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Abstract

Vision–Language Models (VLMs) excel at vi-
sual reasoning but still struggle with integrat-
ing external knowledge. Retrieval-Augmented
Generation (RAG) is a promising solution, but
current methods remain inefficient and often
fail to maintain high answer quality. To address
these challenges, we propose VideoSpeculat-
eRAG, an efficient VLM-based RAG frame-
work built on two key ideas. First, we in-
troduce a speculative decoding pipeline: a
lightweight draft model quickly generates mul-
tiple answer candidates, which are then ver-
ified and refined by a more accurate heavy-
weight model, substantially reducing infer-
ence latency without sacrificing correctness.
Second, we identify a major source of er-
ror—incorrect entity recognition in retrieved
knowledge—and mitigate it with a simple yet
effective similarity-based filtering strategy that
improves entity alignment and boosts overall
answer accuracy. Experiments demonstrate
that VideoSpeculateRAG achieves compara-
ble or higher accuracy than standard RAG ap-
proaches while accelerating inference by ap-
proximately 2× speedup. Our framework high-
lights the potential of combining speculative
decoding with retrieval-augmented reasoning
to enhance efficiency and reliability in complex,
knowledge-intensive multimodal tasks. Our
code is available at https://github.com/
FastVRAG/FastV-RAG.

1 Introduction

Vision–Language Models (VLMs) have advanced
multimodal understanding, enabling machines to
interpret visual inputs and generate contextually
relevant text. Despite impressive progress (Lin
et al., 2023; Zhu et al., 2023; Team, 2025; Hurst
et al., 2024), many real-world scenarios remain
knowledge-intensive and require external informa-
tion beyond the visual input. Retrieval-Augmented
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Generation (RAG Lewis et al., 2020; Luo et al.,
2024) offers a promising solution, yet existing mul-
timodal RAG approaches still incur high compu-
tational costs and struggle to maintain accuracy
when integrating large knowledge sources or long-
context inputs. This motivates the need for a more
efficient and reliable generation framework for mul-
timodal RAG.

To address such knowledge-intensive tasks,
VLMs are increasingly combined with RAG, en-
abling them to retrieve relevant external informa-
tion to support answer generation. In most exist-
ing approaches (Izacard and Grave, 2020; Shus-
ter et al., 2022; Chen et al., 2022), the retrieved
passages are directly concatenated with the orig-
inal multimodal inputs and processed jointly by
the model. While this strategy enhances factual
grounding and broadens the accessible knowledge
scope, it also introduces several critical challenges.
Traditional RAG pipelines often suffer from inef-
ficiency, as inference latency and computational
cost increase sharply with the number and length
of retrieved documents. Moreover, in multimodal
settings, the alignment between retrieved textual
entities and visual entities is frequently imperfect,
leading to mismatched reasoning and degraded ac-
curacy. Overcoming these limitations is essential
for building VLM–RAG systems that are both effi-
cient and reliable, capable of reasoning coherently
over complex visual and textual inputs.

We are motivated by speculative decoding (Cai
et al., 2024; Wang et al., 2024), which is designed
to improve efficiency by generating multiple can-
didate outputs in parallel using a lightweight draft
model and then verifying or refining these candi-
dates with a more accurate heavyweight model.
This separation of drafting and verification main-
tains high output quality while reducing inference
latency compared with standard sequential decod-
ing. Our key idea is to let a lightweight model
handle multimodal retrieval and answer generation,

879

https://github.com/FastVRAG/FastV-RAG
https://github.com/FastVRAG/FastV-RAG


VLM Drafter
e1 r1 a1

CLIP

V Q 1+

V Q 2+

V Q 3+

Each document is independently processed by a small VLM in 
parallel to generate an answer ai, along with the identified video 

entities ei and reasoning statements ri.

① Video to Text Retrival

Compute the reliability score of ai
using a larger VLM.

CLIP

V
② Speculate Generate

e2 r2 a2

e3 r3 a3

𝑆𝑐𝑜𝑟𝑒!
"#$%&'%$%()%$%()

VLM Verifier

a1

a3

e1

e3

Select high-reliability answers 
ai with corresponding ei

𝑆𝑐𝑜𝑟𝑒!
*+,-./0.1

𝑆𝑐𝑜𝑟𝑒2
*+,-./0.1

a1

Select the answer a with the
corresponding entity e most similar to 

video V as the final answer.

argmax

Video

Question: When was the design of the 
plane in the video proposed?

Content: The 
Airbus A350 is a 
long-range, wide-
body twin-engine 
airliner ...

Title: Airbus A350

Content: The Airbus 
A380 is a very large 
wide-body airliner, 
developed ...

Title: Airbus A380

Content: The Shuttle 
Carrier Aircraft 
(SCA) are two 
extensively...

Title:  Shuttle 
Carrier Aircraft

cos(.,.)

cos(.,.)

cos(.,.)

