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Abstract

Streaming video systems must build memory before know-
ing what users will later ask. This temporal separation
makes caption-based compression risky: a caption can
faithfully summarize an event while discarding the fine-
grained visual fact required by a future query. We pro-
pose Caption-Indexed Verification (CIV), a training-free
proposal-verification framework for streaming video under-
standing. CIV treats online captions as semantic indices
into the stream, not as final answer evidence. At query time,
retrieved captions produce an answer proposal and select a
small set of visual or cached verifier states. A frozen Video-
LLM then verifies, corrects, or regenerates the proposal us-
ing the selected evidence, without relying on the retrieved
captions as grounding context. By separating evidence lo-
calization from answer verification, CIV uses captions to
decide where to look and visual evidence to decide what
to believe. This provides an efficient alternative to full vi-
sual replay while avoiding the de-grounding failure mode
of caption-only reasoning.

1. Introduction

Streaming video understanding requires a system to main-
tain memory over an evolving visual stream before the
downstream information need is known [2, 12, 18]. This
setting introduces a fundamental asymmetry between when
memory is written and when evidence is needed. At stream-
ing time, the system must decide what to store, summarize,
or index without access to future queries. At query time,
however, the user may ask about fine-grained visual facts
whose relevance was not apparent when the corresponding
segment was first observed. Such facts include object color,
small background entities, exact counts, visible text, spatial
relations, or the temporal order of actions. Consequently, a
memory representation that is sufficient for describing the
stream may still be insufficient for answering or verifying
a future question. The core challenge is therefore not only

long visual context, but unknown future evidence demand:
the system must preserve a way to recover evidence whose
importance is revealed only after the stream has been pro-
cessed [3, 10].

This challenge distinguishes streaming video under-
standing from standard offline video question answering
[2, 9, 19]. In offline Video-QA, the model receives a fixed
video together with a known question, allowing frame sam-
pling, retrieval, or visual attention to be conditioned directly
on the query [5, 16, 19]. In streaming scenarios, by con-
trast, the visual stream is observed before the question is
available [2, 3, 12]. The system must therefore construct
memory under query uncertainty. This changes the role of
compression: compressing a video segment into a compact
representation is not merely a matter of preserving what is
salient at the moment, but of retaining access to details that
may become salient only under a future query. A streaming
memory can fail even when its summaries are locally accu-
rate, because future questions may target information that
was visually present but not retained in the memory repre-
sentation.

Caption-based memory offers an appealing interface for
long and streaming videos [1, 7, 15]. Captions are compact,
temporally organized, searchable with language queries,
and compatible with existing language-model reasoning
pipelines. These properties make captions a natural mech-
anism for indexing long visual histories. However, caption
memory also introduces a subtle failure mode when the re-
trieved captions are treated as the sole basis for answering.
A caption is a selective textual abstraction of a visual seg-
ment; it preserves some semantic content while omitting
many visual details. If downstream reasoning is performed
only over retrieved caption text, the system cannot distin-
guish between a fact that was absent from the video and a
fact that was present visually but omitted by the captioner.
This limitation is especially problematic in streaming set-
tings, where the omitted detail may become relevant only
after the caption has already been written.

We argue that the limitation of caption memory arises
less from the use of captions themselves than from assign-



ing captions the wrong functional role. Captions should not
be expected to serve as lossless containers for all future-
relevant visual facts. Instead, they are better understood
as semantic indices into the video stream [7]. Under this
view, a caption need not contain the final answer. It only
needs to make the relevant temporal region searchable, so
that the system can later recover visual or cached evidence
associated with that region. Captions can therefore support
two query-time operations: they can identify candidate evi-
dence locations, and they can provide semantic context for
forming a provisional answer. The final decision, however,
should be grounded in evidence that remains connected to
the original video rather than in caption text alone.

