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Abstract. Imagine sitting in a presentation, trying to follow the speaker
while simultaneously scanning the slides for relevant information. While
the entire slide is visible, identifying the relevant regions can be chal-
lenging. As you focus on one part of the slide, the speaker moves on
to a new sentence, leaving you scrambling to catch up visually. This
constant back-and-forth creates a disconnect between what’s being said
and the most important visual elements, making it hard to absorb key
details—especially in fast-paced or content-heavy presentations, as in
a conference talk. This will require an understanding of slides, espe-
cially text, graphics, and layout. We introduce a method that automat-
ically identifies and highlights the most relevant slide regions based on
the speaker’s narrative. By analyzing spoken content and matching it
with textual or graphical elements in the slides, our approach ensures
better synchronization between what you hear and what you need to
attend to. We explore different ways of solving this problem and as-
sess their success and failure cases. Analyzing multimedia documents is
emerging as a key requirement for seamless understanding of content-rich
videos, such as educational videos and conference talks, by reducing cog-
nitive strain and improving comprehension. Code and dataset available
at: https://github.com/meghamariamkm?2002/Slide Highlight
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1 Introduction

Attending a multimedia presentation often feels like a balancing act—Ilistening
to the speaker while simultaneously scanning the slides for relevant information.
The entire slide is available, yet identifying the most critical regions can be chal-
lenging. As the speaker moves through different aspects of the content, audience
members must quickly locate the corresponding visual elements to fully grasp
the explanation. However, spoken language is fleeting—by the time they find
the right section, the discussion has already moved forward. This misalignment
forces attendees to split their attention between processing speech and searching
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Fig. 1. This illustration highlights the challenge audiences face during presentations in
simultaneously locating relevant content on slides while paying attention to the speaker.
By synchronizing spoken information with corresponding visual elements, cognitive
load is reduced, engagement is improved, and comprehension and retention of key
insights are enhanced.

for visual cues, increasing cognitive effort and making it hard to absorb infor-
mation effectively. Over time, this struggle can lead to information loss, reduced
engagement, and a diminished overall learning experience. Figure 1 illustrates
this challenge.

How do we address this problem? One simple strategy should be to highlight
the relevant regions. However, this is not trivial as we need to work together
with speech and slides. When speakers reference multiple slide elements at once
or fail to visually emphasize key content in sync with their narration, the diffi-
culty becomes even greater. This lack of coordination places an additional cog-
nitive burden on the audience, requiring them to process auditory information
while searching for relevant visuals—ultimately impacting comprehension and
engagement. Research on cognitive load in multimedia learning suggests that an
increased working memory demand can negatively affect learning outcomes [1].
Furthermore, individual differences in how people process multimedia content
play a crucial role—when the presentation format does not align with their pre-
ferred learning style, the struggle intensifies [17].

Solutions to problems like this require comprehensive solutions for multi-
modal document understanding. At this stage, the modalities are not aligned
at a fine-grained level. There have been many attempts in the past to align
modalities such as movies and scripts, speech and transcripts, and books and
texts [28,5]. In this case, we need to align spoken content with relevant slide
elements to create a seamless and intuitive presentation experience. To validate
the method, we introduce a dataset of conference presentations. The dataset
contains video segments with speech annotated with corresponding speech tran-
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scripts with timestamps, slide layouts, and the text presented on the slide. We
explore multiple methods for aligning the speaker’s narrative with both textual
and visual components of the slides, ensuring that key information is effortlessly
accessible. We hope that research on problems like this will help in a better un-
derstanding of multi-modal documents, leading to many potential applications
in the real world.

2 Related Work

2.1 Human Document Interaction

We as humans increasingly interact with documents today; we have gone well
beyond "reading" books and historical manuscripts. We "watch" videos, such as
educational videos, and learn concepts rather than "reading" books and hand-
written notes as in the traditional educational system [23]. Such visual docu-
ments are rich in content, speech, text, graphics, and annotations. From a doc-
ument understanding point of view, one might want to pass the visual stream
through the layout and textual content. Extensive research in OCR, with appro-
priate adaptation, has been increasingly used. Speech can also be converted to
text with timestamps using Automatic Speech Recognition (ASR) tools [18,3].
In recent years, methods like Whisper have provided high speech-recognition ca-
pability in all languages. However, combining these two modalities is still chal-
lenging. Audio-visual processing of videos has been receiving attention in recent
years [20,21,16,15].