0.32 

0.28 

0.22 

1

2

3

Extract key frames 
from the video.

Title: …

Content: …

Generate embeddings for 
each key frame using CLIP.

Query

Generate embeddings of 
document titles using CLIP.

Select documents with high 
embedding similarity.

Retrieve top documents for each 
key frame, aggregate as 
augmented knowledge.

Compute the similarity 
between ei and video V as 
the alignment score for ai.

​

Title: …

Content: …

Title: …

Content: …

𝑆𝑐𝑜𝑟𝑒3
"#$%&'%$%()%$%()

𝑆𝑐𝑜𝑟𝑒2
"#$%&'%$%()%$%()

Figure 1: Illustration of Video Speculate RAG.

while invoking a stronger model only for calibra-
tion. When applied to VLM–RAG systems such
as KVQA, this speculative decoding paradigm en-
ables the draft stage to rapidly propose answers
from retrieved documents, and the verification
stage to refine and validate them, substantially re-
ducing inference cost while preserving accuracy
and visual grounding.

Moreover, we observe that naïve speculative de-
coding may still produce errors caused by fine-
grained entity confusion, where superficially simi-
lar but incorrect entities in retrieved texts mislead
the model. To address this, we introduce a fine-
grained entity alignment mechanism: the drafter
explicitly extracts entities and reasoning traces dur-
ing answer generation, and the verifier measures
alignment between candidate answers and video
frames via CLIP-based similarity. This two-stage
verification ensures that the final answer is both fac-
tually accurate and visually grounded, effectively
mitigating entity-level errors while retaining the
efficiency advantages of speculative decoding.

Finally, we evaluate VideoSpeculateRAG on two
KVQA benchmarks, VideoSimpleQA (Antol et al.,
2015) and Encyclopedic VQA (Mensink et al.,
2023), considering both answer accuracy and in-
ference latency. Compared with the standard RAG
framework, our approach achieves comparable or
improved accuracy while providing nearly a 2×
speedup, highlighting its effectiveness in enhanc-

ing answer reliability and computational efficiency
for complex multimodal reasoning tasks.

2 Related Work

Knowledge-aware VQA. Knowledge-aware
VQA refers to a class of question-answering tasks
that require external knowledge, with questions
and answers potentially spanning multiple modal-
ities such as text, video, and images. Marino
et al. (2019); Schwenk et al. (2022); Chen et al.
(2023b); Mensink et al. (2023) provide sets of
image-based questions whose answers cannot be
directly inferred from the images themselves but
instead rely on external textual knowledge. Zhan
et al. (2025); Ma et al. (2024) extend beyond
textual knowledge: some of their questions require
retrieving information from external images
to answer. VideoSimpleQA (Cao et al., 2025)
offers a collection of video–text question–answer
pairs designed for evaluating question-answering
systems in video-based contexts.

Speculative Decoding. Speculative decod-
ing (Stern et al., 2018; Chen et al., 2023a;
Leviathan et al., 2023) is an efficient generation
strategy designed to accelerate large language
model (LLM) inference by coupling a lightweight
draft model with a more powerful target model.
In conventional autoregressive decoding, the
target model must generate tokens sequentially,
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which is computationally expensive and leads
to high latency, especially for long sequences.
Speculative decoding mitigates this inefficiency
by allowing the draft model to rapidly produce
multiple candidate tokens in parallel, effectively
“speculating” on what the target model would
generate. These proposed tokens are then passed
to the target model for verification: if the target
model’s predictions match the draft’s proposals,
they are accepted directly, enabling the system
to advance multiple tokens in a single step. If
discrepancies occur, only the mismatched tokens
are regenerated by the target model, ensuring
correctness. This mechanism substantially reduces
the number of costly forward passes through the
large model while maintaining output fidelity,
thereby offering a practical balance between
computational efficiency and generation quality.

Algorithm 1: Video-to-Text Retrieval
with Two-Stage Verification

Input: Video V , Question Q
Output: Final answer a∗

F ← ∅ ; // Initialize keyframe set
for each frame fi in V do

if sim(fi, fi−1) < θ then
F ← F ∪ {fi} ; // Eq.(1)

for each keyframe f ∈ F do
retrieve T ∗ ← Top-K sim(f, t) ;
// Eq.(2,3)

for each ti ∈ T ∗ do
ei ← Drafter(V, ti) ; // Eq.(8)
ri ← Drafter(V,Q, ei, ti) ; // Eq.(9)
ai ← Drafter(V,Q, ei, ri) ; // Eq.(10)

for each tuple (ai, ri) do

Scorereliability
i ← pYes

i

pYes
i + pNo

i

; // Eq.(12)

AH ← {(ai, ei) | Scorereliability
i ≥

maxj Scorereliability
j − δ} ; // Eq.(13)

for each ai ∈ AH do
Scorealignment(ai)←
maxf∈F cos(CLIP(ei),CLIP(f)) ;
// Eq.(14,15)

a∗ ← argmaxai∈AH Scorealignment(ei) ;
// Select final answer

return a∗

3 Methods

In this work, we aim to enhance the efficiency
and reliability of multimodal RAG by integrat-
ing speculative decoding with targeted answer
verification. The core idea is to delegate most
retrieval-conditioned generation to a lightweight
VLM and invoke a stronger VLM only for cal-
ibration when needed. Section 3.1 presents the

proposed VideoSpeculateRAG framework, and Sec-
tion 3.2 introduces an additional alignment en-
hancement to further improve answer accuracy.