This paper develops this separation between proposal
and verification for streaming video understanding. We
propose that caption memory should be used before final
answering, not as final answer evidence. Given a query,
retrieved captions can guide the system toward relevant
temporal segments and produce an answer-level hypothe-
sis. The system should then open a small set of selected
visual or cached evidence associated with those segments
and use a Video-LLM to verify the hypothesis. This de-
sign preserves the advantages of caption-based memory as a
lightweight and language-searchable index, while reducing
reliance on captions as the final grounding substrate. It also
avoids processing the entire accumulated stream at query
time, since verification is performed only over selected evi-
dence.

We instantiate this principle in Caption-Indexed Veri-
fication (CIV), a training-free proposal-verification frame-
work for streaming video understanding. During stream-
ing, CIV stores each temporal segment as a caption-memory
item consisting of a caption, lightweight metadata, and a re-
coverable evidence handle. At query time, CIV retrieves
relevant caption-memory items and uses their textual con-
tent to generate a provisional answer. The same retrieved
items provide candidate handles to visual or cached evi-
dence, from which CIV selects a budgeted subset for ver-
ification. A frozen Video-LLM then receives the query,
the provisional answer, and the resolved evidence, and pro-
duces the final answer by accepting, revising, or regenerat-
ing the proposal. Crucially, the retrieved captions are not
included in the final verification prompt. Thus, CIV uses
captions to determine where evidence is likely to reside,
while final answer generation is grounded in selected visual
or cached evidence.

Our contributions are threefold:

1. We identify unknown future evidence demand as
a central challenge in streaming video understanding:
memory must be constructed before the system knows
which visual details future queries will require.

2. We formulate the caption-as-index principle, in which
captions serve as semantic access points for evidence lo-

calization and proposal generation rather than as final an-
swer evidence.

3. We introduce Caption-Indexed Verification (CIV), a
training-free framework that retrieves caption-indexed
memory, generates provisional answers, and verifies
them using a frozen Video-LLM over selected visual or
cached evidence.

2. Related Work

Streaming video understanding has recently emerged as a
distinct paradigm that challenges the conventional offline
formulation of Video-LLMs. In standard video-language
benchmarks, models are typically evaluated on fixed videos
or pre-selected keyframes with the user query provided up-
front. Streaming systems, by contrast, must continuously
ingest an ongoing visual stream and support asynchronous
interactions regarding evidence that may have occurred far
back in the past. This shift has catalyzed the development
of frameworks that maintain evolving memories of past ob-
servations, schedule compute budgets online, or adapt of-
fline Video-LLMs into online assistants for long-horizon in-
teractions [2, 6, 11, 13, 14, 17]. These pioneering works
establish that streaming video understanding is not merely
long-video understanding scaled up; rather, it demands spe-
cialized memory mechanisms capable of preserving access
to historical visual evidence under incremental observation
and delayed querying.

To avoid the prohibitive computational cost of repeat-
edly processing the entire accumulated stream, a parallel
line of research focuses on improving inference-time effi-
ciency without modifying or retraining the underlying core
Video-LLM. Rather than recalculating full visual tokens at
every step, these approaches optimize the inference inter-
face around a frozen foundation model via memory com-
pression, recurrent state maintenance, or query-aware re-
trieval. For instance, key-value (KV) cache retrieval meth-
ods extract query-relevant past visual states from historical
context, while recurrent streaming methods propagate com-
pact visual descriptors across successive clips to eliminate
redundant processing [3, 4, 13]. The foundational premise
shared by these efficiency-driven methods is that only a
small, query-specific subset of the past visual stream is nec-
essary to address any given user interaction.