Though the accuracies of speech recognition have been rapidly improving
with better and better performance, technical presentations could pose newer
challenges to commercial ASR systems, as the script could contain technical terms
that are unique to a domain. A typical international conference today also sees
diverse accents, including those that commercial systems are not well trained for.
This is also true for OCR systems that can be used for parsing slides. Though
OCRs and ASRs have been commercially available with good accuracies, there
is a need to improve their accuracies with domain-specific techniques such as
post-processing. In the past, researchers have used lexicons and LLMs for post-
processing recognition outputs [13,12,14].

2.2 Understanding Slide Documents

Presentations are essential for education and information sharing, with slides
complementing the talk. Research has focused on analyzing slides to improve
their structure and accessibility. Competitions such as the Page Segmentation
Competition [2] and ICDAR 2017 RDCL [7] have set benchmarks for layout anal-
ysis, while the ICDAR 2023 competition on structured text extraction [27] em-
phasized the challenge of extracting meaningful text from complex documents,
particularly under zero-shot and few-shot conditions. A key aspect of slide anal-
ysis is layout understanding, which involves identifying distinct regions like text,
images, and charts while maintaining semantic coherence. Deep learning-based
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approaches have significantly advanced this field. Yang and Hsu (2020) [20] in-
troduced SLLD, a CNN-based model that approaches segmentation as an object
recognition task, outperforming traditional methods. Expanding on this, Yang
and Hsu (2022) [25] developed TRDLU, a transformer-based model that classifies
slide content more accurately using an encoder-decoder framework. Beyond digi-
tal slides, real-world applications have been explored. WiSe [10] enables segmen-
tation from live slide photos, allowing structured information extraction even in
dynamic settings such as conferences and classrooms. Information retrieval tech-
niques further enhance slide accessibility. OCR-based slide retrieval [9] achieves
accuracy levels comparable to traditional electronic document search. Addition-
ally, video-based frameworks dynamically analyze slide content. The SlideVQA
dataset [22], consisting of over 2,600 slide decks and 52,000 images, supports
complex reasoning tasks. A document VQA model integrating evidence selec-
tion and question answering has also surpassed previous approaches, though it
still lags behind human comprehension. With advancements in deep learning,
multimodal processing, and enriched datasets, research continues to refine slide
analysis techniques, bringing us closer to machine-level document understanding.

2.3 Alignment in Document Understanding

Aligning different modalities has been a fundamental tool in various document
understanding tasks. One successful application is word-spotting, where text is
matched with word images using Dynamic Time Warping (DTW) and Hidden
Markov Models (HMM) [19]. Alignments have also been used to create anno-
tated data by linking document images with paragraphs and pages of text. Such
alignments enable scalable and cost-effective annotation of words, facilitating the
rapid development of recognition algorithms with minimal human supervision.

It is very common today to align videos with transcripts to create temporal
annotations, aiding in retrieval and weakly supervised captioning [5]. For exam-
ple, books are often aligned with movies [28]. Fine-grained alignment can help
in many challenging annotation tasks, such as phoneme recognition and sign
language translation [5].

Matching is also carried out across languages and modalities. Matching is
also tried with the help of semantic similarities. For example, a word in one
language could be matched (or aligned) with i) a word written in a different
font or by a different person, ii) a synonym of the word appearing in print or
handwritten form, iii) an equivalent word appearing in a different language, iv)
the word appearing in speech, v) the word or associated object appearing in a
video stream.

3 Methodology

This work presents a framework for aligning spoken content with presentation
slides to enhance audience engagement. By establishing a clear correspondence
between speech and visuals, the approach promotes better comprehension and



Attend to what I say: Highlighting relevant content on slides 5

reduces cognitive load during presentations. Below, we describe our method in
detail.

3.1 Problem Definition

Given a presentation slide and its corresponding speech, the objective is to es-
tablish a correspondence between the spoken content and specific regions of the
slide. This involves mapping the speech to relevant areas within the slide. As
illustrated in Figure 2, the alignment module utilizes the outputs of OCR and
ASR for alignment. Once the relevant slide regions are identified, the results are
passed to the highlighting module, from which a specific visualization can be
selected for presentation.
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Fig. 2. This figure illustrates the pipeline of our method. The Alignment Module takes
OCR-extracted text and ASR-generated transcripts as inputs to establish correspon-
dences between spoken and visual content. These aligned results are then passed to the
Highlighting Module, from which a suitable visualization can be chosen to highlight
the relevant slide content.