3.1 VideoSpeculateRAG

Multimodal Retrieval. Multimodal RAG aims
to enhance video question answering by leveraging
relevant external textual knowledge, enabling the
model to reason over both visual content and sup-
porting text. In this framework, the retrieval stage
identifies and collects external documents that are
semantically relevant to the video content and the
posed question, providing the generation model
with pertinent background knowledge. The subse-
quent generation stage produces the final answer
by conditioning on both the video input and the re-
trieved textual knowledge, integrating multimodal
information to generate accurate and contextually
grounded responses.

To enable video-to-text retrieval, we first extract
keyframes from the video. For each frame in video
V , we compute its similarity with the previous
frame. If the similarity falls below a predefined
threshold, the frame is added to the keyframe set
F , as shown in Eq. (1):

sim(fi, fi−1) < θ, F ← F ∪ {fi}. (1)

Here, histograms are used to represent inter-frame
similarity. For each keyframe f , we retrieve its
top-k most similar texts and aggregate them into a
text set T . Given an image frame and a text, their
similarity is computed using CLIP embeddings and
cosine similarity, as shown in Eq. (2):

sim(f, t) = cos
(
CLIP(f),CLIP(t)

)
. (2)

We select the top-K texts from the set T with the
highest similarity scores, which serve as external
knowledge to enhance the VLM input, as shown in
Eq. (3):

T ∗ = Top-K
t∈T

sim(f, t). (3)

Finally, the retrieved external texts are concate-
nated after the question, and the VLM generates
the answer A based on the video V , the question
Q, and the text set T ∗:

a ∼ VLM(Q,V, T ∗). (4)

An analysis of the retrieval module’s quality
(Recall@k) is provided in Appendix A.2.
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Speculative Generation. Speculative decoding
extends the generation stage of standard multi-
modal RAG by introducing a two-stage verification
process that improves both efficiency and answer
reliability. In this framework, a lightweight model
first rapidly generates draft answers for each re-
trieved document, producing multiple candidate
responses in parallel. These drafts are then evalu-
ated during the verification stage, where a scoring
mechanism determines the most reliable answer to
be selected as the final output.

Unlike standard multimodal RAG, after retriev-
ing the external document set T ∗, we do not con-
catenate all documents into a single input. Instead,
each document ti ∈ T ∗ is appended to a separate
input, and these inputs are processed in parallel by
a lightweight draft VLM to rapidly generate a set
of draft answers:

Adraft = {ai ∼ VLMDrafter(Q,V, ti) | ti ∈ T ∗}.
(5)

Next, a larger verifier VLM evaluates each draft
answer ai ∈ Adraft, computing a corresponding
score:

scorei = {VLMVerifier(Q,V, ai) | ai ∈ Adraft}.
(6)

Finally, the draft with the highest score is selected
as the final answer:

a∗ = argmax({scorei | ai ∈ Adraft}). (7)

By parallelizing draft generation over individual
documents, the framework mitigates the compu-
tational overhead and memory burden induced by
long-context concatenation, thereby enhancing effi-
ciency while preserving answer reliability.

3.2 Fine-grained Entity Alignment

While speculative decoding efficiently generates
multiple draft answers and allows the verifier to
select the most likely one, this process alone may
not fully address errors arising from fine-grained
entity confusion. Specifically, some drafts can ap-
pear plausible yet contain subtle mistakes caused
by retrieved documents referencing entities that are
visually or semantically similar but not identical to
those in the video. To systematically detect such er-
rors during verification, we introduce a fine-grained
entity alignment mechanism.