Language-based memory provides a highly intuitive and
structured interface for executing this selective retrieval.
Clip-level captions and textual event summaries are inher-
ently compact, chronologically organized, and seamlessly
searchable via text-based queries, making them highly at-
tractive for long-horizon streaming architectures. Conse-
quently, several recent frameworks adopt captions or text
summaries as a lightweight memory footprint to local-
ize past events and facilitate downstream question answer-
ing [4, 17]. Despite their efficiency, however, caption-based



memories suffer from a fundamental bottleneck: text de-
scriptions are inherently lossy abstractions of complex vi-
sual evidence. They routinely discard fine-grained visual
detail, such as precise object attributes, counts, localized
text, or transient spatial-temporal relations, that may appear
trivial during captioning but become critical for future ver-
ification. When retrieved captions are treated as the defini-
tive context for final answering, the system is forced to rea-
son over the artifacts of text generation rather than the raw
visual reality.

3. Method

We introduce Caption-Indexed Verification (CIV), a
training-free framework for streaming video understand-
ing. CIV represents an incoming video stream with a
caption-indexed memory and answers user queries through
a propose—select—verify procedure. During streaming, each
temporal segment is converted into a compact memory item
consisting of a natural-language caption, structured meta-
data, and a recoverable evidence handle. At query time,
captions and metadata are used to retrieve relevant mem-
ory items and generate a provisional answer. The retrieved
items also define candidate evidence locations, from which
CIV selects a budgeted subset and resolves the correspond-
ing handles into model-compatible visual or cached evi-
dence. A frozen Video-LLM then produces the final answer
by verifying the provisional answer against the resolved ev-
idence.

The central separation in CIV is between semantic in-
dexing and final grounding. Captions provide a language-
searchable interface to the stream and support proposal gen-
eration, but they are not used as grounding context in the fi-
nal verification prompt. Instead, final answer generation is
conditioned on the query, the caption-derived proposal, and
the selected visual or cached evidence.

Figure 1 summarizes the full CIV pipeline. We next for-
malize the streaming caption memory, caption-indexed re-
trieval, proposal generation, evidence selection, and final
visual verification stages.

3.1. Streaming Caption Memory

Let a streaming video be observed as an incremental se-
quence of temporal segments:

Vier = {v1,v2,..., 07}, (D

where each segment v; corresponds to a short temporal in-
terval of frames. As each segment arrives, CIV constructs a
memory item

m; = (i, 2i, hi). 2

Here, c; is a natural-language caption describing the salient
semantic content of segment v;. The caption can be gen-
erated from the segment together with localized temporal

context,
¢i = C(vi; pi)s 3)

where C' denotes an off-the-shelf captioning module and p;
denotes optional local context, such as a short running sum-
mary or neighboring segment information. This context is
used only to produce a coherent segment-level description
and is not treated as final evidence for downstream question
answering.

The term z; denotes lightweight structured metadata
associated with the segment. Examples include times-
tamps, detected entities, human actions, OCR cues, scene
attributes, camera/source identifiers, or other backend-
specific annotations. We write the textual representation of
a memory item as

x; = Serialize(c;, 2;), @)

where Serialize(-) converts captions and metadata into a
retrieval-compatible textual form.

The handle h; specifies how evidence associated with
segment v; can later be recovered. The form of h; is
backend-dependent. It may correspond to a timestamp win-
dow, frame indices, source-video metadata, a pointer to
cached visual features, a pointer to visual tokens, or a map-
ping to recoverable KV states. Thus, the caption memory
separates the searchable representation of a segment from
the evidence representation consumed by the verifier. After
observing 7" segments, the accumulated memory is

Mr = {mi}i,. Q)

In My, captions serve as semantic indices for retrieval,
while handles preserve access to the underlying visual or
cached evidence.

3.2. Caption-Indexed Retrieval

Given a user query g, CIV retrieves relevant memory items
from M using the textual representations {z;}7_,. Let ¢,
denote the retrieval query constructed from q. For open-
ended dialogue, ¢, may include the current query and rele-
vant dialogue context. For multiple-choice tasks with can-
didate answers A = {aq,...,ax}, CIV can augment the
retrieval query with the serialized answer set:

qr = Serialize(q, A). (6)

This encourages retrieval of segments that are discrimina-
tive with respect to the candidate answers.