3.2 Dataset

Data Collection: We curated a dataset comprising 14 presentation videos
from NeurIPS 2022 and ICML 2023 conference presentations available on the
SlidesLive platform. Each slide is paired with its corresponding audio segment
and transcript. The dataset consists of 150 slides, encompassing diverse visual
and textual elements such as figures, equations, tables, and text in various
fonts and sizes. Figure 3 presents a selection of representative samples from
our dataset, illustrating the diversity in both visual and textual content.
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Statistics: The total duration of the dataset exceeds one hour. Figure 5 il-
lustrates the distribution of presentation slides based on the duration of their
corresponding audio segments, highlighting that most slides are associated with
audio segments lasting between 10 and 20 seconds. The slide text corpus con-
tains 7,466 unique alphabetical words, while the transcript text comprises 6,708
unique alphabetical words. Additionally, Figure 4 provides statistics on the au-
dio segment durations, word count in OCR, and word count in ASR, including
the minimum, maximum, average, and median values. This dataset serves as a
valuable resource for evaluating the approach discussed below.
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Fig. 3. This figure showcases a set of presentation slides from our dataset. The dataset
consists of slides with varying layouts, color schemes, and content structures, reflecting
the diversity of real-world academic and professional presentations.
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3.3 Recognizing text in slides and speech

Presentation slides often contain structured layouts with tables and dense text,
making accurate segmentation critical for aligning visual and spoken content.
We use Amazon Textract! for its OCR and layout analysis capabilities, enabling
precise segmentation into meaningful regions. For speech, we employ WhisperX
[3], which achieves low error rates (CER = 0.0129, WER = 0.0297; see Table 1),
though it struggles with technical terms, speaker names, and accents (Figure 6).
While Textract handles structured content well, open-source OCR tools like
Tesseract often fail on multi-line text, complex fonts, or embedded figures (Fig-
ure 7), underscoring the need for advanced OCR like Textract.

‘ CER WER Edit Distance Precision Recall F1-score

WhisperX|0.0129 0.0297 1.0327 0.9745 0.9718 0.9731
Corrected |0.0366 0.0832 3.3224 0.9287 0.9266 0.9271

Table 1. Comparison of ASR performance before and after post-correction using OCR.
Metrics include Character Error Rate (CER), Word Error Rate (WER), Edit Distance,
Precision, Recall, and F1-scoOrRE. WhisperX represents the original ASrR output, while
"Corrected" refers to the ASR output refined using 0CR-based post-correction.

3.4 Alignment of speech and text

Our approach matches OCR-extracted text from slides with ASR-generated tran-
scripts to identify relevant slide regions corresponding to spoken content, as
illustrated in Fig. 8. There are two broader methods for matching: (1) String
Matching: which identifies exact or near-exact textual correspondences, and (2)
Semantic Matching: which leverages contextual similarity to establish meaning-
ful associations between spoken content and visual elements. We will discuss
these methods in more detail below.

String Matching One straightforward method for matching OCR and ASR outputs
is fuzzy matching. This approach relies on identifying textual similarities, even in
the presence of minor differences such as spelling errors, word order variations, or
formatting inconsistencies between the spoken content and the slide text. While
effective for simple matches, the accuracy of this method may decrease in more
complex scenarios where the alignment is less direct.

Semantic Alignment

Semantic Embeddings: A more advanced approach is to use semantic sim-
ilarity for aligning transcript lines to slide regions. This method compares the
semantic embeddings of the transcript lines with the OCR-generated text of slide

1 ny /
https://aws.amazon.com/textract,
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P
GT: To bridge the gap, we released METS-CoV data set.

Original: To bridge the gap, we released MassCov data set.

L Corrected: To bridge the gap, we released MEETS-CoV data set.

GT: Hey, everyone, I'm Peilin Zhou.
Original: Hey, everyone, I'm Pei Leng Zhou.
Corrected: Hey, everyone, I'm Peilin Zhou.

( GT: Tulane incorporates balanced and domain randomized images from simulation as
the source domain and the well-known TuSimple dataset as the target domain.
Original: Tulane incorporates balanced and domain randomized images from
simulation as the source domain and the well-known to simple data set as the target
domain.

Corrected: Tulane incorporates balanced and domain randomized images from
simulation as the source domain and the well-known TuSimple dataset as the target
(_domain.

J\

( GT: In total, there are 45 unique blocks leading to a search base size of more than
91,000 models.

Original: In total, there are 45 release blocks leading to a search base size of more
than 91,000 models.

Corrected: In total, there are 45 unique blocks leading to a search base size of more
|_than 91,125 models.