Error Analysis. Given a video V , suppose that
an erroneous document Terror containing entities

that are superficially similar to but inconsistent with
the actual video content is provided to the VLM.
In this situation, the model can be misled into pro-
ducing incorrect answers. We categorize such error
scenarios into two representative types, assuming
that the actual entity in the video is Eactual and the
erroneous entity in the text is Eerror:
• Cross-Entity Transfer: The VLM successfully

identifies the actual visual entity Eactual within the
video, yet its reasoning is influenced by external
knowledge associated with Eerror. This contamina-
tion leads the model to apply attributes or contex-
tual information from the erroneous entity to the
correct one. As a result, the generated answer often
carries subtle traces of Eerror, giving rise to incon-
sistencies at the entity level. While such answers
may retain a degree of surface-level alignment with
the video, they ultimately reflect a fragile and unre-
liable grounding.
• Entity Substitution: The VLM is fully influ-

enced by the erroneous document, resulting in a
final answer that is grounded entirely on the in-
correct entity Eerror rather than the true visual en-
tity Eactual. The reasoning process is dominated
by the misleading text, producing outputs that are
internally coherent and linguistically fluent, yet de-
tached from the actual content of the video. The
answer may superficially appear plausible, but it
fails to reflect the correct fine-grained entities and
their relationships present in the visual input. As a
consequence, while the response may seem consis-
tent and self-contained, it systematically replaces
the authentic entity information with spurious at-
tributes.

Structured Draft Reasoning. To enable the ver-
ification stage to identify such errors, we design a
multi-hop reasoning procedure in which the draft
VLM explicitly extracts entities from the video and
structures its reasoning trajectory. This structured
information equips the subsequent verification with
the necessary signals to detect misleading drafts.
Given a video V , a question Q, and a retrieved text
ti, the drafter first extracts the salient entity ei from
the video:

ei = VLMDrafter(V, ti). (8)

Conditioned on this entity and the question, the
model incorporates the retrieved text ti as evidence
to form an intermediate reasoning statement ri, ex-
plicitly linking the entity, the question, and the
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Query

Bar-backed partridg

Greater prairie-chicken

The greater prairie-chicken or 
pinnated grouse (Tympanuchus 

cupido), sometimes called a boomer, 
is a large bird in the grouse family. 
This North American species was 

once abundant but has become 
extremely......

Wrong knowledge

Where can the bird in
the video be found?

The video shows two birds that appear to be bar-backed 
partridg. The distribution and habitat information provided in 
the evidence indicate that greater prairie-chicken are found in 
North America, which aligns with the location where the birds 
in the video appear to be.

Error Type 1: 
Cross-Entity 

Transfer

The video shows birds that match the description of the greater 
prairie-chickens, based on their distinctive speckled plumage 
and size ...... The text also mentions that the greater prairie-
chicken is now found in small parcels of managed prairie land 
throughout North America.

The VLM  correctly identifies bar-backed partridg, incorrectly 
applies the knowledge of prairie-chicken to partridg.

The VLM treats the prairie-chicken described in the text as the 
bird shown in the video and directly answers the question based 

on the knowledge of the prairie-chicken.

Error Type 2: 
Entity Substitution

Associated entities 
(not fed into model)

Associated entities 
(not fed into model)

Figure 2: Error Analysis. RED color stands for entities inconsistent with the video content, while GREEN color
refers to entities consistent with the video.

supporting text:

ri = VLMDrafter(V,Q, ei, ti). (9)

Finally, leveraging both the extracted entity and the
reasoning statement, the drafter produces a candi-
date answer ai:

ai = VLMDrafter(V,Q, ei, ri), ADraft ← ADraft∪{ai}.
(10)

Two-Stage Verification. After generating candi-
date answers ai along with the corresponding evi-
dence ei and reasoning statements ri, these drafts
are evaluated through a two-stage verification pro-
cess to select the final answer. In the first stage, the
verifier VLM assesses the reliability of each candi-
date, determining whether the reasoning supports
the answer. A single forward pass computes the
probability that the first generated token is “Yes”:

pYes
i = P (“Yes” | Q,V, ai, ei, ri), (11)

and similarly for “No”. The reliability score is then
calculated as:

Scorereliable
i =

pYes
i

pYes
i + pNo

i

. (12)

Then we select candidate answers AH whose
scores satisfy the following requirement:

Scorereliable
i ≥ max

aj∈ADraft
(Scorereliable

j (aj))−δ, (13)

where δ denotes a tolerance margin from the maxi-
mum reliability score.

Even within AH , the entities described in the
candidate answers may still differ subtly from the

actual video entities. To mitigate this discrepancy,
we compute an entity alignment score for each can-
didate answer ai ∈ AH by measuring the similarity
between its corresponding entity ei and the associ-
ated video frames fi using CLIP:

sim(ei, fj) = cos
(
CLIP(ei),CLIP(fj)

)
. (14)

The maximum similarity over all frames is taken
as the alignment score:

Scorealignment(ai) = max
fi∈F

sim(ei, fi). (15)

The candidate with the highest alignment score is
then selected as the final answer, as illustrated in
Algorithm 1.

4 Experiments

We conduct experiments on video and image
datasets to evaluate the accuracy and inference effi-
ciency of our system on the KVQA task.