Let S,(gr,m;) be the retrieval score between the re-
trieval query and memory item m;:

ST(QMmi) = Sr(‘]ryl'i)- @)

The scoring function can be instantiated with dense re-
trieval, lexical matching, reranking, or a hybrid retrieval
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Figure 1. Overview of Caption-Indexed Verification (CIV). CIV stores each streaming segment as a memory item m; = (c;, zi, hi),
where ¢; is a searchable caption, z; contains lightweight metadata, and h; points to recoverable visual or cached evidence. Given a query
q, CIV retrieves relevant caption-memory items, generates a provisional answer a, selects a budgeted set of evidence handles, and resolves
them into verifier-compatible evidence Eg, (¢q). The frozen Video-LLM produces the final answer from ¢, a, and Ep, (¢). Retrieved
captions guide proposal generation and evidence selection, but are excluded from the final verification prompt.

pipeline over captions and metadata. CIV retrieves a sub-
set of memory items under a caption-context budget B.:

Z g(l‘l) S BC7

m;ES
®)
where £(z;) denotes the text length of the serialized caption-
metadata representation. In practice, this budgeted retrieval
objective can be approximated by ranking memory items
according to S, and adding items until the context budget is
reached.
The retrieved set R(q) provides two intermediate ob-
jects. First, it defines the caption context used for proposal
generation:

R(q) € arg max
() € argma: >

Sr(qr,m;) 8.t
m; €S

Cr(q) = Order({(4, i, z:) | mi € R(q)}), (9

where Order(-) denotes either temporal ordering or rele-
vance ordering. Second, it defines the candidate evidence
handles:

Hr(q) = {hi | mi € R(q)}- (10)

Thus, the same caption-indexed retrieval step supplies both
the textual context for proposing an answer and the candi-
date visual locations for subsequent verification.

3.3. Proposal Generation

CIV generates a provisional answer from the query and the
retrieved caption context:

= G(q,Cr(q)), (1D

where G denotes a lightweight proposal module. The
module G can be instantiated as an off-the-shelf language
model, a prompting procedure, or the language component

of the target model operating only on text. No additional
visual evidence is opened in this stage.

The proposal input is constructed by serializing the re-
trieved caption context together with the query:

Pg(q) = Promptg (¢, Cr(q)), (12)

and the provisional answer is generated as
a=G(Palq)) 13)

For multiple-choice tasks, G may score each candidate an-
swer and produce

a = argmax s¢(ax | ¢,Cr(q)), (14)
ar €A

where s denotes the proposal score assigned to candidate
ay. For open-ended tasks, G produces a free-form provi-
sional response.

The proposal a is an answer-level hypothesis derived
from caption-indexed context. It summarizes the retrieved
semantic information into a compact candidate response,
but it is not treated as final output. Final grounding is de-
ferred to the verifier, which evaluates the proposal using re-
solved visual or cached evidence.

3.4. Evidence Selection and Resolution

The retrieved memory items may correspond to more evi-
dence than the Video-LLM verifier can process. CIV there-
fore selects a budgeted subset of candidate evidence han-
dles from Hp(q). Let x(h;) denote the verifier-side cost
of resolving handle h;, measured in backend-specific units
such as temporal windows, sampled frames, visual tokens,
feature blocks, or KV segments. CIV selects a subset of



retrieved memory items by optimizing an evidence utility
under budget B,,:

Sg,(q) € argmaxU(q,a,S) s.t.
SCR(q)

> k(i) < By.
mi;ES
5)
The corresponding selected evidence handles are

Hp,(q) = {hi | m; € Sp,(9)}- (16)

The utility function U(q, @, S) specifies which retrieved
segments should be opened for verification. It can incorpo-
rate retrieval relevance, answer-candidate relevance, meta-
data overlap, temporal coverage, and diversity among se-
lected segments. A generic form is

U(qg,a,S) = Z u(q, a,m;) + AA(S), a7

m; €S

where u(q, @, m;) is an item-level relevance score and A(S)
encourages coverage or diversity over time. This formu-
lation is intentionally backend-agnostic: implementations
may approximate the selection objective with top-ranked re-
trieval results, heuristic reranking, temporal non-maximum
suppression, prompt-based scoring, or learned rerankers.