J\.

GT: This can be attributed to the lack of publicly available data
Original: This can be attributed to the lack of publicly available data
L Corrected: This can be attributed to the lack of publicly available datasets.

Fig. 6. Comparison of ASR-generated text (GT) with the original and ocr-guided cor-
rected versions.

regions. Unlike fuzzy matching, which relies on surface-level text similarity, se-
mantic similarity captures the underlying meaning of the content, allowing for
more robust alignment even in the presence of paraphrasing or significant lex-
ical variation. To achieve this, we employ a variety of pre-trained models that
generate semantic embeddings.

MiINILM[24]: A lightweight, efficient model known for producing high-quality
sentence embeddings that capture the semantic meaning of the text.

SCI-BERT [1]: A specialized BERT-based model fine-tuned on scientific literature,
making it well-suited for technical and domain-specific content often found in
academic and professional presentations.

SPECTER [3]: A model trained on scholarly documents to generate embeddings
that are particularly effective in capturing the relationships and semantic struc-
tures within academic and scientific text.

LLM: LLMs such as Flan-T5 and Qwen-Instruct 2.5 are utilized for further
enhancing the alignment process, in addition to above mentioned semantic em-
bedding models.

Flan-T5 [6]: An instruction-tuned version of the T5 model (Text-to-Text Transfer
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Fig. 7. Comparison of OCR results from Tesseract (red) and aws Textract (blue) on
slides with complex layouts.

Transformer), Flan-T5 excels at following specific instructions, making it highly
suitable for post-processing tasks. We go through each ocr region and ask Flan-
T5 whether the ocr region is relevant to the transcript line as a yes/no question
for a given transcript line.

Qwen-Instruct 2.5 [11]: A powerful language model that excels in instruction-
following tasks. In this approach, the model is presented with a transcript line
along with the OCR outputs from all slide regions, and its task is to select the
most relevant slide regions for the given transcript line.

For our dataset, the best thresholds were: Fuzzy (textual: 0.45), S-BERT
(textual: 0.55), SPECTER (textual: 0.85), and Sci-BERT (textual: 0.75), each
achieving the highest Fl-score for its respective method. Since optimal thresh-
olds may not be known beforehand, we used three general-purpose threshold
settings—T-1 (textual: 0.8, visual: 0.6), T-2 (textual: 0.7, visual: 0.6), and T-3
(textual: 0.6, visual: 0.6)

3.5 Highlighting Regions

With the correspondence between the speech and slide regions established, the
next step is to visualize the relevant slide regions in alignment with the spoken
narrative. Several approaches can be used, such as drawing a box around the
region, shading it with a distinct color, magnifying or enlarging the area of
interest, or completely removing non-essential slide content. If the goal is to
allow users to follow the speech while focusing on the highlighted regions but
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Fig. 8. The figure illustrates the different categories in the matching module and how
they function for an given example.

still explore other parts of the slide, then hiding the background content may
not be a suitable choice. However, if the slide contains multiple distinct sections
covering different topics that are not related to each other, removing irrelevant
regions may be a more effective approach to maintaining clarity and focus.

3.6 Using OCR to improve ASR accuracy

ASR in presentations often misinterprets technical or domain-specific terms, af-
fecting alignment accuracy. To address this, we employ a prompt-based LLM ap-
proach that leverages slide context to refine ASR output. We use Qwen,/Qwen2.5-
1.5B-Instruct2 [?] with both transcription and slide text as input to correct mis-
spellings and improve recognition of key terms. As shown in Fig. 6, this enhances
the accuracy of domain-specific content identification.

4 Evaluation

4.1 Metric

Correctness Score: The Correctness Score (S.) evaluates how accurately the
identified slide regions match the corresponding transcript content. A high score
indicates that most detected regions align correctly with the transcript, while a
low score suggests errors, such as incorrect regions being identified or excessive
regions being detected for a given transcript line. If no predictions are made for
a transcript line, the score is automatically set to 1. The Incorrectness Score,
defined as 1 — S,, represents the proportion of incorrect alignments.

Missing Score: The Missing Score (S,,) measures how many relevant slide
regions were overlooked during alignment. A high missing score suggests that
relevant regions were not detected, leading to incomplete alignments. It is the
ratio of missing alignments in the prediction to the total number of expected
alignments for a transcript line. If no alignments are needed for a transcript line,
the score is set to 0.
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Fig. 9. llustration of different techniques for highlighting relevant regions in presenta-
tion slides, including transparent bounding boxes, color overlays, content removal, and
magnification of key areas.