4.1 Datasets
VideoSimpleQA. VideoSimpleQA (Cao et al.,
2025) is a video-based KVQA dataset that consists
of videos collected from Wikimedia Commons and
questions extracted from corresponding Wikipedia
entries. For our experiments, we curate a subset of
VideoSimpleQA by selecting videos that are clear
and contain unambiguous entities, along with their
associated questions, to serve as our video KVQA
dataset.
Encyclopedic VQA. Due to the lack of established
benchmarks for video-based KVQA, we addition-
ally adopt an image-based KVQA dataset, Ency-
clopedic VQA (Mensink et al., 2023), hereafter
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Video:
Emperor penguin

Question:
Who first described the animal in the 

video?

Ground Truth Answer:
George Robert Gray

The emperor
penguin (Aptenodytes 
forsteri) is the tallest 
and heaviest of all 
living penguin species 
and …

The African 
penguin (Spheniscus 
demersus), also known 
as Cape 
penguin or South 
African penguin, is a 
species 
of penguin confined to 
southern African water
s. It is the only penguin 
found in the Old World. 
Like all penguins ….

Subject: Emperor penguin
Reasoning: The text explicitly states that "Emperor penguins were described in 1844 by English 
zoologist George Robert Gray," providing the year and the individual who first described the animal.
Answer: Emperor penguins were first described in 1844 by English zoologist George Robert Gray.

Reliable score: 0.9914
Entity score: 0.2658

Subject: Emperor penguins
Reasoning : The passage mentions that George Edwards included an illustration and a description of 
the African penguin in the second volume of his book "A Natural History of Uncommon Birds" in 
1747. It states that Edwards used the English name "The Black-Footed Penguins" and based his 
hand-coloured etching on two preserved specimens that had been brought to London. This indicates 
that George Edwards was the first to describe the African penguin, which is a type of penguin. 
However, the question asks about the first description of the animal in the video, which features 
emperor penguins. Since the passage does not mention emperor penguins, we cannot determine who 
first described them based on the given information. Therefore, the answer is George Edwards for 
the African penguin.
Answer: George Edwards.

Reliable score: 0.0086
Entity score: 0.2731

Draft B (Wrong) Document B (Wrong)

Draft A (Correct) Document A (Correct)

This incorrect answer can be filtered out in the first 
stage of verification by its low reliability score.

Figure 3: An illustrative example of how our method detects Cross-Entity Transfer.

referred to as EncVQA. This dataset is constructed
from images in the iNaturalist 2021 (Van Horn
et al., 2021) and Google Landmarks Dataset V2
collections (Weyand et al., 2020), with questions
derived from corresponding Wikipedia entries.
All datasets used in this work are open-source
and used in accordance with their respective li-
censes: VideoSimpleQA is under CC BY-NC-SA
4.0, Google Landmarks Dataset V2 is under CC
BY 4.0, and iNaturalist 2021 is under CC BY-NC.

4.2 Baselines

No RAG. The video and the question are di-
rectly fed into the VLM, which produces the
answer solely based on its internal knowledge.
This baseline evaluates the inherent capability of
VLMs to answer knowledge-intensive questions
without external documents. We evaluate sev-
eral open-source VLMs, including Qwen2.5-VL-
Instruct 3B, Qwen2.5-VL-Instruct 32B, LLaVA-
NeXT-Video 34B, and InternVL3 38B. More imple-
mentation details can be found in Appendix A.1.

Standard RAG. Retrieved documents are di-
rectly concatenated into the prompt alongside the
visual content and the question, and then passed
into the VLM to produce answers. This baseline
assesses the model’s ability to comprehend the re-
trieved text and align it with the video content. The
same set of open-source VLMs used in the No RAG

baseline are evaluated here.

4.3 Implementation Details
For each dataset, we employ clip-vit-large-patch14-
336 in the retrieval stage to compute the similar-
ity between the text and visual content, retriev-
ing k = 3 documents for each query. We em-
ploy Qwen2.5-VL-Instruct-3B as the Drafter and
Qwen2.5-VL-Instruct-32B as the Verifier, with δ
set to 0.05, which yields the best empirical perfor-
mance in our experiments. All inference experi-
ments were conducted on 2×A100 80GB GPUs,
consuming approximately 100 GPU hours in total.

4.4 Main Results
VideoSpeculateRAG can achieve high accuracy
on KVQA tasks. As shown in Table 1, with-
out external knowledge, VLMs struggle to answer
questions in both VideoSimpleQA and EncVQA:
for instance, Qwen2.5-VL-Instruct-32B achieves
only 57.73% and 22.00% accuracy on the two
datasets, respectively. With external knowledge
augmentation, performance improves substantially.
On VideoSimpleQA and EncVQA, Qwen2.5-VL-
Instruct-32B (RAG) achieves 91.30% and 46.75%
accuracy, corresponding to relative improvements
of 58.15% and 112.50% over the non-RAG set-
ting. Under the speculative paradigm, our method
matches or even surpasses the performance of stan-
dard RAG. Specifically, Qwen2.5-VL-Instruct-32B
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Video:
Cuttlefish

Question:
What is the general size of the 

creature in the video?
Ground Truth Answer:

15 to 25 cm

Subject: Cuttlefish
Reasoning: The video description mentions that cuttlefish generally range in size from 15 to 25 cm 
(6 to 10 in), with the largest species reaching up to 50 cm (20 in) in mantle length. Since the 
cuttlefish in the video appears to be a typical specimen, it is reasonable to conclude that its size falls 
within this range.
Answer: The general size of the cuttlefish in the video is approximately 15 to 25 cm (6 to 10 inches).