The selected handles are then resolved into verifier-
compatible evidence:

Eg,(q) = Resolve(Hp, (q)). (18)

The resolution function depends on the target Video-LLM
backend. For frame-based models, it may decode the se-
lected temporal windows and sample frames. For feature-
based models, it may load cached visual features or visual
tokens. For cache-based models, it may recover the cor-
responding KV states. The output E, (q) is the evidence
representation that will be supplied to the verifier.

3.5. Visual Verification

The final answer is produced by a frozen Video-LLM ver-
ifier F'. The verifier receives the query, the provisional an-
swer, and the resolved evidence:

a=F(q,a,Ep,(q)). 19)
Equivalently, the verifier prompt is constructed as
Pr(q) = Prompt (q,d7 Ep, (q)) (20)
CIV imposes the following verifier-input constraint:

Cr(q) ¢ Pr(q). (1)

That is, the retrieved caption context is not provided to the
verifier as textual grounding evidence. Captions influence
the final stage only indirectly, through the proposal a and
through the evidence handles selected for resolution.

The verifier evaluates whether the proposal is supported
by the selected evidence. If the evidence supports the pro-
posal, the verifier may preserve it. If the evidence contra-
dicts the proposal or supports only part of it, the verifier
may revise the answer. If the proposal is unsupported, the
verifier may generate a new answer from the resolved evi-
dence. For multiple-choice tasks, the verifier outputs a final
candidate answer:

aeA. (22)

For open-ended tasks, the verifier generates a natural-
language response.

Through this verification step, CIV changes the role of
caption memory from final answer storage to evidence lo-
calization. Caption memory identifies where relevant evi-
dence is likely to reside, while the frozen Video-LLM de-
termines the final answer from the selected visual or cached
evidence.

4. Experiments

4.1. Experimental Setup

Benchmarks and evaluation protocol. We evaluate
Caption-Indexed Verification (CIV) under both offline
and streaming video understanding protocols, so that the
method is tested both as a long-video reasoning system and
as an online memory mechanism. For the offline setting
we adopt two complementary benchmarks. MLV U [19] tar-
gets long-horizon understanding over extended visual con-
texts and therefore directly probes whether caption-indexed
memory can surface the task-relevant evidence that is scat-
tered across a long video. VideoMME [5] contributes a
broader evaluation that spans a wide range of video do-
mains, durations, and question types, and thus measures
whether the same mechanism generalizes beyond a single
long-video regime rather than overfitting to one benchmark.
For the streaming setting we use the Backward Tracing sub-
set of OVO-Bench [9], which evaluates online understand-
ing under a strict temporal constraint: a query issued at
a given playback time may draw only on information ob-
served up to that moment, and no future frames are ac-
cessible. Because CIV is fundamentally a memory-based
method whose central aim is to recover evidence from pre-
viously observed segments, Backward Tracing is the most
faithful probe of our design, since it isolates retrospec-
tive evidence retrieval from the already-observed history.
We therefore report Backward average accuracy and omit
the overall and real-time/forward scores, as those regimes
emphasize forward prediction and instantaneous percep-
tion, which lie outside the scope of memory-based retro-
spective verification. On OVO-Bench, CIV operates on
a 1fps stream and incrementally constructs its caption-
indexed memory online from the observed frames. At query
time it retrieves the relevant caption-memory items, selects



candidate evidence handles, and resolves the corresponding
stream segments for verification, all while respecting the
online constraint that only pre-query observations are avail-
able.

