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ABSTRACT

The task of captioning videos has several applications, such as in defense and security video analysis, human-
robot interaction, a visual tool for the hearing/visually impaired, video summarization, automatic scene de-
scription, and supporting video indexing.1,2 Traditional video caption evaluation has been adopting text-based
metrics such as BLEU, METEOR, and CIDER.3 However, one key limiting feature is that they often fail to
capture the semantic alignment with the visual content, that is, their output does not always align with the im-
age content. Consequently, this limitation was addressed by exploring whether vision-language models (VLMs),
in particular CLIP, ALIGN, and LLAMA 3.2 11B Vision(LLAMA),4 can serve as alternative evaluation tools.
In this work, we propose a reference-free evaluation approach that extracts keyframes from videos, computes
similarity scores between keyframes and captions using VLMs, and analyzes their correlation with traditional
metrics. We used a benchmark dataset of 1,757 videos and 31,626 captioning systems’ outputs. We observe
weak-to-moderate correlations between VLM-based similarity scores and traditional evaluation metrics. Our
findings suggest that while VLMs can capture aspects of semantic alignment that traditional metrics cannot
capture, they are still not able to fully replace conventional approaches just yet.
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1. INTRODUCTION

Evaluating the quality of automatic video captioning models requires large-scale datasets, human annotations,
and robust metrics. Evaluation campaigns such as TRECVID5 have been evaluating video-to-text (VTT) tasks
for several years, using both human annotations and automatic metrics. Annotating videos by humans is a time-
consuming and expensive process. There has also been limited research into whether VLMs can provide reliable
reference-free evaluation based on semantic image-caption alignment. To address this, we explored VLMs, which
integrate visual and textual information to perform tasks. They can take a variety of input modalities, such as
text, images, videos, and generate inferences on those inputs. Traditional evaluation metrics are based on text
comparison, where system-generated captions are compared against reference captions using n-gram overlap or
lexical similarity.6 In contrast, our method performs an image-to-text evaluation using VLMs to process both the
image and the caption. Our goal is to understand (1) whether VLM-based similarity scores correlate with scores
generated by traditional automatic metrics and (2) whether VLMs can replace human-generated annotations.
Our contribution in this paper can be summarized as follows: (1) a novel reference-free evaluation framework
using VLMs, (2) a large-scale study on 1,757 videos and 31,626 captions, and (3) a comprehensive correlation
analysis between VLM-based similarity scorers and traditional evaluation metrics.

The rest of the paper is organized as follows: In section 2, we review the state-of-the-art of video captioning
metrics, section 3 discusses the data and experimental design followed by discussion of results in section 4, and
finally we conclude in section 5.

2. RELATED WORKS

In video captioning research, most automatic evaluation metrics are borrowed from the field of Natural
Language Processing (NLP).7 They have been widely used to assess the performance of video captioning systems,
as they became popular since the launch of the Large Scale Movie Description Challenge (LSMDC) in 2015.8

The methods and metrics in this work can be broadly categorized as reference-based metrics and reference-free
metrics, and they are described next.



2.1 Reference-based metrics:

The Bilingual Evaluation Understudy (BLEU)9 is an automatic evaluation metric that is used in machine
translation and captioning to measure how closely a generated sentence matches human-written reference sen-
tences. It is based on comparing words and phrases that overlap (called n-grams) between the two sentences,
using a modified precision of the n-grams, which is the proportion of the matched n-grams out of the total
number of n-grams in the evaluated translation10 and a brevity penalty factor to penalize candidate sentences
shorter than reference sentences compared to candidate sentences. BLEU scores range from 0 to 1, with higher
scores indicating greater similarity between the candidate and the reference sentences. However, BLEU mainly
focuses on word overlap rather than on observing true semantic meaning. This may lead BLEU to fail to fully
capture how well a sentence conveys meaning.

The Metric for Evaluation of Translation with Explicit ORdering (METEOR)11 was proposed to address the
shortcomings of BLEU. This includes a lack of recall, the use of higher-order n-grams, lack of explicit word-
matching between translation and reference, and the use of geometric averaging n-grams. Using the reference
sentence and the generated sentence, METEOR creates an alignment between the unigrams in the two sentences,
where each unigram maps to 0 or 1 unigram in the other sentence, and to no unigrams in the same sentence.
This alignment is made incrementally through a series of stages. And unlike BLEU, METEOR considers both
precision and recall, as well as stemmed words, synonyms, and word order to better capture semantic meaning.
METEOR often shows a stronger correlation with human judgment compared to BLEU.