Reliable score:  0.9890
Entity score: 0.2854

Draft A (Correct)

Cuttlefish, or cuttles, 
are marine molluscs of 
the family Sepiidae. 
They belong to 
the class Cephalopoda
which also 
includes squid…

Subject: Bigfin Reef Squid
Reasoning : The evidence states that bigfin reef squids are "small to medium-sized squids," 
averaging 3.8 to 33 centimeters in length. This size range indicates that the creature in the video falls 
within this category, being neither tiny nor extremely large, but rather of a moderate size typical for 
this species.
Answer: The creature in the video is a bigfin reef squid, which is small to medium-sized.

Reliable score: 0.9991
Entity score: 0.2620

Draft B (Wrong)

Sepioteuthis lessoniana, 
commonly known as 
the bigfin reef squid, 
tiger squid, glitter squid, 
oval squid, or northern 
calamari, is a species 
complex in the …

Document B (Wrong)

Document A (Correct)

This incorrect answer can be filtered out in the second 
stage of verification by its lower entity alignment score.

Figure 4: An illustrative example of how our method detects Entity Substitution.

(VideoSpeculateRAG) attains 91.12% accuracy on
VideoSimpleQA—comparable to the 91.30% of
standard RAG—and 47.64% accuracy on EncVQA,
outperforming the 46.75% of standard RAG. To
further validate generality, we additionally evalu-
ate with the Qwen-3-VL series as the backbone.
Qwen3-VL-Instruct-4B+32B (VideoSpeculateRAG)
achieves 90.45% on VideoSimpleQA and 48.50%
on EncVQA, consistently matching or exceeding
the corresponding standard RAG results (91.17%
and 46.72%), confirming that our framework gen-
eralizes well across different VLM backbones.

VideoSpeculateRAG can effectively reduce the
inference latency of RAG. Our experiments
show that VLM inference time increases substan-
tially with longer input contexts. After augment-
ing with external documents, Qwen2.5-VL-Instruct-
32B exhibits a latency increase from 19.18s to
47.72s on VideoSimpleQA, and from 20.13s to
40.42s on EncVQA. While, Qwen2.5-VL-Instruct-
3B+32B (VideoSpeculateRAG) significantly alle-
viates this latency growth, achieving 25.74s and
16.61s on the two datasets, corresponding to reduc-
tions of 46.06% and 58.90% compared to Qwen-
32B (RAG), and even outperforming the non-RAG
in terms of speed. This improvement primarily
stems from two factors: (i) the lightweight draft
model processes inputs efficiently, and (ii) split-
ting the retrieved documents mitigates the effect of
input context expansion.

4.5 Ablation Study

In the ablation study, we progressively remove the
reliability score and the entity alignment score. Re-
moving the reliability score causes a sharp accuracy
drop (25.41% on VideoSimpleQA and 4.44% on
EncVQA), with a latency reduction of about 4s,
mainly due to skipping one VLM forward pass.
Removing the alignment score decreases accuracy
by 5.82% and 9.62% on the two datasets, while
reducing latency by about 1s, since CLIP is faster
than the 32B VLM. When both components are
removed, the accuracy of VideoSpeculateRAG col-
lapses to roughly half of the original. These results
confirm that reliability estimation and entity align-
ment are both critical and complementary.

4.6 Further Analysis

Case Studies. We illustrate how our frame-
work addresses the errors analyzed in Section 3.2
through two representative examples. In Figure 3,
the video shows an emperor penguin. Retrieved
documents cover both emperor and African pen-
guins. Draft A and Draft B achieve similar entity
alignment, but Draft B incorporates incorrect ex-
ternal knowledge and thus receives a much lower
reliability score. Leveraging this score, our frame-
work filters out Draft B in the first-stage verifica-
tion and selects Draft A as the final answer. In
Figure 4, the video shows a cuttlefish, but docu-
ments about both cuttlefish and squid are retrieved.
Draft A correctly recognizes the cuttlefish, while
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Methods VideoSimpleQA Latency (s) EncVQA Latency (s) Avg Accuracy Avg Latency (s)