Backbones and inference configurations. All experi-
ments use LLaVA-OneVision [8] as a frozen Video-LLM
backbone, and we apply no task-specific fine-tuning at any
stage; CIV is realized entirely through its memory, retrieval,
and verification procedure on top of this fixed model. Un-
less otherwise noted, we evaluate LLaVA-OneVision-7B
across MLVU, VideoMME, and OVO-Bench Backward
Tracing. Our main results report the full CIV pipeline,
which we denote Dual. Dual first retrieves caption-memory
items to form an initial answer proposal and to select a small
set of candidate verifier states; the selected handles are then
resolved into visual or cached evidence, and the frozen
Video-LLM verifies, corrects, or regenerates the proposal
against this resolved evidence. In this design the retrieved
captions act purely as an index that decides where to look
and what to propose, and they are never passed to the ver-
ifier as final evidence. For the ablation study we addition-
ally consider a Caption configuration that shares exactly
the same caption-indexed memory and retrieval pipeline but
answers directly from the retrieved caption context, without
resolving any visual or cached evidence. Comparing Dual
against Caption thus isolates the contribution of the visual
verification stage from that of semantic retrieval.

4.2. Quantitative Results

Streaming video understanding. Table | reports Back-
ward Tracing results on OVO-Bench alongside previously
published systems. With a frozen LLaVA-OneVision-7B
backbone and a 1 fps streaming input, CIV reaches 57.53%
Backward average accuracy, corresponding to a +9.35-
point improvement over the published LLaVA-OneVision-
7B reference of 48.18%. This is a substantial gain given
that CIV introduces no additional training and changes only
how evidence is stored, retrieved, and verified at inference
time. We emphasize that the comparison is not a controlled
same-backbone evaluation, since the listed systems differ
in both their backbones and their frame policies; the ta-
ble is therefore intended to situate CIV relative to existing
methods rather than to assert a strictly matched comparison.
Within this context, CIV remains competitive with strong
proprietary and open systems and, in particular, exceeds
the memory-based OASIS baseline (57.21%) while relying
only on a frozen backbone. Combined with the offline re-
sults, this demonstrates that the same caption-indexed ver-
ification mechanism transfers from offline long-video rea-
soning to the online streaming regime, where evidence must
be recovered from a causally restricted history.

Table 1. Comparison on OVO-Bench Backward Tracing. We re-
port Backward average accuracy. Published systems are reported
under their original settings. Our CIV result uses a frozen LLaVA-
OneVision-7B backbone with a 1 fps streaming input. The value in
parentheses denotes the improvement over the published LLaVA-
OneVision-7B reference row.

System Frames / Policy =~ Backward Avg.
Gemini 1.5 Pro 1 fps 62.54
GPT-40 64 60.75
Qwen2-VL-72B 64 56.95
LLaVA-Video-7B 64 53.74
Qwen2-VL-7B 64 43.73
Flash-VStream-7B 1 fps 27.38
VideoLLM-online-8B 2 fps 16.24
LLaVA-OneVision-7B 64 48.18
OASIS 0.5 fps 57.21
CIv 1 fps 57.53 (+9.35)

Offline video understanding. Table 2 compares CIV
with a set of recent offline-to-online memory systems on
MLVU and VideoMME, all built on the LLaVA-OneVision-
7B backbone and evaluated with the full Dual pipeline.
Despite operating on a frozen backbone without any task-
specific fine-tuning, CIV attains 68.0% on MLVU and
61.5% on VideoMME. On MLVU this places CIV essen-
tially on par with the strongest reported result (68.5%)
while clearly surpassing the remaining memory systems,
and on VideoMME CIV achieves the best accuracy among
all compared methods, improving over the next best sys-
tem by a clear margin. We note that the competing sys-
tems differ substantially in their frame sampling policies
and memory budgets, so the comparison is not perfectly
controlled; nonetheless, CIV remains competitive or bet-
ter on both benchmarks while keeping its backbone entirely
fixed. Taken together, these results indicate that caption-
indexed verification is effective not only for long-horizon
reasoning, as measured by MLVU, but also across the more
heterogeneous videos and question types in VideoMME,
which supports the generality of the approach rather than
a benchmark specific effect.