The Consensus-based Image Description Evaluation (CIDEr)12 is another automatic evaluation metric specif-
ically designed to evaluate image captioning approaches. Compared to traditional n-gram metrics, CIDEr applies
TF-IDF (term frequency-inverse document frequency) weighting to n-grams. This is used to emphasize informa-
tive and image-specific words while reducing the influence of repeated phrases. This metric computes sentence
similarity using cosine similarity between the reference and generated sentences across unigram to 4-gram levels.
CIDEr has been shown to correlate more strongly with human judgment of semantic relevance than metrics such
as BLEU.

The CIDEr-D12 metric is a modification of CIDEr, used to evaluate image and video captioning approaches.
It was made to help defend against the gaming of the CIDEr metric, as CIDEr might produce sentences with
high scores but low results when judged by a human. Some of the modifications include the removal of stemming,
which can ensure that correct forms and tenses of words are being used, a Gaussian penalty based on the difference
between the two sentences’ length, and adding clipping to the n-gram counts, which limits the contribution of
repeated n-grams once they exceed their frequency in the reference sentence. These modifications make the
metric more stable while maintaining the cosine similarity framework used in CIDEr.

The Semantic Propositional Image Caption Evaluation (SPICE) metric13 improves the classic n-gram-based
caption evaluation. This is done by explicitly modeling human consensus, while also introducing discontinuity
and clipping that make the metric less vulnerable. It was also designed to address the limitations of the previously
stated automatic evaluation metrics. Although SPICE was originally developed for image captioning, it can also
perform video captioning tasks. In SPICE, reference and generated captions are used to create a semantic
scene-graph representation that evaluates meaning rather than surface-word similarity. It focuses on whether
the underlying semantic propositions in a caption correctly describe the image content.

The Semantic Textual Similarity (STS) metric14 evaluates the semantic similarity between the reference
caption and the generated caption. It improves semantic textual similarity by combining Latent Semantic
Analysis(LSA)-based word similarity with lexical knowledge from WordNet.15 Then, it uses this enriched word-
level meaning to power alignment-based and machine learning models for scoring. This allows the system to go
beyond surface-level word matching by capturing semantic relationships.

2.2 Reference-free metrics:

An alternative direction to traditional metrics is metrics based on VLMs. In this work, three different VLMs
were considered, CLIP, ALIGN, and LLAMA, and are described below.

The CLIP16 model, developed by OpenAI in 2021, is defined as a dual-encoder contrastive vision-language
model. It was trained on a dataset of nearly 0.4 billion image-text pairs collected from the internet.17 The CLIP



model takes an image and a caption as inputs and uses image and text encoders to retrieve visual and textual
features. Then, these features are projected onto a shared embedding space, where the dot product of their
embeddings creates a similarity score.18 Figure 1 illustrates the system architecture for CLIP.

The ALIGN19 model, developed by Google in 2021, is also a dual-encoder contrastive vision-language model.
It was trained on a dataset of nearly 1.8 billion images and pairs of alt-text without any filtering and post-
processing20.21 The ‘alt’ attribute is a parameter used in HTML web pages22 to be displayed in place of an
image that cannot be displayed, which formed the basis for the training dataset. The ALIGN model uses a
dual-encoder architecture (one for image and one for text). For image encoding, EfficientNet23 is used, which is
a group of image classification models. For text encoding, BERT24 is used, a bidirectional transformer designed
to predict tokens in a sentence. ALIGN uses these encoders to then encode images and captions into a shared
vector space. ALIGN also uses contrastive learning to push away differing vectors and pull in similar vectors.
This helps the model ignore irrelevant noise and information to make clearer distinctions.

The LLAMA 3.2 11B Vision model,25 developed by Meta in 2025, is built on the LLAMA 3.1 text-only
model, which is a large language model (LLM), and uses a separate vision adapter that feeds image encoder
representations to LLAMA 3.1. The adapter was trained on text-image pairs to align image and language
representations.

Figure 1: System architecture for the CLIP model

2.3 TRECVID benchmarking:

TRECVID5 (The Text Retrieval Conference - Video Retrieval Evaluation) is an annual benchmarking cam-
paign to evaluate content-based video analysis and retrieval systems. TRECVID establishes a large-scale bench-
mark that is crucial to advance video analysis and captioning research. Using task-based evaluations supported
by metrology, the program allows researchers to compare methods fairly. Furthermore, by testing systems an-
nually on fixed datasets, TRECVID provides a reliable reference point for tracking long-term progress in visual
tasks. As evaluation methodologies have evolved alongside these benchmark datasets, several recent surveys26

also describe the rise of MLLMs and how they have changed evaluations. These models combine LLMs with
multi-modal encoders, and together they can reason over multimedia. This allows them to perform caption
generation, visual question answering, and multi-modal evaluation. Although all of these works are extensive,
they lack exploration of reference-free evaluation on a large scale, which is addressed in this work.