No RAG

Qwen-2.5VL-Instruct-3B 37.62 2.15 14.00 3.30 25.81 2.72
Qwen-2.5VL-Instruct-32B 57.73 19.18 22.00 20.13 39.87 19.65
Qwen-3VL-Instruct-4B 31.02 5.59 18.37 5.27 24.70 5.43
Qwen-3VL-Instruct-32B 48.97 11.01 19.00 13.39 33.99 12.20
LLaVA-NeXT-Video-34B 27.31 29.24 8.50 25.68 17.92 27.46
InternVL-3-38B 40.20 4.06 13.50 5.61 26.85 4.84

Standard RAG

Qwen-2.5VL-Instruct-3B 75.26 4.84 39.00 4.76 57.13 4.80
Qwen-2.5VL-Instruct-32B 91.30 47.72 46.75 40.42 69.03 44.07
Qwen-3VL-Instruct-4B 78.14 10.20 41.33 9.37 59.74 9.79
Qwen-3VL-Instruct-32B 91.17 36.68 46.72 26.48 68.95 31.43
LLaVA-NeXT-Video-34B 76.80 56.54 37.50 51.37 57.15 53.96
InternVL-3-38B 78.86 14.00 43.50 7.75 61.18 10.88

Speculate RAG

Qwen-2.5VL-Instruct-3B+7B 82.60 23.04 41.00 13.03 61.80 19.54
Qwen-2.5VL-Instruct-3B+32B 91.12 25.74 47.64 16.61 69.38 21.18
Qwen-3VL-Instruct-4B+8B 78.75 23.43 46.50 12.96 62.63 18.20
Qwen-3VL-Instruct-4B+32B 90.45 25.91 48.50 14.42 69.48 20.17

Table 1: Main results of vision-language models on knowledge-intensive video QA tasks. The annotation after
each model indicates the model size. Values under each task indicate accuracy (higher is better), while the latency
represents inference time (lower is better). The best results are highlighted in bold, while the second best are
underlined.

Methods VideoSimpleQA Latency EncVQA Latency

Ours 91.12 25.74 47.64 16.61
w/o ett 85.30 24.14 38.02 15.31
w/o rel 65.71 21.62 43.22 12.46
Random 47.59 20.85 27.08 11.59

Table 2: Ablation studies. Here, “ett” stands for entity
alignment score, while “rel” stands for reliability score.

Draft B is fully misled and confidently predicts
squid. Both pass the first-stage reliability check,
but in the second stage Draft A achieves a higher
entity alignment score, allowing our framework
to select it as the final answer. These results further
highlight the necessity of the proposed two-stage
verification.

Strategies Model VideoSimpleQA EncVQA

Self Consistent 3B+7B 65.59 29.00
3B+32B 68.63 36.50

Addition 3B+7B 73.91 42.00
3B+32B 87.57 46.39

Invert 3B+7B 73.33 40.10
3B+32B 74.86 41.23

Table 3: Comparison of verification scoring strategies.
We compare three key scoring methods: “Self Consis-
tent”, “Addition”, and “Invert”.

Analysis of Scoring Mechanisms. To study the
impact of verification strategies, we compare three
scoring mechanisms using different model setups,

where “3B+7B” and “3B+32B” denote a 3B draft
model paired with a 7B or 32B verifier. The self-
consistent strategy, adopted from Speculative RAG,
relies solely on the verifier’s internal likelihoods.
The addition strategy directly sums the reliabil-
ity and alignment scores, while the invert strategy
first filters candidates by alignment score and then
ranks them by reliability. As shown in Table 3, the
self-consistent method performs the worst, as its
confidence measure is affected by token length and
fails to capture fine-grained multimodal alignment.
The addition strategy achieves the best overall re-
sults, though imperfect calibration may arise since
reliability and alignment are measured in differ-
ent semantic spaces. The invert approach yields
moderate but unstable gains due to the limited dis-
criminative power of the entity alignment score in
the first-stage filtering.

Analysis of Settings of δ. The tolerance mar-
gin δ in Eq. 13 controls the threshold for select-
ing high-reliability candidates. We evaluate the
impact of different δ values on answer accuracy
to analyze how this parameter affects the perfor-
mance of VideoSpeculateRAG. As shown in Fig-
ure 5, the accuracy on both datasets first increases
and then decreases as δ grows, reaching its peak
when δ = 0.05. Smaller δ values cause the sys-
tem to rely almost exclusively on reliability scores,
leading to more frequent Entity Substitution errors,
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Figure 5: Accuracy variation with different δ values.

whereas larger δ values make the system depend
excessively on entity alignment, resulting in more
Cross-Entity Transfer errors.

Impact of Entity Alignment Models. Our entity
alignment mechanism uses CLIP-based similarity
by default. We additionally evaluate alternative
vision-language embedding models, including dif-
ferent CLIP variants and SigLIP2 (Tschannen et al.,
2025), to assess the flexibility of the approach. Re-
sults show that performance remains comparable
across models, confirming that our method is not
overly dependent on a specific CLIP version. De-
tails are provided in Appendix A.3.

