time, covering Optical Character Recognition (OCR), Attribute Recognition
(ACR), Action Recognition (ATR), Spatial Understanding (STU), Future Prediction (FPD), and Object
Recognition (OJR). Backward Tracing requires the model to recall past events, with tasks including
Episodic Memory (EPM), Action Sequence Identification (ASI), and Hallucination Detection (HLD).
Forward Active Responding presents questions whose answers depend on events that have not yet
occurred; the model must decide to wait rather than respond prematurely. This scenario includes
Repetition Event Count (REC), Sequential Steps Recognition (SSR), and Clues Reveal Responding
(CRR). Backward Tracing and Real-Time Visual Perception adopt a multiple-choice format with
accuracy as the metric. Forward Active Responding employs a multiple-triggering evaluation pipeline
that densely queries models along the temporal axis, using both accuracy-based and score-based
metrics. The overall score is the macro average across the three scenario-level averages.

Evaluation protocol for Forward Active Responding. OVO-Bench Forward Active Responding
follows the official multiple-triggering protocol [27]]: models are densely queried along the timeline,
each round receives the clip from O's up to that polling time, and rounds are scored independently.
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We follow this protocol identically for all methods, so the deferred-observation gate (Eq. (7)) does
not intervene on OVO Forward, and the planner routes its 172 questions to past (104), current (67),
and future (1). The future gate is instead evaluated on StreamingBench Proactive Output, where the
system itself must decide when to respond.

C.2 StreamingBench.

StreamingBench [26] evaluates streaming comprehension by presenting questions at different tempo-
ral positions within a video, simulating real-time user interaction during playback. The benchmark
contains 900 videos with 4,500 human-curated QA pairs across 18 tasks under three dimensions.
Real-Time Visual Understanding (10 tasks) covers Object Perception (OP), Causal Reasoning (CR),
Clips Summarization (CS), Attribute Perception (ATP), Event Understanding (EU), Text-Rich Under-
standing (TR), Prospective Reasoning (PR), Spatial Understanding (SU), Action Perception (ACP),
and Counting (CT). Omni-Source Understanding (4 tasks) requires integrating audio and visual
signals, including Emotion Recognition (ER), Scene Understanding (SCU), Source Discrimination
(SD), and Multimodal Alignment (MA). Contextual Understanding (4 tasks) evaluates higher-level
reasoning over accumulated context, including Anomaly Context Understanding (ACU), Misleading
Context Understanding (MCU), Sequential Question Answering (SQA), and Proactive Output (PO).
The PO task is notable in that the model must determine the appropriate moment to respond without
an explicit user query; a response is correct only if the output timestamp falls within two seconds of
the ground-truth timestamp. All tasks follow a multiple-choice format with accuracy as the primary
metric.

D Limitations and Broader Impacts

Limitations and future work. The planner outputs a single temporal strategy per query and
therefore does not explicitly model implicit future intent or queries that require combining past,
current, and future evidence; confidence-aware or multi-route planning is a natural extension. The
future gate responds at its first positive decision, so instructions that require accumulating repeated
events over a fixed future interval (e.g., counting events during the next ten seconds) would require
maintaining and updating an accumulated count until the horizon, a setting not covered by current
benchmarks. Our system is visual-only, so audio-dependent tasks remain outside its scope. Broader
validation under noisier real-world streams, multi-turn interactions, and longer future waiting horizons
remains future work. Finally, since structured textual memory is complementary to visual memory
methods such as KV-cache compression [43]], combining the two is another promising direction.

Broader impacts. Our work improves streaming video question answering by preserving and
retrieving temporal evidence from video streams. Potential negative impacts include privacy-sensitive
deployment in surveillance, workplace monitoring, or bystander recording, where persistent textual
memory may expose identities, locations, or sensitive activities. Incorrect captions or temporal
misrouting may also cause false alarms or misleading summaries in safety-critical settings. We
recommend deployment only with user notification, access control, retention limits for the Time
Dictionary, and mechanisms for deleting stored temporal records.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction state the scope of the proposed streaming video
QA framework, including the Time Dictionary and Temporal Strategy Planner. The claims
are supported by experiments on OVO-Bench and StreamingBench.

Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The Limitation paragraph in Section 5 and Appendix [D]discuss limitations
including dependence on caption quality, possible planner/gate errors, and the need for
broader validation under noisy streams, multi-turn interactions, and longer future horizons.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate ‘“Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]
Justification: The paper does not present theoretical results or formal proofs.
Guidelines:

» The answer [N/A] means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper specifies the benchmarks, backbone models, frame sampling rate,
caption schema, retrieval hyperparameters, future-gating settings, prompts, and hardware.
The appendix provides prompt templates and additional hyperparameter analyses.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We included all the details in the appendix, and the code is available at
https://github.com/KHU-AMI/TimeTraveler,

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: Yes, we have baselines and benchmarks explanations in the manuscript.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [N/A]
Justification: Our experiments do not need statistical results.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We include the computational details.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We reviewed CoE.
Guidelines:

e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We add it in appendix: broader impact section.
Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

30


https://neurips.cc/public/EthicsGuidelines

11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: This is not relevant with our work.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [N/A]
Justification: Our work do not include any license assets.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:
Justification: This is not relevant with our work.
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: This is not relevant with our work.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: This is not relevant with our work.

Guidelines:

» The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]
Justification: We only use LLMs for grammar-level inspection.
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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