F1-Score: To compute the F1-Score, both precision and recall must be de-
fined. Recall is given by 1—5,,,. Precision is defined as the proportion of correctly
predicted regions among all predicted regions. It is important to note that pre-
cision is not equivalent to the Correctness Score. If no predictions are made for
a given transcript line, the precision is defined as zero.

4.2 Results

OCR and ASR Matching Results

Qualitative Results: Semantic alignment demonstrates good performance in
mapping spoken content to visual slide regions. As shown in Figure 10, T5 effec-
tively links transcript lines to their corresponding areas on the slide. To better
understand the behavior of alignment models, Figure 11 presents an analysis
of Flan-T5 across four representative cases: (1) perfect alignment with S, = 1,
Sm = 0; (2) perfect correctness with additional mismatches (S, =1, S,, = 0.6);
(3) perfect missing score with partial correctness (S. = 0.66, S,, = 0); and
(4) a failure case where predictions are made despite no true match (S, = 1,
Sm = 0). Interestingly, S-BERT T-3 achieves the best F1 score overall. This
performance arises from the fact that while LLMs like T5 and Qwen are context-
aware and can handle complex semantic matches, they sometimes misinterpret
generic phrases, which leads to incorrect region predictions. For example, Qwen
associates phrases like “That’s all” or “Thank you for your attention” with con-
clusion sections, while T5 aligns them with the “Summary” label, as illustrated
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Fig. 10. The figure illustrates the method’s output, with each transcript line and its
corresponding slide region highlighted in the same color.
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Fig. 11. t5-based alignment results across three examples: the first shows perfect cor-
rectness and missing scores (S. = 1,5, = 0); the second has perfect correctness
(Sc = 1); and the third has perfect missing score (Sp = 0).
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in Figure 12. On the other hand, simpler baselines like Fuzzy rely on near-exact
string matches and tend to make fewer predictions. This conservative behavior
results in inflated correctness scores (e.g., S. = 1) when no match is predicted,
even if relevant matches are missed. The missing score component helps account
for such omissions, providing a more balanced evaluation of alignment quality.

_» Summary

In this study,

* We quantitatively examine the concept-emerging phenomenon of a DNN from four
perspectives.

* Extensive empirical studies have verified that a well-trained DNN usually encodes sparse,
transferable, and discriminative interaction concepts.

* These experiments also prove the faithfulness of the interaction concepts extracted
from DNNs.

- Besides, we also discussed three cases in which a DNN is unlikely to learn

transferable concepts.
5 '

Fig. 12. The figure shows that for "That’s all," T5 highlights blue and Qwen highlights
yellow; for "Thank you for your attention," T5 highlights blue and Qwen highlights
green.

Quantitative Results The effectiveness of the proposed alignment method
is evaluated using the Correctness Score (S.) and Missing Score (S,,), as pre-
sented in Table 2. Fuzzy matching consistently achieves the highest correctness
(Se =~ 0.99); however, it suffers from high missing scores, particularly at T-1
(Sm = 0.663), due to its inability to detect more difficult matches. In con-
trast, embedding-based methods such as Sci-BERT and SPECTER perform poorly
overall, with correctness scores decreasing sharply across thresholds. Among the
evaluated methods, MiniLM T-1 yields the best F1 score, followed closely by T5.
LLM-based models offer a better balance between correctness and missing: Flan-
T5 achieves S, = 0.687 and .S,,, = 0.272, while Qwen-2.5 shows higher correctness
(S. = 0.843) at the cost of a higher missing score (S, = 0.490). When compar-
ing alignments on original (ASR) versus corrected transcripts, LLMs like Qwen
benefit in correctness (e.g., a gain of +0.084 in S.), and most methods exhibit
improved missing scores. Overall, while fuzzy matching excels at exact match
scenarios due to its high correctness, LLMs demonstrate more robust semantic
alignment capabilities, particularly when provided with corrected input.
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Method Avg S. Avg S, Avg Fi Avg S. (W) Avg S, (W) Avg Fi (W)