3. DATA AND EXPERIMENTAL DESIGN

The data for this work was sourced from the TRECVID video-to-text (VTT) competition,27 which itself
is a subset of a larger dataset called V3C2 (Vimeo Creative Commons Collection 2).28 This dataset included
1,757 videos and each of these videos was about 3 to 15 seconds long. To ensure diversity in the VTT dataset,
9000 videos from the V3C2 dataset were reviewed and 2000 were selected, omitting animated videos, videos that
were too similar to previous videos, or videos considered inappropriate or offensive. Because of time constraints,
only 1,757 videos were fully annotated and selected for this work. All ground-truth captions for the videos were
produced by human annotators hired by NIST: one caption per video per annotator. In total, each video had
five captions.

Teams participating in the VTT challenge were given the testing video dataset and were asked to submit one
sentence describing each video focusing on four facets: Who, What, Where, and When. This is to essentially
describe who in the video is doing what kind of action, and if possible, to include the location type and time or
season. Each one of these videos had one caption per system submitted for the competition and one confidence
score per caption, though the confidence score was not used in this analysis. There were 18 competing captioning
systems, resulting in 31,626 (1,757 x 18) captions. Only a few teams utilized the audio features, as the vast
majority of submitted systems relied solely on visual features.

In this work, we used three VLMs to generate scores for each of the 31,626 captions, which resulted in 94,878
(31626 x 3) individual scores. These scores were then compared to metric scores created by BLEU, METEOR,
CIDER, CIDERD, SPICE, and STS. See Figure 2 for the system architecture adopted in this work.
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Figure 2: Evaluation framework for video captioning evaluation using traditional metrics v.s. VLM-based
semantic similarity

3.1 Data preparation for use with VLMs:

To improve the throughput of this work, keyframes from the video were extracted, instead of extracting
every video frame. Keyframes are complete images within a video file , whereas other frames in the video only



(a) Caption: A woman’s hand with red nail polish is point-
ing to a switch on a control panel (Scores: CLIP = 0.310;
ALIGN = 0.131, LLAMA = 0.183 )

(b) Caption: A large flock of birds are sitting on a power
line (Scores: CLIP = 0.308; ALIGN = 0.209; LLAMA =
0.277)

(c) Caption: A woman paints a skull on a canvas (Scores:
CLIP = 0.355; ALIGN = 0.192; LLAMA = 0.259)

(d) Caption: A man with a backpack walks down a street
with a sign on his back (Scores: CLIP Score = 0.168;
ALIGN = 0.156; LLAMA = 0.230)

Figure 3: Illustration of keyframes, their captions from a “Cogvlm” captioning system and similarity scores

store visual changes from these keyframes. The keyframes were extracted from the videos using FFMPEG29

which resulted in about 1-6 keyframes per video, with most videos resulting in two keyframes. Additionally,
the keyframe dimensions were scaled down to 224 x 224 pixels, the contrast normalized and converted to Red-
Green-Blue (RGB) format. This was the requirement of the VLMs being employed in this work. These image
transformations enable us to place pixel values on a standardized scale consistent with the inputs of pretrained
vision model, reducing the effects of brightness and intensity differences across images.

Further, a smaller variant of LLAMA was used in this work to fit the hardware memory constraints, namely
the LLAMA 3.2 11B Vision model.25 This was the smallest multi-modal vision language model produced by
Meta. The CLIP and ALIGN models did not require smaller variants. ALIGN was the fastest of the three
VLMs in our evaluation, processed using a computer with a NVIDIA RTX 4060 GPU; CLIP was slower than
ALIGN by a factor of approximately 10; LLAMA’s evaluation was approximately 100-1000 times slower than
ALIGN. While LLAMA provides a general-purpose multi-modal capability, its higher inference time makes it
less practical for evaluating thousands of captions. However, ALIGN’s lower inference times make it a better fit
for large-scale evaluation. This suggests that when selecting a model for reference-free evaluation, one should
consider both the semantic performance and computational efficiency.

3.2 Analyzing keyframes and generation of similarity scores:

The keyframe images of the video and the captions of the captioning systems were the input to the VLM,
which produced similarity scores for each keyframe-caption pair (see fig. 2). To represent video-level similarity,
we used the maximum similarity score across all keyframes. This helped reflect the strongest semantic match
between the keyframe and the caption (the maximum is used because it captures the best semantic alignment



and avoids penalizing irrelevant or noisy frames). In the end, 1,757 similarity scores were produced for each pair
of VLM-captioning systems. There were a minor fraction of cases where the VLM failed to produce any similarity
scores, however, this did not influence the Pearson r values (evidenced by the low p-values corresponding to the
r values).
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Figure 4: Pearson r correlation of traditional metrics against those of the VLM models
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Table 1: Correlation between the three VLM metrics

ALIGN CLIP LLAMA

ALIGN 1.000 0.778 -0.026
CLIP 0.778 1.000 0.096

LLAMA -0.026 0.096 1.000

3.3 Comparison of similarity scores:

To ensure the reliability of the outputs from multiple VLMs, we performed manual sanity checks. These sanity
checks involved manually reviewing high- and low-scoring videos and their corresponding scores. No corrective
measures were performed, as all these sanity checks proved that the scores were appropriate for the videos. The
correlation was calculated between system runs (n = 18) using the formula given in equation 1,30 where x and
y represent the similarity scores produced by two different methods and x̄ and ȳ represent the averages of the
respective similarity scores.