5 Conclusion

In this work, we propose VideoSpeculateRAG, a
multimodal RAG framework that combines spec-
ulative decoding with two-stage answer verifica-
tion, where a lightweight VLM drafts retrieval-
conditioned answers and a stronger VLM calibrates
them to reduce inference latency without sacrific-
ing accuracy. To further enhance reliability, we
introduce an entity-aware verification strategy to
resolve fine-grained entity confusion. Experiments
on VideoSimpleQA and Encyclopedic VQA show
that our method matches or outperforms standard
RAG and alternative speculative methods, achiev-
ing higher accuracy with substantially lower infer-
ence cost. We believe this approach paves the way
for real-time, knowledge-intensive video interac-
tion in future multimodal systems.
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Limitations

For a fair comparison with prior work, we evaluate
VideoSpeculateRAG using widely adopted founda-
tion vision–language models. However, the perfor-
mance of video RAG may be constrained by the
underlying model capability, which we leave for
future investigation. In addition, our experiments
focus on knowledge-intensive video QA datasets,
while real-world scenarios can be more diverse and
complex; extending the analysis to broader tasks
and settings remains an important direction for fu-
ture work.
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A Appendix

A.1 Details of Baseline Models.

All models evaluated in this work are publicly ac-
cessible and obtained from official open sources,
including Qwen2.5-VL-Instruct 3B 1, Qwen2.5-VL-
Instruct 7B 2, Qwen2.5-VL-Instruct 32B 3, Qwen3-
VL-Instruct 4B 4, Qwen3-VL-Instruct 8B 5, Qwen3-

1https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct
2https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
3https://huggingface.co/Qwen/Qwen2.5-VL-32B-Instruct
4https://huggingface.co/Qwen/Qwen3-VL-4B-Instruct
5https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
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VL-Instruct 32B 6, LLaVA-NeXT-Video 34B 7 and
InternVL3 38B 8.

A.2 Analysis of Retrieval Quality

To assess the quality of the retrieval module, we
report Recall@k (k = 1, 2, 3) on both datasets.
As shown in Table 4, retrieval performance on
VideoSimpleQA is strong (Recall@3 = 0.96),
which aligns well with the high downstream accu-
racy of 91.30%. In contrast, retrieval on EncVQA
is more challenging (Recall@3 = 0.52), correspond-
ing to a lower top accuracy of 47.64%. These re-
sults indicate that retrieval quality is a key factor
affecting overall task performance, and improving
retrieval on more difficult datasets remains an im-
portant direction for future work.

Metric VideoSimpleQA EncVQA

Recall@1 0.88 0.38
Recall@2 0.92 0.45
Recall@3 0.96 0.52

Table 4: Retrieval quality measured by Recall@k on
VideoSimpleQA and EncVQA.

A.3 Impact of Entity Alignment Models

To examine the sensitivity of the entity alignment
mechanism to the choice of vision-language embed-
ding model, we compare several CLIP variants, in-
cluding clip-vit-large-patch14-336 9, clip-vit-large-
patch14 10 and clip-vit-base-patch32 11, as well
as SigLIP2 (siglip2-base-patch16-224 12), a cross-
modal entity linking model that enhances CLIP em-
beddings with detection and grounding information.
All experiments use Qwen-2.5VL-Instruct-3B+7B
as the VideoSpeculateRAG backbone. As shown
in Table 5, clip-vit-large-patch14-336 achieves the
best accuracy, while other variants and SigLIP2
yield comparable results, confirming that our entity
alignment mechanism is not overly dependent on a
specific CLIP version and remains effective across
different vision-language embedding models.

6https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct
7https://huggingface.co/llava-hf/LLaVA-NeXT-Video-

34B-hf
8https://huggingface.co/OpenGVLab/InternVL3-38B
9https://huggingface.co/openai/clip-vit-large-patch14-

336
10https://huggingface.co/openai/clip-vit-large-patch14
11https://huggingface.co/openai/clip-vit-base-patch32
12https://huggingface.co/google/siglip2-base-patch16-224

Model Name Emb. Dim. VideoSimpleQA

clip-vit-large-patch14-336 768 82.60
clip-vit-large-patch14 768 81.59
clip-vit-base-patch32 512 79.71
siglip2-base-patch16-224 768 81.19

Table 5: Comparison of different vision-language em-
bedding models for entity alignment on VideoSim-
pleQA.

A.4 Statistics of VideoSimpleQA
Table 6 presents an overview of the VideoSim-
pleQA dataset, including the number of questions,
videos, average video duration, and reference doc-
uments.

# questions # videos Average Video Length(s) # documents

203 102 22.27 156

Table 6: Statistics of VideoSimpleQA.

A.5 LLM Usage
We only use the LLMs for correcting the gram-
mar and improving the phrasing during the writing
process.
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