Fuzzy [T-1] 0.998 0.663  0.254 1.000 0.673 0.246
Fuzzy [T-2] 0.998 0.603  0.307 1.000 0.617 0.295
Fuzzy [T-3| 0.989  0.525  0.364 0.989 0.526 0.360
s-BERT [T-1]  0.983 0.578 0.335 0.993 0.624 0.299
Ss-BERT [T-2] 0.943 0.460  0.403 0.966 0.507 0.373
S-BERT |T-3] 0.868  0.372  0.429 0.902 0.391 0.430
Sci-BERT [T-1] 0.524  0.356  0.280 0.636 0.474 0.279
Sci-BERT [T-2] 0.313  0.169 0.254 0.307 0.169 0.252
Sci-BERT [T-3] 0.222  0.056  0.003 0.219 0.053 0.220
SPECTER [T-1] 0.318 0.139  0.277 0.322 0.159 0.276
SPECTER [T-2] 0.211 0.035 0.219 0.211 0.0345 0.220
SPECTER [T-3] 0.174 0.010 0.191 0.175 0.011 0.191
TS5 0.687  0.272  0.420 0.680 0.314 0.400
Qwen2.5 0.843 0.490 0.342 0.845 0.499 0.323

Table 2. Comparison of the average correctness score S. and the average missing score
S, for different alignment methods under varying threshold settings. W denotes results
obtained using the original transcript before correction. T-1, T-2, and T-3 represent
different threshold values for textual and visual regions: T-1: Textual region threshold
= 0.8, Visual region threshold = 0.6, T-2: Textual region threshold = 0.7, Visual region
threshold = 0.6 T-3: Textual region threshold = 0.6, Visual region threshold = 0.6

Results of ASR Post-Correction with oCR Guidance: Table 1 presents a
comparison of the ASR performance before and after correction. The evaluation
was conducted on a subset of the dataset, consisting of 96 samples. Notably,
the corrected ASR exhibits an increase in Character Error Rate (CER) and Word
Error Rate (WER) compared to the original version. This increase is attributed
to the OCR-guided correction process, which enforces alignment with the ex-
tracted text from slide images. A closer examination of Fig. 6, particularly the
last two examples, illustrates the nature of these corrections. In the third exam-
ple, the corrected ASR transcribes the number as 91,125 instead of 91,000. This
discrepancy arises because the speaker provided an approximate figure during
the presentation, whereas the OCR correction enforces the exact value present
in the slide. Similarly, in the fourth example, the word "data" is replaced with
"datasets" due to OCR guidance, aligning the ASR output with the textual con-
tent extracted from the slides. Despite such variations, these corrections are
beneficial for our task. The adjustments ensure better alignment with the visual
content of the slides, aiding in the accurate localization of relevant information.
Furthermore, as seen in the first three examples of Fig. 6, 0CR-guided correction
enhances the accuracy of technical terms and key concepts, thereby improving
the overall quality of the transcription in a technical presentation setting.
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Category A B C

Magnifying/emphasizing 14.70 61.76 22.05

Bounding box 83.82 8.82 4.41

Shading 57.35 10.29 32.35

Hiding the background 38.23 14.07 47.05

Total 49.26 24.26 26.47

Fig. 13. User preference rating across Fig. 14. Distribution of user prefer-
different highlighting methods (all val- ences across four different highlighting
ues in percentage). methods.

5 User Study

We conducted a user study with 33 participants (Graduate, MS, PhD, and those
pursuing MS/PhD) to evaluate four highlighting techniques. Each participant
viewed six video clips (avg. 35.03s), sampled from the middle of presentations
to simulate joining midway. After each clip, participants chose one of the follow-
ing: A) The highlighting was useful — I preferred having the highlighting. B)
I didn’t mind whether the highlighting was present or not. C) I did not prefer
the highlighting — I would rather watch the video without it. At the end, they
indicated their most preferred technique and explained why. The results (Fig-
ure 14) showed bounding boxes were most preferred. Users found them effective
for emphasizing key content while preserving full-slide visibility. Shading drew
attention, but some noted it reduced readability by dimming the background.
Magnification was least favored—while helpful for small text, it often obscured
context and made focus areas unclear. Hiding was generally disliked, as users
preferred being able to glance at surrounding content, though some appreciated
its ability to reduce distractions. As summarized in Table 13, about 50% of par-
ticipants preferred highlighting, especially when joining midway. Highlighting
helped users catch up and stay focused, though its effectiveness depended on
balancing emphasis with slide visibility.

6 Conclusion

We explore aligning speech with slide content using OCR and ASR matching,
focusing on identifying where to direct attention during a presentation. We
evaluated performance using the Correctness Score (S.), Missing Score (S,,),
and F1 score. We further explored string matching, semantic embeddings, and
LLM-based approaches for deeper alignment. Future directions include leveraging
vLMs for spatial and non-verbal references, and enabling real-time alignment in
live scenarios.
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