Figure 3 shows multiple keyframes from the dataset used in this work. The caption generated by one system
(Cogvlm) was used with the VLMs to generate the similarity scores, which are provided under each keyframe.
Figure 4 shows the Pearson r correlation values between VLMs and the traditional metrics for captions produced
by all 18 captioning systems. Figure 5 shows the same information as a heatmap. Table 1 shows the correlation
between the VLM metrics for the similarity scores from all 18 captioning systems. It can be shown that ALIGN
and CLIP have a strong correlation, LLAMA and CLIP show a very weak correlation, and ALIGN and LLAMA
show a slight negative correlation.

4. RESULTS AND DISCUSSION

Across the three VLM-based tools, ALIGN consistently shows the strongest alignment with traditional cap-
tioning metrics, achieving moderately positive Pearson correlations (≈ 0.072 – 0.376) with BLEU, METEOR,
SPICE, and the multiple STS metrics. The highest r values appear on the tv24 kslab submission (r≈0.301 -
0.376). One likely explanation for these findings is the underlying architecture and training objectives of the
three models. ALIGN and CLIP employ similar dual-encoder architectures trained using contrastive learning
to project images and text into a shared embedding space, optimizing almost identical image-text similarity
objectives. Because of this, the strong correlation observed between ALIGN and CLIP in Table 1 is expected,
since both models represent visual and textual information in comparable ways despite differences in scale and
implementation. However, ALIGN consistently achieves stronger correlations with traditional captioning metrics
than CLIP. A likely reason is the substantially larger pretraining dataset used by ALIGN. ALIGN uses a dataset
of 1.8 billion image-text pairs compared to 0.4 billion image-text pairs for CLIP. This can likely produce more
robust image-text similarity representations. In contrast, LLAMA shows little to no positive correlation with
traditional metrics nor the other VLMS. Unlike ALIGN and CLIP, LLAMA is a general-purpose multi-modal rea-
soning model that uses an adapter-based architecture and is trained through a multi-stage multi-modal learning
process rather than contrastive learning. Rather than learning embeddings specifically optimized for image-
text similarity, LLAMA integrates visual information primarily to support language reasoning. Consequently,
its weaker agreement with both traditional captioning metrics and contrastive VLMs reflects the differences in
architecture and training objectives rather than a limitation of multi-modal reasoning.

These patterns hold despite missing scores in the datasets that reduce sample sizes; This indicates that all
three VLM-based tools have weak correlation with traditional caption-evaluation scores, of which ALIGN is the
most reliable.

Finally, the three tested VLMs varied in their correlation among themselves, with the strongest agreement
between the CLIP and ALIGN models.

5. SUMMARY

In this work, we have evaluated three VLMs, namely ALIGN, CLIP, and LLAMA, using 1,757 video keyframes,
captions from 18 captioning systems and 10 traditional evaluation metrics. We observed weak-to-moderate



correlations between VLM-based similarity scores and traditional evaluation metrics. Our findings suggest that
while VLMs can capture aspects of semantic alignment that traditional metrics cannot capture, they are still not
able to fully replace conventional approaches just yet. Moving forward, our future work will focus on refining
similarity aggregation strategies and exploring vision-language model agreement frameworks to develop a more
semantically grounded evaluation methodology for video captioning computational models. We will also focus
on improving the robustness and reliability of VLM-based evaluation through:

• Improved frame sampling strategies.
• Incorporation of temporal modeling to better capture motion and sequence information.
• Ensemble-based evaluation using multiple VLMs to improve stability.
• Hybrid evaluation frameworks combining VLM-based semantic scoring with traditional n-gram metrics.

6. DISCLAIMER

Certain commercial equipment, instruments, software, or materials are identified in this document to specify
the experimental procedure adequately. Such identification is not intended to imply recommendation or en-
dorsement by NIST, nor necessarily the best available for the purpose. The descriptions and views contained
herein are those of the authors and should not be interpreted as necessarily representing the official policies or
endorsements, either expressed or implied, of NIST or the U.S. Government. The National Institute of Standards
and Technology Research Protections Office determined this project is “not human subjects research.”.
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