4.3. Qualitative Results

Figures 2a and 2b present two representative streaming
cases that illustrate why retrieval alone is insufficient, and
show that the same failure mode recurs across different
kinds of fine-grained facts.

In the first case (Figure 2a), the online caption correctly
localizes the relevant action but describes it only with the
generic phrase “filling it.” Asked what was placed in the
pan, the caption-only baseline cannot recover the missing
detail from the textual memory and selects a plausible but
incorrect option (oil). CIV instead treats the caption as an



Table 2. Comparison on offline video understanding (MLVU and VideoMME) in the offline-to-online setting with a LLaVA-OneVision-7B
backbone. Competing systems are listed under their originally reported settings; “—" denotes a result not reported. Best result per column

is in bold, second best is underlined.

System FPS Frames (budget) Memory MLVU  VideoMME
ReKV 0.5 64 (12k) Local 15,000 68.5 -
Infinipot-V 768 KV (6k) 6,000 - -
StreamKV 0.5/0.2 KV (6k) 6,000 66.9 59.4
StreamingTOM  0.5/0.2 240 (12k) Local 4,800 (exc. 19,200) 67.9 59.9
MuKV 0.5 64 (6k) - 67.8 61.2
HERMES 1 KV (6k) 6,000 - 58.4
CIV (Ours) 1 KV (6k) 6,000 68.0 61.5

index: it opens the corresponding frame at 4:35 and reads
directly from the resolved visual evidence that the pan is
being filled with water. The second case (Figure 2b) ex-
hibits the same pattern for object identity. The caption
refers to the dropped item only as “sliced vegetables,” so
the caption-only baseline guesses an incorrect vegetable
(onion), whereas CIV opens the frame at 3:55 and grounds
its answer in the visual evidence, which reveals that the ob-
ject is in fact eggplant.

Both examples crystallize the central motivation behind
CIV. Captions reliably indicate where the relevant evidence
resides, whereas pinning down what the answer actually is
typically demands direct visual grounding. The two cases
further show that the lost detail is not tied to a single at-
tribute type: it may be the substance being poured or the
identity of a manipulated object. By decoupling seman-
tic retrieval from evidence verification, CIV recovers pre-
cisely the details that caption memory omits or underspec-
ifies, turning otherwise unanswerable captions into correct,
visually grounded predictions.

4.4. Ablation Study

We isolate the contribution of the visual verification stage
by comparing the Caption and Dual configurations under
an identical caption-indexed memory and retrieval pipeline;
the two differ only in whether the retrieved captions are re-
solved into visual or cached evidence before the final an-
swer is produced. As reported in Table 3, on OVO-Bench
Backward Tracing the Dual pipeline improves Backward
average accuracy from 50.48% to 57.53% with the frozen
LLaVA-OneVision-7B backbone, an absolute gain of +7.05
points. This gap is informative. The Caption configuration
already benefits from the same semantic localization and
proposal information, yet answering directly from the re-
trieved caption text is fundamentally limited by the lossy
nature of textual summaries, which tend to preserve coarse
scene semantics while discarding the fine-grained visual
attributes that many questions ultimately depend on. By
resolving the selected evidence handles and re-examining

them with the frozen Video-LLM, Dual recovers exactly
these omitted details and corrects proposals that the cap-
tion text alone cannot support. The consistent improvement
therefore corroborates the central design principle of CIV,
namely the separation between semantic retrieval, which
decides where to look, and visual verification, which de-
cides what the final answer is. This behavior is also con-
sistent with the qualitative analysis in Figure ??, where
caption-only answering fails on a fine-grained object iden-
tity that is resolved only once the indexed frame is opened
and verified.

Table 3. Verification ablation on OVO-Bench Backward Tracing.
Caption answers only from retrieved caption memory, whereas
Dual verifies caption-derived proposals with selected visual or
cached evidence. We report Backward average accuracy, and A
denotes the absolute improvement of Dual over Caption in per-
centage points.

Dual A
57.53 +7.05

Backbone
OV-7B

Caption
50.48

5. Conclusion

We presented Caption-Indexed Verification (CIV), a
training-free proposal-verification framework for streaming
video understanding that reassigns the functional role of
caption memory. Instead of treating retrieved captions as
the grounding context for final answering, CIV uses them
as semantic indices that localize candidate evidence within
the stream and seed an initial answer proposal, deferring the
final decision to a frozen Video-LLM that resolves a small,
budgeted set of visual or cached evidence and verifies, re-
vises, or regenerates the proposal against it. By excluding
the retrieved captions from the verification prompt, CIV re-
tains the efficiency of a lightweight, language-searchable
memory while avoiding the de-grounding failure mode that
arises when lossy textual summaries are used as the sole
basis for answering. This separation directly addresses the



e [ CIV (ours)

"What did | put in the pan?"
oi onions meat

Caption-only

reads "filling it" (generic) - oil

CIV (ours)
reads the opened frame - water

Query
"What did I drop in the bowl in the sink?"

eggplant carrot

meat. onion

Caption-only

reads "vegetables" (generic) - onion

reads the opened frame — eggplant

(b) Object identity (eggplant).

Figure 2. Qualitative examples of Caption-Indexed Verification. In both cases the online caption localizes the relevant segment but is too
generic to answer the query, so caption-only answering fails, whereas CIV opens the indexed frame and grounds the final answer in the
resolved visual evidence. (a) The caption describes the action only as “filling it,” so caption-only answering selects an incorrect option (oil),
while CIV opens the frame at 4:35 and reads the answer as water. (b) The caption describes the dropped item only as generic “vegetables,”
so caption-only answering predicts an incorrect object (onion), while CIV opens the frame at 3:55 and identifies it as eggplant. Together
they illustrate the guiding principle that captions say where to look, while the resolved frame says what the answer is.

defining difficulty of streaming memory, namely that a sys-
tem must commit to what it stores before it knows which
visual facts a future query will require.

Our experiments support this design across both offline
and streaming protocols. With a frozen LLaVA-OneVision-
7B backbone, CIV attains 68.0% on MLVU and 61.5% on
VideoMME, and reaches 57.53% Backward average accu-
racy on OVO-Bench Backward Tracing, a +9.35 point im-
provement over the corresponding reference. A verification
ablation isolates the role of visual grounding, showing that
resolving and re-examining selected evidence raises Back-
ward average accuracy from 50.48% to 57.53% relative to
answering directly from caption text. These findings are
consistent with the central premise of CIV, that captions are
well suited to deciding where to look, whereas visual evi-
dence remains necessary for deciding what to believe.

We regard the present study as an initial validation of the

caption-as-index principle rather than a complete character-
ization of the framework. The evaluation relies on a single
backbone family and single-run estimates, and it compares
CIV against a caption-only baseline and against published
systems under their original settings rather than against re-
implemented baselines under a strictly matched protocol;
moreover, although CIV is motivated as an efficient alterna-
tive to full visual replay, its query-time cost has not yet been
quantified. Future work will therefore evaluate CIV against
streaming Video-LLMs, caption-memory methods, visual-
token selection, KV-cache retrieval, and full visual replay
on a common frozen backbone, extend the analysis to ad-
ditional backbones, benchmarks, and repeated runs, report
the evidence budget together with the resulting accuracy-
versus-cost trade-off, and refine the retrieval, proposal, se-
lection, and verification components while attributing resid-
ual errors to caption coverage, retrieval, evidence selection,
or the frozen verifier.
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